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ABSTRACT 

            This dissertation explores optimal energy management strategies for battery 

energy storage system (BESS)-integrated microgrids, addressing both grid-connected 

and isolated microgrid scenarios. The research is motivated by the increasing 

integration of renewable energy sources, such as wind and solar, which introduce 

uncertainty and challenges in maintaining grid stability. As a result, an increasing 

number of BESS are being incorporated into the system to facilitate the seamless 

integration of renewable energy sources. However, degradation remains an inevitable 

challenge, posing difficulties in accurately modeling and predicting the condition of 

key BESS components, especially the widely used Lithium-ion batteries. 

            To address this issue, a data driven method to predict the battery degradation 

per a given scheduled battery operational profile is investigated. Particularly, a neural 

network based battery degradation (NNBD) model is proposed to quantify the battery 

degradation with inputs of major battery degradation factors. When incorporating the 

proposed NNBD model into microgrid day-ahead scheduling (MDS), it creates the 

proposed battery degradation based MDS (BDMDS) model that can consider the 

equivalent battery degradation cost precisely. Since the proposed NNBD model is 

highly non-linear and non-convex due to the rectified linear unit (ReLU), BDMDS 

would be very hard to solve. To address this issue, a neural network and optimization 

decoupled heuristic algorithm is proposed here to effectively solve this neural network 

embedded optimization problem. 



iv 
 

            An alternative way to solve the BDMDS model is to linearize the NNBD 

model by converting the nonlinear activation function at each neuron into linear 

constraints, which enables BDMDS to become a linearized BDMDS model. In 

addition, ReLU linearization approximation methods and sparse computation models 

are implemented to further improve the algorithm efficiency while retaining solution 

quality. 
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NOMENCLATURE 

                Sets and indices: 

𝑆𝑆𝐺𝐺 Set of controllable generators. 

𝑆𝑆𝑇𝑇 Set of time intervals. 

𝑆𝑆𝑆𝑆 Set of energy storage systems. 

𝑆𝑆𝑊𝑊𝑊𝑊 Set of wind turbines. 

𝑆𝑆𝑃𝑃𝑃𝑃 Set of PV systems. 

𝐾𝐾+(𝑛𝑛) Set of lines with bus n as receiving bus. 

𝐾𝐾−(𝑛𝑛) Set of lines with bus n as sending bus. 

𝐾𝐾 Set of lines. 

Ω Set of Scenarios. 

𝐼𝐼 Set of Inverters. 

𝑇𝑇 Set of time periods. 

𝑁𝑁 Set of buses. 

𝜔𝜔 Scenario index 𝜔𝜔. 

𝑔𝑔 Generator 𝑔𝑔. 

𝑘𝑘 Line 𝑘𝑘. 

𝑡𝑡 Time 𝑡𝑡. 

𝑛𝑛 Bus 𝑛𝑛. 

𝑠𝑠 Battery energy storage system 𝑠𝑠. 
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                Parameters: 

𝑐𝑐𝑔𝑔 Linear operation cost for generator 𝑔𝑔. 

𝑐𝑐𝑔𝑔𝑁𝑁𝑁𝑁 No load cost for generator 𝑔𝑔. 

𝑐𝑐𝑔𝑔𝑆𝑆𝑆𝑆 Start-up cost for generator for generator 𝑔𝑔. 

∆𝑇𝑇 Length of a single dispatch interval. 

𝑃𝑃𝑔𝑔𝑚𝑚𝑚𝑚𝑚𝑚 Minimum output limit of generator 𝑔𝑔. 

𝑃𝑃𝑔𝑔𝑚𝑚𝑚𝑚𝑚𝑚 Maximum output limit of generator 𝑔𝑔. 

𝑃𝑃𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚 Minimum charge/discharge power of BESS s. 

𝑃𝑃𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚 Maximum charge/discharge power of BESS s. 

𝑃𝑃𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚 Long-term thermal line limit for line 𝑘𝑘. 

bk Susceptance of line 𝑘𝑘. 

𝑃𝑃𝐿𝐿𝑡𝑡 Load demand at time period t. 

𝐸𝐸𝑠𝑠𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 Initial energy capacity of BESS s. 

𝐸𝐸𝑠𝑠𝑀𝑀𝑀𝑀𝑀𝑀 Maximum energy capacity of BESS s. 

𝐸𝐸𝑠𝑠𝑀𝑀𝑀𝑀𝑀𝑀 Minimum energy capacity of BESS s. 

𝑐𝑐𝑡𝑡
𝐵𝐵𝑢𝑢𝑢𝑢 Wholesale electricity purchase price in time interval t. 

𝑐𝑐𝑡𝑡𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 Wholesale electricity sell price in time interval t. 
𝜂𝜂𝑠𝑠𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 Discharge efficiency of BESS s. 

𝜂𝜂𝑠𝑠𝐶𝐶ℎ𝑎𝑎𝑎𝑎  Charge efficiency of BESS s. 

𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 Ratio of the backup power to the total power. 

𝜌𝜌𝜔𝜔 Probability of scenario 𝜔𝜔. 
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𝑃𝑃𝑖𝑖,𝑡𝑡𝐼𝐼  Power output from inverter i (solar/wind power). 

𝑓𝑓𝑖𝑖,𝑡𝑡,𝜔𝜔
𝐼𝐼  Failure indicator for inverter i. 

𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐,𝑡𝑡
𝐿𝐿  Critical power load. 

𝑐𝑐ℎ Penalty term for approximation methods. 

𝑊𝑊 Weights matrix of 𝑊𝑊. 

𝑥𝑥h𝑖𝑖  Pre-activated value of neuron 𝑖𝑖 at hidden layer ℎ 

𝑈𝑈𝑈𝑈 Upper bound of pre-activated value. 

𝐿𝐿𝐿𝐿 Lower bound of pre-activated value. 

 

 

                Variables: 

𝑃𝑃𝑔𝑔𝑡𝑡 Output of generator g in period 𝑡𝑡. 

𝑈𝑈𝑔𝑔𝑡𝑡 Commitment status of generator in time period t. 

𝑉𝑉𝑔𝑔𝑡𝑡 Start-up variable of generator in time period t. 

𝑃𝑃𝑘𝑘𝑡𝑡  Flow on line k in time period t. 

𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡  Amount of power purchased from main grid power in time interval t. 

𝑃𝑃𝑆𝑆𝑒𝑒𝑒𝑒𝑒𝑒𝑡𝑡  Amount of power sell to main grid power in time interval t. 

𝑈𝑈𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡,𝑖𝑖  Status of buying power from main grid in time interval t. 

𝑈𝑈𝐶𝐶ℎ𝑎𝑎𝑎𝑎
𝑡𝑡,𝑠𝑠  Charging status of energy storage system s in time interval t. It is 1 if 

charging status; otherwise 0. 
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discharging status; otherwise 0. 
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𝑋𝑋𝜔𝜔 Successful indicator of scenario 𝜔𝜔. 
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1. INTRODUCTION 

1.1 Background 

              The rise in greenhouse gas emissions is the driving force behind global 

warming, which has unleashed a cascade of natural disasters that could have been 

averted. Notably, the power system plays a significant role in this predicament, 

contributing a substantial share of carbon emissions each year [1]. As we set our sights 

on a cleaner, more sustainable future, it's essential to reexamine the traditional power 

system, composed of three main components: generation, transmission, and 

distribution. The generation phase, reliant on coal, natural gas, and fossil fuels, is 

where the majority of carbon emissions stem from, as these sources are burned to 

create the steam that drives turbines, generating power and releasing copious amounts 

of emissions into the atmosphere. 

              To address this environmental challenge and reduce carbon emissions, 

renewable energy sources (RES) have emerged as a transformative force in the power 

system. Their eco-friendly nature stands in contrast to conventional fossil fuels, 

providing clean, sustainable, and unlimited electricity. RES plays a pivotal role in 

curbing greenhouse gas emissions and combating climate change. The primary 

installation of renewable energy sources (RES) in the contemporary energy landscape 

predominantly revolves around wind and solar power. Wind energy harnesses the 

kinetic energy of moving air through the deployment of wind turbines, while solar 

power captures the sun's radiant energy through photovoltaic cells. These two sources 
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have become cornerstones of the global effort to transition towards cleaner, more 

sustainable energy solutions. Their widespread adoption is driven by their remarkable 

environmental benefits, including a substantial reduction in greenhouse gas emissions 

and a diminished reliance on fossil fuels. Moreover, wind and solar power hold 

immense potential in decentralizing energy generation and fostering energy 

independence. As the world strives to combat climate change and create a greener 

energy future, wind and solar power play pivotal roles in redefining the energy 

landscape. In this context, it becomes essential to explore innovative strategies for 

maximizing the utilization and integration of these renewable resources, aiming to 

create a more sustainable and resilient energy infrastructure.  

              However, the increasing use of RES for power generation has introduced 

challenges related to system stability due to the unpredictable and intermittent nature 

of these energy sources. In response to this challenge, battery energy storage systems 

(BESS) are being widely adopted as a practical and effective solution, ensuring a more 

reliable and sustainable power system for the future. Moreover, the existing 

centralized power system's reliance on long transmission lines results in significant 

energy loss due to heat dissipation. A potential solution to this inefficiency lies in 

decentralizing the power system through the implementation of microgrids. 

Microgrids represent localized energy assets that independently meet the energy needs 

of their communities by generating power from local sources.  

              To meet the clean and sustainable power system, the integration of RES and 

BESS within microgrids is becoming more important. Microgrids, often operating as 
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self-contained localized energy networks, must adapt to the challenges of 

incorporating RES and BESS to enhance their reliability, sustainability, and energy 

independence [2]. Achieving this goal necessitates an advanced approach of microgrid 

energy management [3]. This integrated energy management system is the key that 

enables microgrids to efficiently harness the potential of RES and BESS, optimizing 

power generation and distribution while ensuring a stable and resilient energy supply. 

The advanced microgrid energy management, is pivotal in the transition to cleaner, 

more sustainable energy solutions while ensuring grid reliability and adaptability to 

meet the evolving energy trends of the future. 

1.2 Motivations 

              In line with the global trend towards decarbonization policies, the power 

system is undergoing a transformative shift from traditional power systems to modern, 

sustainable alternatives [4]. The United States government has committed to achieving 

net-zero carbon emissions by 2050 [5], catalyzing a substantial reduction in the 

presence of high carbon-emission, traditional power plants within the energy 

landscape. Simultaneously, renewable energy generation is poised for significant 

growth as it aligns with this ambitious goal.  

              In the meanwhile, the electrification of the transportation industry is driving a 

substantial increase in electricity demand. Projections indicate that electricity demand 

is expected to keep increasing. This surge poses a significant challenge, as the power 

system must undergo a dual transformation: transitioning to cleaner energy sources 

while also accommodating this growing demand. In response to this challenge, 
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decentralized power systems, characterized by the proliferation of microgrids, are 

emerging as a solution. Microgrids represent local energy assets capable of 

autonomously fulfilling the energy demands of their respective communities through 

locally generated power sources [6]. Microgrids come in two main forms: isolated 

microgrids and grid-connected microgrids. Isolated microgrids, as the name suggests, 

are self-contained and not connected to the main grid. They are typically deployed in 

isolated regions, such as islands or military bases. On the other hand, grid-connected 

microgrids are interconnected with the main grid through tie-lines, facilitating 

electricity exchange that enhances grid reliability and resilience. They play a pivotal 

role in the realization of a cleaner and more resilient energy future. 

              A typical microgrid comprises key components, including the load sector, 

distributed energy sources, renewable energy resources (RES), and energy storage 

systems. Distributed energy sources encompass a variety of options, such as diesel 

generators, while RES encompass wind, solar, geothermal, hydro, and more. Among 

these, wind farms and solar farms are the most common. However, the inherent 

stochastic and intermittent nature of renewable energy, particularly wind and solar 

power, introduces variability not present in traditional generators. To counteract this 

variability and ensure a stable power supply, energy storage systems (ESS) play a 

critical role. 

            Battery Energy Storage Systems (BESS) is the most installed ESS throughout 

the power system industry. In the current market of BESS, lithium-ion batteries have 

emerged as the primary and widely adopted choice [7]. Yet, these batteries, while 
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offering impressive performance characteristics, are not immune to the inexorable 

process of degradation over cycles of use, a phenomenon that can significantly impact 

their efficiency and overall functionality. The degradation of lithium-ion batteries 

stems from the depletion of Li-ions and electrolyte, coupled with the rise in internal 

resistance [8]. These cumulative effects result in reduced energy capacity during daily 

cycling. Thus, accurately quantifying battery degradation is an urging task, 

particularly when BESS operates in diverse conditions and environments in the power 

system. 

1.3 Summary of contents 

              The rest of this dissertation is structured as follows. Two microgrid energy 

management strategies are presented for grid-connected microgrid in Chapter 2. In this 

chapter, the BESS is integrated to mitigate the fluctuation caused by the renewable 

energy sources of the microgrid, which enables the microgrid become a grid-friendly 

microgrid. Then, a seconded strategy is proposed to make microgrid provide flexible 

grid-microgrid exchange power (trading power) to the grid, which enables the 

microgrid become a grid-supporting microgrid. 

              In Chapter 3, the strategies are proposed for the isolated-microgrid.  A novel 

renewable energy sources system is proposed to replace the traditional electricity 

generation to power the offshore platforms by 100% clean renewable energy with zero 

CO2 emissions. Three resilience models are designed to enhance the reliability of the 

proposed OHRES system by imposing extra power capability and energy storage of 

BESS and/or HESS. Also, this chapter introduces a resilience index, a microgrid 



6 
 

survivability rate (SR) under extreme events, and then proposes a novel Resilient 

Operational Planning (ROP) algorithm to maximize the proposed resilience index SR. 

              In Chapter 4, a data driven method is propose to predict the battery 

degradation per a given scheduled battery operational profile. Particularly, a neural 

network based battery degradation (NNBD) model is proposed to quantify the battery 

degradation with inputs of major battery degradation factors. When incorporating the 

proposed NNBD model into microgrid day-ahead scheduling (MDS), a battery 

degradation based MDS (BDMDS) model is modeled to consider the equivalent 

battery degradation cost precisely. Furthermore, a hierarchical deep learning based 

battery degradation quantification (HDL-BDQ) model is proposed to quantify the 

battery degradation given scheduled BESS daily operations. 

              Chapter 5 discusses that BDMDS model may not be solved directly due to 

high non-linearity of the NNBD model. An iteration method is introduced in Chapter 

4, however, it is not a solution for multiple BESS system, especially in the security-

constrained unit commitment (SCUC) problem. To address this issue, the NNBD 

model is linearized by converting the nonlinear activation function at each neuron into 

linear constraints, which enables BD-SCUC to become a linearized BD-SCUC (L-BD-

SCUC) model. Case studies demonstrate the proposed L-BD-SCUC model can be 

efficiently solved for multiple BESS buses power system day-ahead scheduling 

problems with the lowest total cost including the equivalent degradation cost and 

normal operation cost.   
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              Chapter 6 discuss the computation enhancement of the proposed NNBD 

embedded optimization problem in microgrid day-ahead scheduling. The linearization 

of rectified linear unit (ReLU) has brought a huge computational burden. Thus, several 

ReLU linearization method are proposed to reduce the computational complexity and 

improve the solving efficiency. Also, a sparse neural network structure is proposed to 

reconstruct the NNBD model to reduce the model’s non-linearity.  

              Finally, Chapter 7 concludes this dissertation and presents potential future 

work.   
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2. BESS IN GRID-CONNECTED MICROGRID 

2.1 Literature Review 

Microgrid is a local asset aggregator that coordinates and manages distributed 

energy resources (DERs) in an autonomous and decentralized manner. A networked 

microgrid can operate (i) in a grid-connected mode with the main grid, or (ii) in an 

isolated mode without the main grid. In the grid-connected mode, microgrid remains 

connected to the main grid while importing or exporting power from/to the main grid. 

When there is a disturbance in the main grid that affects microgrid reliability, 

microgrid can switch to the isolated mode which can supply the power by itself. DERs 

include energy storage system (ESS) and renewable energy resources (RESs) such as 

solar photovoltaic (PV) and wind turbines (WT) [9]. Renewable energy resources 

develop rapidly nowadays. The real-time generation of those variable renewable units 

depends on weather situations such as solar irradiation and wind speed and can be 

highly intermittent and stochastic [10]. This leads to uncertainties in addition to the 

load fluctuation in the microgrid, thereby creating serious challenges for microgrid 

energy management [11]. With deployment of a large number of networked 

microgrids with high penetration of distributed RESs, the power grid will encounter 

unprecedented uncertainty spread over the entire plays a critical role in the stability 

and operation of power systems. 

 Microgrid energy management is very important and it has been extensively 

studied in the literature. A microgrid load management is introduced in [12] to 

maintain the balance between generation and load; loads are classified based on 
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whether the loads can be shed or not. However, only the near real-time case has been 

discussed in [12]. A chance constrained approach is proposed to systematically 

incorporate the energy management problem with uncertainties caused by RESs in the 

grid-connected microgrid [13]. Deep recurrent neural network leaning is introduced in 

[14] to minimize the microgrid cost without using information of long-term 

forecasting. A rolling horizon strategy that only covers a single interval is proposed 

here in [15] for RES based microgrid. The cost of microgrid is decreased by updating 

the optimized set points for DERs. Though [12]−[15] propose several effective 

microgrid energy management strategies, they only cover a single time interval in their 

real-time economic dispatch optimization. Single interval dispatch strategies fail to 

consider the variabilities and uncertainties associated with the very next few intervals 

which may affect the cost and reliability. In addition, those strategies ignore real-time 

sub-minute net-load fluctuation and assume the main grid can absorb the fluctuation at 

no cost. However, this could lead to substantial power grid uncertainty and may 

negatively affect system reliability significantly.  

 Microgrid ancillary services provided to the utility grid are discussed in [16], a 

microgrid model is designed to provide the ancillary service (frequency control, 

spinning reserve, and non-spinning reserve) to the grid. In [17], a microgrid model is 

built to provide optimal scheduling to flatten the duck curve. Other technologies such 

as battery energy storage system (BESS) plays an importance role to mitigate the net-

load fluctuation in microgrid as discussed in [18], [19]. A model predictive control 

(MPC) also called rolling horizon method is applied to solve the mixed-integer linear 
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programming (MILP) in [20], [21]. Although several microgrid energy management 

strategies are proposed in [16]−[21], they either focus on providing spinning reserve 

ancillary services to the grid or mitigating the internal fluctuation of microgrid. In 

addition, the proposed strategy in those papers cannot provide grid-supporting services 

that can assist main grid real-time load fluctuation or loss of generation especially with 

rapid growth of RESs. This could weaken the system reliability and lead to a 

substantial blackout. One effective solution to this challenge is to develop a novel 

microgrid energy management strategy to harness the internal net-load fluctuation 

within the microgrid. 

2.2 Grid-Friendly Microgrid 

              Grid-connect microgrid is able to become a grid-friendly microgrid by 

utilizing the proposed strategies that consists of a real-time dispatch (RTD) phase and 

a real-time control (RTS) phase. In the RTD phase, instead of covering a single time 

interval, a rolling horizon based model predictive control (MPC) method that covers 

multiple intervals is applied to reduce the risk of dispatch failure and increase the 

reliability. In the RTC phase, the fast-acting battery energy storage system plays an 

important role of mitigating the net-load fluctuation and maintaining constant 

exchange power flow on the tie-line. As a result, the main grid will not be affected by 

the uncertainties within microgrids. 
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2.2.1 Two-Phase Real-Time Energy Management Strategy 

In the RTD phase, all controllable units follow the on/off status obtained from 

day-ahead scheduling. Model predictive control is applied in this phase to determine 

the optimal dispatch points. In the RTC phase, the fast-acting battery energy storage 

system is adjusted to mitigate the sub-minute fluctuation of net-load and to maintain a 

constant tie-line exchange power between the main grid and microgrid. The proposed 

two-phase real-time energy management strategy consists of the following steps: 

Step 1 is designed to update the forecasting data of load, wind and solar power 

before the next dispatch run. 

Step 2 will formulate an economic dispatch problem to update the dispatch 

points for each controllable DER unit and energy storage system in the RTD phase. 

On-off status of controllable units will follow the day-ahead unit commitment solution 

and not be changed in this step. The RTD phase covers 4 time intervals. The 

advantage of using MPC in the RTD phase is that it can reduce the negative impact of 

uncertainties of the forecasting data on the system reliability by looking ahead 4 

intervals for each dispatch run. Thus, potential dispatch failure may be avoided. Note 

that only the solution of first interval will be implemented. MPC is based on moving 

‘window’. In this step, the ‘window’ includes 4 time intervals and each time interval is 

set to 15 minutes. The moving ‘window’ has a time length of 1 hour. For example, if a 

‘window’ includes time intervals 1, 2, 3, 4, then an economic dispatch problem is 

formulated for the ‘window’ and the optimized dispatch points are solved for intervals 

1, 2, 3, 4 while only the dispatch point for interval 1 is implemented. Subsequently, 
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the ‘window’ will move to the next 4 time intervals (2, 3, 4, 5) after the solution of 

interval 1 is implemented. 

Step 3: The real-time charging/discharging power of ESS in the RTC phase is 

adjusted every 4 seconds to mitigate real-time net-load fluctuation based on the 

updated real-time data of load, wind and solar energy. As shown in Fig. 1, in the RTC 

phase, each control interval is set to 4 seconds. The value of ‘count’ in Fig. 2.1 

represents the number of 4-second time intervals that the BESS is not able to fully 

mitigate the net-load fluctuation In order to maintain constant tie-line exchange power 

flow during an RTD dispatch interval, the BESS adjusts its charging/discharging rate 

to alleviate the fluctuation of microgrid net-load. When reaching the end of an RTD 

dispatch interval, the proposed procedure continues by going back to Step 1. 
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Fig. 2.1 Algorithm flow chart of the RTC phase. 

2.2.2 Real Time Dispatch 

              The RTD phase is to solve a multi-interval microgrid economic dispatch 

problem. Each time interval ∆𝑇𝑇  is 15 minutes. Its objective is to minimize the 

operation cost over the very next multiple dispatch intervals, which is shown below, 

 𝑓𝑓(cost) = 𝑓𝑓𝐺𝐺 + 𝑓𝑓𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔, (2.1) 

where 𝑓𝑓𝐺𝐺   denotes the cost of controllable DER units and 𝑓𝑓𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔   denotes the grid 

electricity cost. 𝑓𝑓𝑔𝑔 includes variable operation costs as,  
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𝑓𝑓𝐺𝐺 =  � 𝑐𝑐𝑔𝑔𝑃𝑃𝑔𝑔𝑔𝑔 
𝑡𝑡∈𝑆𝑆𝑇𝑇,𝑔𝑔∈𝑆𝑆𝐺𝐺

. (2.2) 

              The cost of electricity trading with grid is calculated as below,  

𝑓𝑓𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 =  � (𝑐𝑐𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔+𝑡𝑡 𝑃𝑃𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔+𝑡𝑡 − 𝑐𝑐𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔−𝑡𝑡 𝑃𝑃𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔−𝑡𝑡 )
𝑡𝑡∈𝑆𝑆𝑇𝑇

, (2.3) 

which involves activities of buying power from the grid and selling power back to the 

grid. The purchasing and selling power prices are different. If the cost 𝑓𝑓𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 is negative 

for any time period, it means the microgrid sells power to the grid and makes profit in 

that period.               

Microgrid power balance equation is included in (2.4). Equation (2.5) 

calculates the ESS energy level. Constraint (2.6) ensures the microgrid to have 

sufficient backup power capacity for emergency. The maximum and minimum limits 

of controllable DERs are considered in (2.7). Also, the ramping limits of DERs are 

imposed in (2.8). The constraints of ESS charging or discharging rate limits are given 

in (2.9)–(2.10). Constraint (2.11) ensures that the energy storage system would not 

charge and discharge power at the same time. Constraint (2.12) ensures the energy 

stored in ESS is within maximum and minimum energy limits. As shown in (2.9)–

(2.10) and (2.12), some capacity of ESS charging/discharging power and energy 

stored in ESS are withheld in the RTD phase for potential net-load fluctuation 

mitigation in the RTC phase. These reserved capacity would be deployed in the RTC 

phase. Tie-line exchange power limits are enforced in (2.13)–(2.14); constraint (2.15) 

ensures that the microgrid would not purchase and sell power at the same time. The 

constraints are list as: 
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𝑃𝑃𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔+ + � 𝑃𝑃𝑔𝑔𝑔𝑔
𝑔𝑔∈𝑆𝑆𝐺𝐺

+ �𝑃𝑃𝐼𝐼𝐼𝐼𝑡𝑡

𝑖𝑖∈𝑆𝑆𝐼𝐼

+ � 𝑃𝑃𝑠𝑠𝑠𝑠−
𝑠𝑠∈𝑆𝑆𝑆𝑆

=  𝑃𝑃𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔− + �𝑃𝑃𝐿𝐿𝐿𝐿𝑡𝑡

𝑖𝑖∈𝑆𝑆𝐿𝐿

+ � 𝑃𝑃𝑠𝑠𝑠𝑠+
𝑠𝑠∈𝑆𝑆𝑆𝑆

, (2.4) 

𝐸𝐸𝑠𝑠𝑠𝑠 = 𝐸𝐸𝑠𝑠(𝑡𝑡−1) − ∆𝑇𝑇(𝑃𝑃𝑠𝑠𝑠𝑠− − 𝑃𝑃𝑠𝑠𝑠𝑠+), (𝑠𝑠 ∈  𝑆𝑆𝑆𝑆, 𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇), (2.5) 

𝑃𝑃𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑃𝑃𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔+𝑡𝑡 + 𝑃𝑃𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔−𝑡𝑡 + � �𝑃𝑃𝑔𝑔𝑔𝑔𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑃𝑃𝑔𝑔𝑔𝑔�
𝑔𝑔 ∈ 𝑆𝑆𝐺𝐺

≥ 𝑅𝑅𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 �� 𝑃𝑃𝐿𝐿𝐿𝐿𝑡𝑡

𝑖𝑖∈ 𝑆𝑆𝐿𝐿

�      

(𝑡𝑡 ∈  𝑆𝑆𝑇𝑇), 

(2.6) 

𝑃𝑃𝑔𝑔𝑔𝑔𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑃𝑃𝑔𝑔𝑔𝑔 ≤ 𝑃𝑃𝑔𝑔𝑔𝑔𝑚𝑚𝑚𝑚𝑚𝑚     (𝑔𝑔 ∈  𝑆𝑆𝐺𝐺 , 𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇), (2.7) 

∆𝑇𝑇 ∙ 𝑃𝑃𝑔𝑔
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 ≤ 𝑃𝑃𝑔𝑔(𝑡𝑡+1) − 𝑃𝑃𝑔𝑔𝑔𝑔 ≤ ∆𝑇𝑇 ∙ 𝑃𝑃𝑔𝑔

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 (𝑔𝑔 ∈  𝑆𝑆𝐺𝐺 , 𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇), (2.8) 

𝑈𝑈𝑠𝑠+𝑡𝑡 �𝑃𝑃𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚 +  ∆𝑃𝑃𝑔𝑔 � ≤ 𝑃𝑃𝑠𝑠𝑠𝑠+ ≤ 𝑈𝑈𝑠𝑠+𝑡𝑡 �𝑃𝑃𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚 −  ∆𝑃𝑃𝑔𝑔� (𝑠𝑠 ∈  𝑆𝑆𝑆𝑆, 𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇), (2.9) 

𝑈𝑈𝑠𝑠−𝑡𝑡 �𝑃𝑃𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚 +  ∆𝑃𝑃𝑔𝑔� ≤ 𝑃𝑃𝑠𝑠𝑠𝑠− ≤ 𝑈𝑈𝑠𝑠−𝑡𝑡 �𝑃𝑃𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚 −  ∆𝑃𝑃𝑔𝑔� (𝑠𝑠 ∈  𝑆𝑆𝑆𝑆, 𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇), (2.10) 

𝑈𝑈𝑠𝑠+𝑡𝑡 + 𝑈𝑈𝑠𝑠−𝑡𝑡 = 1   (𝑠𝑠 ∈  𝑆𝑆𝑆𝑆, 𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇), (2.11) 

�𝐸𝐸𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚 + ∆𝐸𝐸𝑠𝑠� ≤ 𝐸𝐸𝑠𝑠𝑠𝑠 ≤ (𝐸𝐸𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚 − ∆𝐸𝐸𝑠𝑠 ) (𝑠𝑠 ∈  𝑆𝑆𝑆𝑆, 𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇), (2.12) 

0 ≤ 𝑃𝑃𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔+𝑡𝑡 ≤ 𝑈𝑈𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔+𝑡𝑡 𝑃𝑃𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑚𝑚𝑚𝑚𝑚𝑚      (𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇), (2.13) 

0 ≤ 𝑃𝑃𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔−𝑡𝑡 ≤ 𝑈𝑈𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔−𝑡𝑡 𝑃𝑃𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑚𝑚𝑚𝑚𝑚𝑚     (𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇), (2.14) 

𝑈𝑈𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔+𝑡𝑡 + 𝑈𝑈𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔−𝑡𝑡 ≤ 1     (𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇) . (2.15) 

2.2.3 Real Time Control 

              In the RTC phase, the forecasting errors of the dispatch phase and the net-

load fluctuation are addressed by quickly adjusting the BESS. All controllable units’ 

on/off status and outputs remain the same as determined in the RTD phase. In the RTC 

phase, the power balance equation (2.4) is solved with actual load and DER generation 

to determine the battery’s charging or discharging rate so that the exchange power 
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with the grid can remain the same as is determined in the RTD phase unless one or 

multiple constrains of (2.16) – (2.18) are violated which are listed below: 

𝑃𝑃𝑆𝑆𝑆𝑆+𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑃𝑃𝑠𝑠𝑠𝑠+ ≤ 𝑃𝑃𝑆𝑆𝑆𝑆+𝑚𝑚𝑚𝑚𝑚𝑚 , (2.16) 

𝑃𝑃𝑆𝑆𝑆𝑆−𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑃𝑃𝑠𝑠𝑠𝑠− ≤ 𝑃𝑃𝑆𝑆𝑆𝑆−𝑚𝑚𝑚𝑚𝑚𝑚 , (2.17) 

𝐸𝐸𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝐸𝐸𝑖𝑖𝑡𝑡 ≤ 𝐸𝐸𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚 , (2.18) 

𝐸𝐸𝑠𝑠𝑠𝑠 = 𝐸𝐸𝑠𝑠(𝑡𝑡−1) − ∆𝑇𝑇𝐶𝐶(𝑃𝑃𝑠𝑠𝑠𝑠− − 𝑃𝑃𝑠𝑠𝑠𝑠+). (2.19) 

              The capacity of BESS that is withheld in the RTD phase is now released for 

net-load fluctuation mitigation in the RTC phase. The resulted ESS 

charging/discharging power after solving (2.4) should be within the limits defined in 

(2.16) – (2.17). Similarly, the energy stored in energy storage system that is obtained 

by solving (2.19) should also be within the limits as well (2.18). If all constraints 

(2.16) – (2.18) are satisfied, then the battery energy storage system can fully mitigate 

the fluctuation of net-load by itself in the real-time control phase. If any of those three 

constrains are not satisfied, then the grid will have to take over the responsibility to 

alleviate the fluctuation. 

2.2.4 Results Analysis 

             A typical microgrid system is simulated to evaluate the proposed two phase 

strategy. The controllable DER units include a micro-turbine (MT), a fuel cell (FC), 

and a diesel engine (DE). The load in this simulated microgrid represents 1,000 

residential houses. The residential load data are obtained from the Pecan Street 

Dataport [22]. Non-controllable DER units include solar panels installed in 200 houses 

(with a capacity of 5kW per house) and four 200kW wind turbine (WT) units. The 
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microgrid also contains an energy storage system with a 500kWh battery set, and its 

maximum charge/discharge power is 150kW. 

 

Fig. 2.1 Tie-line exchange power. 

             The tie-line exchange power between the main grid and microgrid is shown in 

Figure 2.1. The red curve denotes tie-line exchange power without the RTC while the 

blue curve denotes the tie-line exchange power with the RTC. After implementing the 

two-phase energy management strategy, the tie-line exchange power remains constant 

for each dispatch time interval which is 15 minutes in this work. The real-time net-

load fluctuation with a 5% forecasting error are fully mitigated by the battery energy 

storage system.  

             With a 5% net-load forecasting error, the proposed strategy can mitigate the 

net-load fluctuation. It is observed that the tie-line exchange power is not always 

constant in the second dispatch interval. This is because the magnitude of the net-load 

fluctuation is very high and requires a power/energy compensation beyond the 
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battery’s available capacity. Though this may be addressed by withholding extra 

power/energy capacity in RTD as shown in (2.9)−(2.11), it would affect microgrid 

operational efficiency as large forecasting error is very rare for a short-term dispatch. 

Without the ESS mitigation in the RTC phase, the grid would automatically respond to 

the microgrid internal net-load fluctuation to maintain microgrid power balance by 

adjusting the tie-line exchange power, which introduces additional uncertainties into 

the bulk power grid. 

             A novel metric, Fluctuation Mitigation Rate (FMR), is proposed in this section 

to quantify the effectiveness of the proposed two-phase grid-friendly energy 

management strategy as compared to a regular energy management strategy that 

consists of a single economic dispatch layer without consideration of real-time net-

load fluctuation mitigation. As defined in (2.20), the proposed metric FMR is a 

percentage number that represents how much time the microgrid net-load fluctuation 

is 100% mitigated internally, 

FMR =
 𝑇𝑇1
 𝑇𝑇2

× 100%, (2.20) 

where 𝑇𝑇1 represents the cumulative time duration when tie-line exchange power keeps 

at the same level as dispatched in an RTD phase and 𝑇𝑇2  represents the total time 

duration of  an RTD phase. 

             For the proposed two-phase energy management strategy, the variance of tie-

line exchange power, 𝑣𝑣𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 as defined in (2.21), is much smaller than the traditional 

single-phase RTD optimization. 𝑣𝑣𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 can be used as another metric to quantify the 

effectiveness of the proposed strategy as, 
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𝑣𝑣𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 =
∑𝜎𝜎2(𝑃𝑃𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑐𝑐 )

𝑛𝑛𝐷𝐷
, (2.21) 

where 𝑃𝑃𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑐𝑐  represents the tie-line exchange power in each 4-second RTC interval 𝑐𝑐. 

𝑛𝑛𝐷𝐷  denotes the number of 15-minute dispatch intervals in an RTD phase. 𝜎𝜎2(𝑥𝑥) 

denotes the variance of variable 𝑥𝑥. 

             Table 2.1 shows the grid exchange power statistics over results associated 

with 10 different net-load scenarios. When the forecasting error is between 0 to 5%, 

the variance of tie-line exchange power is 0 and the FMR is 100% for the proposed 

two-layer approach while the counterpart variance for a traditional approach without 

the real-time net-load fluctuation mitigation control phase goes up to over 1,000. As 

the forecasting error increases, the variance of tie-line exchange power deviation for 

the proposed method also increases. This leads to the decrease of the FMR which 

means the tie-line exchange power needs to be changed to balance the microgrid. Note 

that very large forecasting error is not common for short-term operations. 

Table 2.1 Statistics of real-time tie-line exchange power for 10 different scenarios 
corresponding to 10 different forecasting errors 

 

 

 

 

 

 

 

Error without RTC with RTC 
𝑣𝑣𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 FMR 𝑣𝑣𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺   FMR 

0.5% 11.46 0% 0 100% 
1% 45.29 0% 0 100% 
2% 183.86 0% 0 100% 
3% 407 0% 0 100% 
4% 741 0% 0 100% 
5% 1191 0% 0 100% 
8% 2492 0% 0.0023 99.89% 
10% 4599 0% 1.4491 99.11% 
15% 10722 0% 1757 95.11% 
20% 19269 0% 9485 82.72% 
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              Table II shows tie-line exchange power statistics for a net-load scenario under 

a forecasting error of 10%. If the minimum and maximum values of tie-line power 

flow in a dispatch interval are the same, then the ESS can fully mitigate the real-time 

net-load fluctuation. This holds for all intervals except for the second interval. For the 

second time interval (19:15−19:30), 𝑣𝑣𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺  with RTC is not zero, which indicates that 

the second interval does not keep a constant tie-line exchange power. The 𝑣𝑣𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺𝑑𝑑  

without RTC is much higher, which indicates that the microgrid net-load fluctuation if 

not addressed internally can create significant uncertainty to the bulk grid.  

Table 2.2 Statistics of real-time tie-line exchange power for a net-load scenario under 
a forecasting error of 10% 

 

 

 

 

 

 

 

2.3 Grid-Supporting Microgrid              

             The proposed strategy can provide flexible grid connected microgrid exchange 

power (trading power) to the grid. The proposed strategy consists of two steps: a 

routine economic dispatch (ED) optimization step along with an acceptable range of 

trading power determination (ARTPD) step. In the ED step, MPC method is employed 

to determine the targeted solutions which includes the outputs of adjustable energy 

Time  

without 
RTC with RTC 

𝑣𝑣𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺  𝑣𝑣𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺  
Tie-line flow 

(kW) FMR 
Min Max 

19:00 -19:15 4619 0 817 817 100% 
19:15-19:30 4505 11.6 713 739 92.89% 
19:30-19:45 4356 0 822 822 100% 
19:45-20:00 4218 0 824 824 100% 
20:00-20:15 5015 0 903 903 100% 
20:15-20:30 4428 0 822 822 100% 
20:30-20:45 4877 0 820 820 100% 
20:45-21:00 4733 0 819 819 100% 
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resources (AERs) and the target trading power. In the ARTPD step, the exchange 

power maximization and minimization problems are formed with additional AERs’ 

constraints based on targeted solutions obtained in the first step. Then, the upper 

bound and lower bound of the acceptable trading power range are determined by 

solving those maximization and minimization problems. As a result, the grid operator 

will receive a data package, from the grid-supporting MG, including a target trading 

power and a range of acceptable trading power with the associated cost deviating from 

the target trading power, which provides additional flexibility to grid operations. 

2.3.1 Adjustable Energy Resource (AER)  

              Presently, DG are widely implemented as a backup energy resource in MG.  

DG is a traditional DER which is portable and provide fast response. DG has the 

capability to turn on automatically when the battery and RESs fail to maintain the load 

demand. DG is modelled with minimum and maximum physical limits in (2.22), 

ramp-up capability in (2.23) and ramp-down capability in (2.24). 𝐶𝐶𝐺𝐺𝑡𝑡  is the cost of DG 

represented in (2.25). These AER constraints are listed as: 

𝑃𝑃𝐺𝐺𝐺𝐺𝑀𝑀𝑀𝑀𝑀𝑀 ≤ 𝑃𝑃𝐺𝐺𝐺𝐺𝑡𝑡 ≤ 𝑃𝑃𝐺𝐺𝐺𝐺𝑀𝑀𝑀𝑀𝑀𝑀   �𝑖𝑖 ∈  𝑆𝑆𝐺𝐺 ,  𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇�, (2.22) 

𝑃𝑃𝐺𝐺𝐺𝐺𝑡𝑡+1 − 𝑃𝑃𝐺𝐺𝐺𝐺𝑡𝑡 ≤ ∆𝑇𝑇 ∙ 𝑃𝑃𝐺𝐺𝐺𝐺
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 �𝑖𝑖 ∈  𝑆𝑆𝐺𝐺 ,  𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇�, (2.23) 

𝑃𝑃𝐺𝐺𝐺𝐺𝑡𝑡 − 𝑃𝑃𝐺𝐺𝐺𝐺𝑡𝑡+1 ≤ ∆𝑇𝑇 ∙ 𝑃𝑃𝐺𝐺𝐺𝐺
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅  �𝑖𝑖 ∈  𝑆𝑆𝐺𝐺 ,  𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇�, (2.24) 

𝐶𝐶𝐺𝐺𝑡𝑡 = 𝑃𝑃𝐺𝐺𝐺𝐺𝑡𝑡 𝑐𝑐𝐺𝐺𝐺𝐺 + 𝑈𝑈𝐺𝐺𝐺𝐺𝑐𝑐𝐺𝐺𝐺𝐺𝑁𝑁𝑁𝑁 +   𝑉𝑉𝐺𝐺𝐺𝐺𝑐𝑐𝐺𝐺𝐺𝐺𝑆𝑆𝑆𝑆   �𝑖𝑖 ∈  𝑆𝑆𝐺𝐺 ,  𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇�. (2.25) 
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             Wind turbine develops rapidly due to government incentives and development 

of wind farm energy management. WT is the device that can convert the mechanical 

power of wind to electric power. The output power of wind turbine 𝑃𝑃𝑊𝑊𝑊𝑊𝑊𝑊
𝑡𝑡  is defined as, 

𝑃𝑃𝑊𝑊𝑊𝑊𝑊𝑊
𝑡𝑡 =

1
2
𝜌𝜌𝜌𝜌𝑉𝑉3𝐶𝐶𝑝𝑝, (2.26) 

where 𝐶𝐶𝑝𝑝 is determined by the upstream velocity 𝑉𝑉 and downstream velocity 𝑉𝑉0. When 

𝑉𝑉0
𝑉𝑉

= 1
3
, 𝐶𝐶𝑝𝑝 will have a maximum value of 0.59 [23]. Blades of wind turbine can be 

adjusted to a proper angle to achieve the maximum power output at different wind 

speed. However, at a given wind speed, the output power can be flexible by adjusting 

the blades’ angle, which enables WT to become an AER.  

2.3.2 Non-Adjustable Energy Resource (Non-AER)  

              Solar energy is mainly referring to the radiant light and heat from sunshine. 

The PV system converts the energy from sunshine to the DC current. This is followed 

by a DC-AC inverter which feed the grid or the energy storage system. Normally, the 

PV solar farm is considered as an AER since the power output can be controlled by 

the inverter. However, it is considered as Non-AER in this section since the PV model 

is roof-top solar panels of residential houses which are not controllable by MG 

operator. The output power of PV system depends on several factors shown as, 

𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡 = 𝐼𝐼𝑃𝑃𝑓𝑓𝐴𝐴𝑠𝑠𝜂𝜂𝑝𝑝𝑣𝑣, (2.27) 

which is mainly depends on solar irradiance I. 𝑃𝑃𝑓𝑓 is the shade ratio to the sunshine. 𝐴𝐴𝑠𝑠 

represents the area of PV panel. 𝜂𝜂𝑝𝑝𝑝𝑝 represents the efficiency of PV system. 
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2.3.3 Load Modeling 

              Load model includes resident load and commercial load. Residential load 

represents the electricity that residents consume at any time. Commercial load 

represents the electricity that been used commercially, such as restaurant, mall & 

industry. In this MG model, only residential load is modeled as a 24-hour forecasting 

load with one-hour timespan. 

2.3.4 Flexible Tie-Line Exchange Power 

              Step A is to obtain the targeted solutions in the economic dispatch time 

period. MPC method is applied to optimize and solve a multi–interval MG economic 

dispatch MILP. The objective of the problem is to minimize the operation cost of the 

multi-interval but only the first interval’s optimal solution would be implemented. 

              Step B1 is to determine the upper bound of the trading power that MG can 

address. The objective in equation (25) is to maximize the acceptable trading power as 

shown below, 

𝑀𝑀𝑀𝑀𝑀𝑀  𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 − 𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 , (2.28) 

which can be also called as the upper bound of the trading power. The constraints of 

AERs are listed below: 

𝑃𝑃𝐺𝐺𝐺𝐺𝑡𝑡 − 𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑡𝑡 ≤ 𝛼𝛼𝐺𝐺𝐺𝐺 ∙ 𝑃𝑃𝐺𝐺𝐺𝐺𝑀𝑀𝑀𝑀𝑀𝑀    �𝑖𝑖 ∈  𝑆𝑆𝐺𝐺 ,  𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇�, (2.29) 

𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑡𝑡 − 𝑃𝑃𝐺𝐺𝐺𝐺𝑡𝑡 ≤ 𝛼𝛼𝐺𝐺𝐺𝐺 ∙ 𝑃𝑃𝐺𝐺𝐺𝐺𝑀𝑀𝑀𝑀𝑀𝑀    �𝑖𝑖 ∈  𝑆𝑆𝐺𝐺 ,  𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇�, (2.30) 

(𝑃𝑃𝐶𝐶ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡 − 𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 )𝑡𝑡 ≤ 𝛼𝛼𝑠𝑠𝑠𝑠 ∙ 𝐸𝐸𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀 �𝑖𝑖 ∈  𝑆𝑆𝑆𝑆,  𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇�, (2.31) 

(𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 − 𝑃𝑃𝐶𝐶ℎ𝑎𝑎𝑎𝑎𝑖𝑖𝑡𝑡 )𝑡𝑡 ≤ 𝛼𝛼𝑠𝑠𝑠𝑠 ∙ 𝐸𝐸𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀  �𝑖𝑖 ∈  𝑆𝑆𝑆𝑆,  𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇�, (2.32) 
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(𝑃𝑃𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡 − 𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 )𝑡𝑡 ≤ 𝛼𝛼𝑠𝑠𝑠𝑠 ∙ 𝐸𝐸𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀    �𝑖𝑖 ∈  𝑆𝑆𝑆𝑆,  𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇�, (2.33) 

(𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 − 𝑃𝑃𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡 )𝑡𝑡 ≤ 𝛼𝛼𝑠𝑠𝑠𝑠 ∙ 𝐸𝐸𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀    �𝑖𝑖 ∈  𝑆𝑆𝑆𝑆,  𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇�, (2.34) 

𝑃𝑃𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊
𝑡𝑡 − 𝑃𝑃𝑊𝑊𝑊𝑊𝑊𝑊

𝑀𝑀𝑀𝑀𝑀𝑀 ∙ 𝛼𝛼𝑤𝑤𝑤𝑤𝑤𝑤 ≤ 𝑃𝑃𝑊𝑊𝑊𝑊𝑊𝑊
𝑡𝑡 ≤ 𝑃𝑃𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊

𝑡𝑡  �𝑖𝑖 ∈  𝑆𝑆𝑊𝑊,  𝑡𝑡 ∈ 𝑆𝑆𝑇𝑇�, (2.35) 

where 𝛼𝛼𝑛𝑛  is the preset parameter for each AER such as DE, BESS and WT. The 

targeted solutions of these AERs are solved in ED optimization. Equation 

(2.29)−(2.30) are the release constraints of DG. Therefore, DG can operate in an 

acceptable power range upon adjustable parameter 𝛼𝛼𝐺𝐺𝐺𝐺  and target output of DG. 

Similar to DG, BESS can operate in an acceptable power range that determined by 𝛼𝛼𝑠𝑠𝑠𝑠 

and target BESS output (2.31)−(2.34). In equation (2.35), the acceptable power range 

of wind turbine is determined by 𝛼𝛼𝑤𝑤𝑤𝑤𝑤𝑤  and target output of WT. 𝑃𝑃𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊
𝑡𝑡  is the 

scheduled output power of WT. Note that all the constrains in previous ED 

optimization model are included in this step. The solution includes maximum value of 

tie-line trading power and the associated cost. 

              Step B2 is designed to form up a minimize optimization problem to get the 

acceptable lower bound of trading power. The constraints and targeted outputs in step 

B2 are the same with Step B1. The objective function is shown below, 

𝑀𝑀𝑀𝑀𝑀𝑀  𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 − 𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 , (2.36) 

which is to minimize the trading power. The solution of this problem includes the 

minimum value of tie-line trading power and the associated cost deviating from the 

target trading power. 

              Data Package: target trading power and an acceptable range of trading power 

with their associated cost are packed as a data array and sent to the grid. The grid 
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operators will make the decision upon the dispatch point they need based on the 

provided data package. When the grid is suffering emergency load curtailment or loss 

of generation, it is a backup plan for grid operators to have an optional dispatch points.                

2.3.5 Results Analysis 

              The target tie-line trading power for 15:15-15:30 is selling electricity to grid 

at a rate of 242.33 kW. BESS is on charging status with a power of 75 kW. Numerical 

tests are conducted on ten different combinations of adjusting parameter 𝛼𝛼𝑛𝑛. Table 2.3 

shows the test results for scenario A. The results associate with 𝛼𝛼𝐺𝐺𝐺𝐺𝛼𝛼𝑆𝑆𝑆𝑆𝛼𝛼𝑊𝑊𝑊𝑊𝑊𝑊 = 0 serve 

as a benchmark. The power range represents the interval between lower bound and 

upper bound of the acceptable range of trading power (kW) while cost range 

($/15min) represents the interval between their associated costs. It can be observed 

that as 𝛼𝛼𝐺𝐺𝐺𝐺  , 𝛼𝛼𝑆𝑆𝑆𝑆 , 𝛼𝛼𝑊𝑊𝑊𝑊𝑊𝑊 increase, the power range expands as well as the cost range. 

After comparing the result of test #1 and test #2, we can tell that after increasing the 

BESS adjusting parameter, the upper bound of the power range keeps the same while 

the lower bound of the power range decreases. Since the output solved by ED 

optimization is 75kW which is the maximum output of BESS, the charging rate is not 

able to gain higher even 𝛼𝛼𝑆𝑆𝑆𝑆 is increased. Similarly, after comparing the results of test 

#3 and test #4, we can tell that the lower bound of the power range keeps the same 

while the higher bound increases. The reason is that the targeted output of DG in this 

scenario reaches its maximum generation. However, DG can decrease the generation 

in order to expand the acceptable power range. 
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Table 2.3 Results of 10 combinations of adjustable parameters for Scenario A 

No. 𝛼𝛼𝑔𝑔 𝛼𝛼𝑠𝑠 𝛼𝛼𝑤𝑤𝑤𝑤 Power Range Cost Range 
0 0 0 0 -242.33 -1.82 
1 0.05 0.01 0.05 (-247.33, -193.33) (-1.98 ,-0.79) 
2 0.05 0.02 0.05 (-252.33, -193.33) (-2.135 , -0.79) 
3 0.05 0.02 0.08 (-252.33, -169.33) (-2.135, -0.17) 
4 0.08 0.02 0.08 (-252.33, -163.93) (-2.135 ,-0.164) 
5 0.08 0.05 0.1 (-267.33, -147.93) (-2.60 , 0.245) 
6 0.1 0.05 0.1 (-267.33, -144.33) (-2.60, 0.251) 
7 0.1 0.08 0.1 (-282.33, -144.33) (-3.06 , 0.251) 
8 0.12 0.08 0.1 (-282.33, -140.73 ) (-3.06 , 0.254) 
9 0.15 0.08 0.1 (-282.33, -135.33) (-3.06 , 0.258) 
10 0.15 0.1 0.1 (-292.33, -135.33) (-3.367 , 0.258) 

               

The target tie-line trading power for 19:45−20:00 is purchasing electricity 

from grid at a rate of 814.33 kW. BESS is on discharging status with a power of 20 

kW. Table 2.4 Shows the test results of scenario B. Similar to scenario A, while the 

adjusting parameter 𝛼𝛼𝐺𝐺𝐺𝐺  ,  𝛼𝛼𝑆𝑆𝑆𝑆 ,  𝛼𝛼𝑊𝑊𝑊𝑊𝑊𝑊  increasing, both power range and cost range 

expands. From test #1 and test #2 we can tell that the upper bound of the power range 

does not change, this is due to the minimum discharge power limit of BESS. We can 

observe the similar result when comparing test #3 and test #4 because the DG is in 

maximum generation. It can be concluded that the targeted solutions of AERs has a 

significant effect on the performance of the proposed model. If any output of AERs is 

on its maximum or minimum, then the acceptable power range can only expand in one 

direction. 
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Table 2.4 Results of 10 combinations of adjustable parameters for Scenario B 

No. 𝛼𝛼𝑔𝑔 𝛼𝛼𝑠𝑠 𝛼𝛼𝑤𝑤𝑤𝑤 Power Range  Cost Range 
0 0 0 0 814.33 28.58 
1 0.05 0.01 0.05 (809.33 , 863.33) (28.45 ,29.82) 
2 0.05 0.02 0.05 (804.33 , 863.33) (28.33 , 29.82) 
3 0.05 0.02 0.08 (804.33 , 887.33) (28.33, 30.54) 
4 0.08 0.02 0.08 (804.33 , 892.73 ) (28.33 , 30.57) 
5 0.08 0.05 0.1 (789.33 , 908.73) (27.95 , 31.05) 
6 0.1 0.05 0.1 (789.33 , 912.33) (27.95, 31.07) 
7 0.1 0.08 0.1 (774.33 , 912.33) (27.58 , 31.07) 
8 0.12 0.08 0.1 (774.33 ,  915.93) (27.58 , 31.09) 
9 0.15 0.08 0.1 (774.33 , 921.33) (27.58 , 31.11) 
10 0.15 0.1 0.1 (764.33 , 921.33) (27.33 , 31.11) 

2.4 Summary 

              The transition to the clean energy is challenging due to the stochastic and 

intermittent nature of renewable energy. Thus, it is important to develop the energy 

management strategies while more and more RES are integrated to the system.  The 

existing strategies, as outlined in various papers [12]−[21], neglect the consideration 

of real-time sub-minute net-load fluctuations. Furthermore, these approaches operate 

under the assumption that the main grid can seamlessly absorb such fluctuations 

without incurring any costs. Unfortunately, the strategies proposed in these papers fall 

short in delivering grid-supporting services capable of aiding the main grid in 

managing real-time load fluctuations or addressing issues like the rapid growth of 

RESs leading to potential blackout. Thus, a novel two-phase real-time energy 

management strategy for grid connected microgrids is proposed for the grid-friendly 

microgrid in section 2.1. It consists of an RTD phase and an RTC phase. In the RTD 

phase, MPC is applied to determine the microgrid dispatch points. In the RTC phase, 

the energy storage system is used to mitigate the fluctuation in order to maintain a 
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constant tie-line exchange power between the main grid and microgrid for each 

dispatch interval. The simulation results based on a microgrid test bed show the 

proposed two-phase real-time energy management strategy can effectively decrease 

the variance of grid exchange power for a microgrid dispatch interval and mitigate the 

real-time sub-minute net-load fluctuation in a microgrid. In other words, the proposed 

strategy can harness the microgrid internal fluctuation internally and thus, relieve the 

negative impact of the uncertainties of microgrid net-load and contribute to enhancing 

the reliability of the bulk power grid. 

              A novel real-time GSEM strategy for grid-supporting MG is proposed in 

section 2.2. The main contribution of this section is that a novel energy management 

strategy is proposed to provide and quantify the grid-supporting service for the main 

grid. It consists of an ED optimization step and an acceptable range of trading power 

determination step. In ED optimization, targeted outputs of DERs and trading power 

are solved. In the acceptable range of trading power determination step, the upper 

bound and lower bound of acceptable power range are determined. Discussions about 

the relationship between acceptable power range and cost are covered as well. 

Numerical tests on AERs’ parameters ensure that GSEM strategy can provide an 

acceptable range of trading power to the grid. Thus, the reliability of the grid can be 

enhanced by this grid service provided by MG. In summary, the proposed GSEM 

strategy further reinforces the grid’s ability to handle the disturbance and enable the 

MG to be grid-supporting. 
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3. BESS IN ISOLATED-MICROGRIDS 

3.1 Literature Review 

              One of most applications of the isolated-microgrid is the offshore rig platform. 

Gulf of Mexico (GOM) is an important region for energy resource production. 

Roughly 15% of total U.S. crude oil production and 5% of total U.S. dry natural gas 

production come from the GOM region [24]. Gas and oil made up 55% of the world’s 

CO2 emissions from fuel in 2019, and a significant proportion came from offshore oil 

and natural gas (O&G) platforms [25]. Offshore O&G rigs consume 16 terawatt-hours 

(TWh) energy to power their operations for a year [26].  

              The potential of US offshore wind power is vast and estimated to be more than 

2,000 gigawatts (GW) [27]. Offshore wind turbines are typically much larger than 

onshore wind turbines. Offshore winds are stronger and more stable than onshore 

winds, which leads to higher capacity factors for offshore wind farms [28]−[31]. The 

US has set a national offshore wind goal of 30 GW by 2030 [32]. It is also worth 

noting that floating wind farms that can be placed in deep and ultra-deep water regions 

are developing very fast. 

              Previous studies [33]−[37] have developed some models for the wind power 

integrated offshore platforms. It has been proved that the integration of wind power 

and on site synchronous generators can keep the stability of system’s voltage and 

frequency in a desired level in [33]−[35]. However, the wind power accounts for a 

small proportion of total power supply and the traditional generators are still 

dominating and producing large amount of CO2 emissions. The offshore platform that 
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powered by the offshore wind farm and onshore grid with HVDC cable is proved as a 

reliable model in [13]. Therefore, the offshore platform increases the demand for 

onshore grid. Also, the model proposed in [36] is not self-sufficient even through there 

is no CO2 emissions. An independent offshore platform microgrid model is developed 

and simulated in [37], but traditional generators are still considered in the model, 

which may not help achieve the reduction of CO2 emissions in the future. For the 

aforementioned wind power integrated offshore platforms, they either contain 

traditional generators as the main source and integrated with a small portion of wind 

power or are lack of energy storage systems to be self-sufficient and mitigate the 

fluctuation caused by the wind power. Also, none of them is powered by 100% 

renewable energy. To bridge the aforementioned gaps, additional energy storage 

system is needed such as battery energy storage system (BESS) and hydrogen storage 

system (HESS). They are both very flexible and can mitigate the variation and 

intermittency of offshore renewable generation and improve the overall system 

reliability and resilience.  

              The deployment of utility-scale BESS has been increasing substantially in 

recent years. There was 1.5 GW operating battery power capacity in the US by 2020. 

Considering the planned battery storage projects, that number will rise to 16 GW by 

2024. Batteries can achieve very high roundtrip energy conversion efficiencies of 90% 

or higher. Lithium-ion battery is the most widely used battery technology and it 

accounts for over 80% of U.S. large-scale battery storage due to its high energy 

density and low self-discharge rate [38]. 
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              HESS is also gaining popularity in recent years. One major driving force is the 

fast deployment of variable renewable generation while current power grids are unable 

to completely use up all those excess free and clean power. An effective solution 

selected by many nations to resolve this issue is to develop electrolyzers (El) that 

consume the excess power to produce hydrogen that can be stored in a high pressure 

tank with no self-discharge issue. Then, the hydrogen can be converted back into 

electricity either locally with co-located fuel cells (FC) or remotely with standalone 

FC where hydrogen is delivered to through pipelines. There are already many planned 

projects. For instance, the European Union has released their hydrogen strategy for a 

climate-neutral Europe that targets 40 GW of electrolyzers installed by 2030 [39]. 

Thus, the BESS and HESS and the offshore wind farms are able to integrated together 

to power the offshore platforms.  

3.2 A 100% Renewable Energy Model for Offshore Microgrid Systems 

              The total electricity consumption from offshore oil/gas platforms is around 16 

TWh worldwide in 2019. The majority offshore platforms are powered by the diesel 

generators while the rest mainly uses gas turbines, which emits large amounts of CO2 

per year. The fast development of offshore wind turbines (WT) can potentially replace 

traditional fossil fuel based resources to power offshore loads. The fast development 

of renewable energy and storage systems have now paved the way for achieving a net-

zero carbon emission offshore rig platform [27]− [39]. Nevertheless, the papers 

reviewed are lack of a comprehensive analysis of the potential offshore clean energy 

system. Thus, a feasibility test and economic analysis are investigated in this section 
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to evaluate the performance of the offshore hybrid renewable energy sources 

(OHRES) model. Battery energy storage system (BESS) and hydrogen energy storage 

system (HESS) are considered to mitigate the fluctuation of wind power in the 

OHRES model. Resilience models are designed to enhance the resilience of the 

OHRES model with extra energy stored in BESS and/or HESS. 

3.2.1 Offshore Hybrid Renewable Energy Sources Model 

The basic OHRES model consists of (3.1)-(3.18) as described below, which 

ensures power supply for the offshore platforms. The resilience is not considered in 

the basic model. The objective of the basic OHRES model is to minimize the lifetime 

total cost to maintain the power of the offshore platforms that presented as, 

𝐹𝐹(cost) = 𝑓𝑓(WT) + 𝑓𝑓(BESS) + 𝑓𝑓(HESS), (3.1) 

which includes the cost of three subsystems: wind turbine, battery energy storage 

system, and hydrogen energy storage system. The total cost of HESS is shown as, 

𝑓𝑓(HESS) = 𝑓𝑓(El) + 𝑓𝑓(𝐹𝐹𝐹𝐹) + 𝑓𝑓(Comp) + 𝑓𝑓(Cav), (3.2) 

which includes the cost of electrolyzer, fuel cell, compressor, and salt cavern. The 

hydrogen pipeline cost is not considered in this model since the OHRES model is local 

for an offshore platform. 

Each subsystem’s total cost is modeled with the capital cost, operation and 

maintenance cost and expected lifetime are listed as:  

𝑓𝑓(WT) = 𝑉𝑉𝑊𝑊𝑊𝑊�𝑐𝑐𝑊𝑊𝑊𝑊
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑐𝑐𝑊𝑊𝑊𝑊

𝑂𝑂&𝑀𝑀𝑇𝑇𝐸𝐸�, (3.3) 

𝑓𝑓(BESS) = 𝑉𝑉𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵�𝑐𝑐𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑐𝑐𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑂𝑂&𝑀𝑀𝑇𝑇𝐸𝐸�, (3.4) 
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𝑓𝑓(El) = 𝑉𝑉𝐸𝐸𝐸𝐸�𝑐𝑐𝐸𝐸𝐸𝐸
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑐𝑐𝐸𝐸𝐸𝐸𝑂𝑂&𝑀𝑀𝑇𝑇𝐸𝐸�, (3.5) 

𝑓𝑓(FC) = 𝑉𝑉𝐹𝐹𝐹𝐹�𝑐𝑐𝐹𝐹𝐹𝐹
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑐𝑐𝐹𝐹𝐹𝐹𝑂𝑂&𝑀𝑀𝑇𝑇𝐸𝐸�, (3.6) 

𝑓𝑓(Comp) = 𝑉𝑉𝐸𝐸𝐸𝐸�𝑐𝑐𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑐𝑐𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑂𝑂&𝑀𝑀 𝑇𝑇𝐸𝐸�, (3.7) 

𝑓𝑓(Cav) = 𝑉𝑉𝐶𝐶𝐶𝐶𝐶𝐶�𝑐𝑐𝐶𝐶𝐶𝐶𝐶𝐶
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑐𝑐𝐶𝐶𝐶𝐶𝐶𝐶𝑂𝑂&𝑀𝑀𝑇𝑇𝐸𝐸�. (3.8) 

              Note that the power of the compressor is equal to the electrolyzer respectively. 

The power balance equation involving renewable energy sources, BESS, HESS and 

load demand is shown as,  

𝑃𝑃𝑡𝑡𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 + 𝑉𝑉𝑊𝑊𝑊𝑊𝑃𝑃𝑡𝑡𝑊𝑊𝑊𝑊 + 𝑃𝑃𝑡𝑡𝐹𝐹𝐹𝐹 − 𝑃𝑃𝑡𝑡𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 − 𝑃𝑃𝑡𝑡𝐶𝐶ℎ𝑎𝑎𝑎𝑎 − 𝑃𝑃𝑡𝑡𝐸𝐸𝐸𝐸 − 𝑃𝑃𝑡𝑡𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 0,∀𝑡𝑡. (3.9) 

              Constraint (3.10) calculates the stored energy of BESS for each time interval. 

Equations (3.11)−(3.12) enforces the BESS initial energy level and the ending energy 

level. Constraint (3.13) forces the BESS energy level to be under the maximum limit 

of the BESS. Constraint (3.14) restricts the BESS in three modes: charging; 

discharging; or stay idle. Constraints (3.15) − (3.16) ensures the charging and 

discharging power are under the limits of BESS. The BESS is modeled by 

(3.10)−(3.16) that are listed as: 

𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 − 𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1 = 𝑃𝑃𝑡𝑡𝐶𝐶ℎ𝑎𝑎𝑎𝑎𝜂𝜂𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐶𝐶ℎ𝑎𝑎𝑎𝑎 − 𝑃𝑃𝑡𝑡𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷/𝜂𝜂𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 ,∀𝑡𝑡, (3.10) 

𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = 50%𝑉𝑉𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵,∀𝑡𝑡, (3.11) 

𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖 = 𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵24 ,∀𝑡𝑡, (3.12) 

0 ≤ 𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 ≤ 𝑉𝑉𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵,∀𝑡𝑡, (3.13) 

𝑈𝑈𝑡𝑡𝐶𝐶ℎ𝑎𝑎𝑎𝑎 + 𝑈𝑈𝑡𝑡𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 ≤ 1,∀𝑡𝑡, (3.14) 

0 ≤ 𝑃𝑃𝑡𝑡𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 ≤ 𝑈𝑈𝑡𝑡𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 ,∀𝑡𝑡, (3.15) 
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0 ≤ 𝑃𝑃𝑡𝑡𝐶𝐶ℎ𝑎𝑎𝑎𝑎 ≤ 𝑈𝑈𝑡𝑡𝐶𝐶ℎ𝑎𝑎𝑎𝑎𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀𝐶𝐶ℎ𝑎𝑎𝑎𝑎 ,∀𝑡𝑡. (3.16) 

              The structure of HESS is modeled similar to BESS. However, the “charging” 

and “discharging” modes are achieved by electrolyzer and fuel cell respectively; and 

the energy is stored in the form of compressed hydrogen in the salt cavern. Constraint 

(3.17) calculates the stored energy of salt cavern at each time interval. Equations 

(3.18)−(3.19) enforces the initial energy level in the salt cavern and the ending energy 

level respectively. Constraint (3.20) forces the salt cavern energy level is under the 

limits of the HESS. Constraints (3.21)−(3.22) ensure the power outs of electrolyzer 

and fuel cell are under limits respectively. Equation (3.23) ensures the electrolyzer can 

refill the hydrogen in the salt cavern to full capacity in 24 hours. The HESS is 

modeled by (3.17)−(3.23) that are listed as: 

𝐸𝐸𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡 − 𝐸𝐸𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡−1 = 𝑃𝑃𝑡𝑡𝐸𝐸𝐸𝐸𝜂𝜂𝐸𝐸𝐸𝐸 − 𝑃𝑃𝑡𝑡𝐹𝐹𝐹𝐹/𝜂𝜂𝐹𝐹𝐹𝐹 ,∀𝑡𝑡, (3.17) 

𝐸𝐸𝐶𝐶𝐶𝐶𝐶𝐶𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = 50%𝑉𝑉𝐶𝐶𝐶𝐶𝐶𝐶,∀𝑡𝑡, (3.18) 

𝐸𝐸𝐶𝐶𝐶𝐶𝐶𝐶𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = 𝐸𝐸𝐶𝐶𝐶𝐶𝐶𝐶24 ,∀𝑡𝑡, (3.19) 

0 ≤ 𝐸𝐸𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡 ≤ 𝑉𝑉𝐶𝐶𝐶𝐶𝐶𝐶𝜀𝜀ℎ,∀𝑡𝑡, (3.20) 

0 ≤ 𝑃𝑃𝑡𝑡𝐸𝐸𝐸𝐸 ≤ 𝑉𝑉𝐸𝐸𝐸𝐸,∀𝑡𝑡, (3.21) 

0 ≤ 𝑃𝑃𝑡𝑡𝐹𝐹𝐹𝐹 ≤ 𝑉𝑉𝐹𝐹𝐹𝐹 ,∀𝑡𝑡, (3.22) 

𝑉𝑉𝐸𝐸𝐸𝐸 ∗ 24 ≥ 𝑉𝑉𝐶𝐶𝐶𝐶𝐶𝐶𝜀𝜀ℎ,∀𝑡𝑡. (3.23) 

3.2.2 Resilience Models of OHRES Systems 

              The basic OHRES model presented in the above section can ensure the model 

to maintain the power supply for the offshore platforms in a typical day. However, the 

stochastic and intermittent characteristic of offshore wind lead to different wind 
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profiles in different days that may not maintain the power for offshore platforms with 

the basic model and may weaken the stability of the OHRES model. Therefore, a 

resilience model is developed to ensure that, in the worst scenario when the wind 

power is completely cut off, the OHRES model can continuously power the offshore 

platforms at least for a pre-specified time period. This time period is defined as the 

resilience duration 𝑇𝑇𝑅𝑅. Three resilience models are proposed to test and compare the 

performance of HESS, BESS and heterogeneous energy storage with BESS and HESS. 

A. HESS Resilience Model 

              HESS resilience model is designed to maintain the demand only through 

HESS for 𝑇𝑇𝑅𝑅 during the worst scenario. Two constraints are formulated to archive the 

goal of supplying the load of the rig only through HESS as shown below,  

𝑉𝑉𝐹𝐹𝐹𝐹 ≥ 𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿, (3.24) 

𝑉𝑉𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝜂𝜂𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 ≥ 𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑅𝑅𝑅𝑅𝑅𝑅 𝑇𝑇𝑅𝑅, (3.25) 

 

where constraint (3.24) ensures the output power of the fuel cell is greater than the 

peak load while (3.25) ensures the hydrogen energy stored in the salt cavern is enough 

to cover rated load during the resilience duration. 

B. HESS Resilience Model 

              In BESS resilience model, HESS will not be considered as a backup storage, 

instead, BESS will take over the responsibility of supplying the power to the offshore 

platforms when the wind power is not available. Similar to (3.24) and (3.25), (3.26) 

and (3.27) describe the power limit and energy limit respectively for BESS shown as, 
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𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 ≥ 𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 , (3.26) 

𝑉𝑉𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝜂𝜂𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 ≥ 𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑅𝑅𝑅𝑅𝑅𝑅 𝑇𝑇𝑅𝑅 . (3.27) 

C. Joint Resilience Model 

              In the joint resilience model, BESS and HESS are designed to power the 

offshore load together during the worst scenario. Table 3.1 summarizes the proposed 

three resilience models. Constraints are formulated in (3.28) and (3.29) which are 

represented by the sum of the previous two models as below, 

𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 +  𝑉𝑉𝐹𝐹𝐹𝐹 ≥ 𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 , (3.28) 

𝑉𝑉𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝜂𝜂𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 + 𝑉𝑉𝐶𝐶𝐶𝐶𝐶𝐶𝜂𝜂𝐹𝐹𝐹𝐹 ≥ 𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑅𝑅𝑅𝑅𝑅𝑅 𝑇𝑇𝑅𝑅 . (3.29) 

Table 3.1 Formulations of Resilience Models 

Resilience Models Constraints 
A. HESS Resilience Model (3.1)-(3.23), (3.24)-(3.25) 
B. BESS Resilience Model (3.1)-(3.23), (3.26)-(3.27) 
C. Joint Resilience Model (3.1)-(3.23), (3.28)-(3.29) 

 

3.2.3 Results Analysis 

              A typical 50 MW offshore platform is applied as a test bed to evaluate the 

proposed OHRES model. The traditional model that uses diesel generators to power 

the offshore platform is set as a benchmark model. The load profile of the test bed 

offshore platform is shown in Fig. 3.1. The load profile of the offshore platform does 

not fluctuate like the residential load since it operates 24 hours and 80% of the load is 

from mining and oil processing [40]. 
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Fig. 3.1 Load profile of offshore platform. 

              The offshore WTs rated at 3 MW each are modeled in these case studies. 

Different from the onshore WTs, the offshore WTs cost much higher on the 

construction part. The wind power is scaled by the data from [41] for a typical day at 

GOM. The wind profile in Fig. 3.2 represents the available wind power for each WT. 

Also, the initial tests are based on the pre-set parameters shown in Table 3.2 including 

the costs for WTs, BESS, electrolyzer, fuel cell, compressor and salt cavern. The 

charging and discharging efficiency for BESS are set to 90% while it is 70% for 

electrolyzer and 60% for fuel cell respectively.  

 

Fig. 3.2 Wind power profile for a 3 MW unit. 
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Table 3.2 Cost parameters 

System WT 
(3MW) 

BESS 
(MWh) 

El 
(MW) 

FC 
(MW) 

Comp 
(MW) 

Cavern 
(Ton) 

Cost \ million $ 20 0.35 1.2 1 0.04 0.035 
 

              Tables 3.3-3.6 represent the results of the optimal 20-year planning cost for 

the OHRES basic and resilience models based on different length of 𝑇𝑇𝑅𝑅. The average 

cost is calculated based on the total electricity consumption for a typical 50MW 

offshore platform that would consume 8,760,000 MWh in 20 years. From the results, 

we can observe that with the increase of 𝑇𝑇𝑅𝑅, the average electricity cost increases for 

all models A, B and C. However, the costs for the basic model remain the same 

because the resilience is not considered there. Comparing with model A and model B, 

we can find that the costs for model A is higher than model B when 𝑇𝑇𝑅𝑅 equals to 6 

hours. If the 𝑇𝑇𝑅𝑅 is greater than 6 hours, the costs for model A is lower than model B. 

This indicates that HESS has advantages when large amount of energy capacity is 

planned. For the joint model, model C has the best performance with least costs 

among all three resilience models. Fig. 3.2 presents the individual costs for the main 

components of model C in Table III. The OHRES results shown in Table VII is the 

results of model C from Table III. From the results, the capital cost accounts for a 

majority portion of the total cost in the OHRES model, while the operation cost 

(mainly fuel cost) is the dominating cost for traditional systems. The CO2 emissions 

can be reduced from 526,000 tons to zero if the traditional system is replaced by the 

proposed OHRES model on a 50 MW offshore platform.  
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Table 3.3 Results with 𝑇𝑇𝑅𝑅 of 6 hours 

Models Basic A B C 
WT 42 43 42 42 

BESS (MWh) 77.39 34.19 315.79 74.18 
El (MW) 0.16 29.76 0 22.77 
FC (MW) 0.18 60.25 0 41.71 

Cavern (kg) 33.64 15151.5 0 11592.3 
Capital ($ in Million) 867.51 986.62 950.53 949.29 

Operation ($ in Million) 51.78 73.80 99.33 72.79 
Total ($ in Million) 919.28 1060.42 1049.86 1022.08 
Average ($/MWh) 104.94 121.05 119.85 116.68 

 

Table 3.4 Results with 𝑇𝑇𝑅𝑅 of 12 hours 

Models Basic A B C 
WT 42 43 42 42 

BESS (MWh) 77.39 34.19 631.58 74.18 
El (MW) 0.16 59.52 0 52.53 
FC (MW) 0.18 60.25 0 41.71 

Cavern (kg) 33.64 30303.0 0 26743.8 
Capital ($ in Million) 867.51 1041.03 1061.05 1003.7 

Operation ($ in Million) 51.78 88.09 162.49 87.07 
Total ($ in Million) 919.28 1129.12 1223.54 1090.77 
Average ($/MWh) 104.94 128.89 139.67 124.52 

 

Table 3.5 Results with 𝑇𝑇𝑅𝑅 of 18 hours 

Models Basic A B C 
WT 42 43 42 42 

BESS (MWh) 77.39 34.19 947.37 74.18 
El (MW) 0.16 89.29 0 82.29 
FC (MW) 0.18 60.25 0 41.71 

Cavern (kg) 33.64 45454.5 0 41895.3 
Capital ($ in Million) 867.51 1095.43 1171.58 1058..1 

Operation ($ in Million) 51.78 102.38 225.65 101.36 
Total ($ in Million) 919.28 1197.81 1397.23 1159.46 
Average ($/MWh) 104.94 136.74 159.50 132.36 
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Table 3.6 Results with 𝑇𝑇𝑅𝑅 of 24 hours 

Models Basic A B C 
WT 42 43 42 42 

BESS (MWh) 77.39 34.19 1263.16 74.18 
El (MW) 0.16 119.05 0 112.06 
FC (MW) 0.18 60.25 0 41.71 

Cavern (kg) 33.64 60606.1 0 57046.8 
Capital ($ in Million) 867.51 1149.84 1282.11 1112.51 

Operation ($ in Million) 51.78 116.66 288.81 115.64 
Total ($ in Million) 919.28 1266.50 1570.91 1228.15 
Average ($/MWh) 104.94 144.58 179.33 140.20 

 

 

Fig. 3.3 Cost distribution for Model C in Table 3.3. 

 

Table 3.7 Comparisons between OHRES and traditional model 

Model Capital 
(Million) 

Operation 
(Million) 

Total 
(Million) Average ($/MWh) Emission 

(tons) 
Traditional 12.5 788.4 800.9 91.42 526,500 

OHRES 949.29 72.79 1022.08 116.68 0 
 

3.3 Resilient Operational Planning for Microgrid 

              There has been an increase in extreme events in the last few years that 

negatively and substantially impact our power system infrastructures, affecting 

$840.00 M

$25.96 M

$27.32 M

$41.71 M
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generation, transmission, and distribution of electric power, leading to disruptions of 

the power services to consumers. Consequently, it is important that future power 

system models consider methods for resilience enhancement. 

              Microgrid is a low-voltage local power system consisting of controllable 

distributed energy resources (DERs) and renewable DERs over a small territory [42]-

[44]. Therefore, a microgrid on its own is inherently a resilience enhancement 

resource for the main power grid thanks to its ability to isolate and meet its local 

demand independently when an extreme event affects the transmission network or 

other important infrastructure of the main power systems [45]. However, microgrids 

are also vulnerable to these extreme events and can present issues internally that need 

to be addressed by appropriate resilience enhancement methods. Inverter failure rates 

are considered constant during continued normal operation, as any failure would be 

due to random event [46]. In the short-term, this would result in random failures 

occurring to any inverter at random as well. Under extreme weather scenarios, this 

inverter failure probability is increased and can largely affect the microgrid resilience. 

Therefore, it is important to consider and design operational models that include 

inverter failure probabilities to accurately determine the total generation that will be 

available during an extreme event. 

              A state-of-the-art overview showed that standard power system reliability 

assessments exclude the wear-out failure of power electronics and concluded that for 

reliability-oriented design and planning for microgrids involving a large installed 

capacity of power electronics-interfaced DERs, it is crucial to consider their 



42 
 

probability of failure [47]. Still, even though there is substantial research in the area of 

microgrid system resilience and strategies to ensure microgrids can continue to serve 

their most critical loads during extreme events, most of the research focuses on 

strategies related to prior scheduling of resources, system reconfigurations, 

component-based outage management, and forecasting methods to predict severity and 

level of disruption during these events [45]. Very limited research efforts investigate 

microgrid management considering the failure of inverter-based DERs and how to 

implement these to achieve a more resilient operational planning. 

              Holistic approaches for assessing threats and vulnerabilities in a microgrid as 

well as defining resilience metrics are proposed in [48] and [49]. The resilience 

metrics are defined based on a quantification of microgrid properties associated to the 

impact of an extreme event, and are defined as threats, vulnerability, and vulnerability 

impacts, each dependent on the other. These quantified properties are used to 

determine a risk parameter that can be applied to determine a resilience metric. 

However, both [48] and [49] do not consider probabilities of inverter failures or other 

components associated to the power generation of the microgrid. A statistical 

framework to quantify the resilience of a microgrid and ensure critical demand is met 

during islanding scenarios is developed in [50], where the system-level resilience 

metric uses asset-level reliability data and develops a dispatch routine for islanded 

operation to improve microgrid resilience. However, [50] focuses on optimization of 

available assets and implements dispatching strategies subject to failure rates in real-

time once the disruption event is in progress. There is no consideration of inverter 
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failure-induced loss of DER, nor does it prepare the microgrid for possible scenarios 

beforehand. 

              A resilience-constrained operation strategy is proposed in [51] which uses a 

battery energy storage system (BESS) as a resilience resource by defining resiliency 

cuts for the state of charge of the BESS units. Although these resiliency cuts ensure 

the survivability of critical load by setting charge level limits in the BESS, this 

approach does not consider the probability of failure of the BESS themselves or the 

inverters associated with those units. A holistic operation failure rate model of power 

electronics systems based on overall reliability assessment is performed in [52], which 

features a component reliability model that involves empirical and physical models to 

determine operation failure rate of devices, which are then used as reliability metrics 

applied to a short-term outage model. Although [52] does consider failure of the 

power electronics of the DER, it mainly focuses on the system reliability, and it does 

not consider system resilience for extreme events outside a short-term low-impact 

outage. 

              Since inverter failure can lead to the loss of interconnected energy sources 

and hence affect a microgrid’s reliability and power supply capability, this section 

proposes a Resilient Operational Planning (ROP) algorithm that optimizes a resilience 

metric for microgrid survivability rate (SR). The ROP algorithm incorporates 

predicted values of inverter failure probability at different stages of an extreme event 

to minimize the loss of power supply to critical loads and maximize the microgrid’s 

resilience. 
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3.3.1 ROP Optimization Model Formulation 

              The ROP algorithm presented here supports decision-making for three stages 

of an extreme event: pre-contingency, during-contingency, and post-contingency 

phases. A defined time period T of the extreme event is divided into three sub-sets for 

the duration of these three stages, and inverters are assigned different probabilities of 

failure for each stage, with the during-contingency phase having the highest 

probability of failure. Based on these failure probabilities at each time interval t, a 

large number of scenarios is generated consisting of instances at which, if the 

particular scenario occurs, the inverter will fail at the end of that time interval if used. 

              The objective of the ROP optimization model is to maximize the resilience 

metric SR that is defined as the sum of the expected values of the successful scenarios 

where the power supplied by the microgrid never drops below a predefined percentage 

of critical load throughout the time period T. This is mathematically described by 

(3.30) as shown below, 

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑆𝑆𝑆𝑆 = �𝑋𝑋𝜔𝜔𝜌𝜌𝜔𝜔
𝜔𝜔∈Ω

. (3.30) 

              Correlations may exist between inverters, however that will depend on the 

type of RES and inverters used, as well as the layout of the renewable generators. Here, 

the inverter failure probabilities are assumed to be independent from each other given 

that the extreme events considered are short term, and random inverter failure rates are 

generally constant. 

              As a result of the consideration of an extreme event such as a high category 

hurricane or a severe winter storm, the microgrid will be considered to be in islanded 
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operation, assuming the main grid failed as a result of the disaster. The microgrid will 

only rely on controllable DERs, such as diesel generators (DG), micro-turbines (MT), 

and fuel cells (FC), and a set of inverters associated to renewable DERs to meet its 

demand. The inverters are subject to fail and the output of the optimization model will 

determine the decision of which distributed generators to dispatch to cover all possible 

scenarios, as well as which inverters to keep online during the time intervals of the 

disruptive event to ensure a high reliability in as many scenarios as possible and 

explore how the acceptable percentage threshold α of critical load affects the number 

of possible successful scenarios. 

              The microgrid will feature controllable generators for additional output in 

case renewable generation is not enough, constraints (3.31)− (3.32) represent the 

output and ramping limits of each generator, respectively. Constraints (3.33)−(3.38) 

model the availability, failure, and decision of utilizing the inverters at each time 

interval for every scenario. When the inverter is destined to fail and it is used, 

(3.35)−(3.38) ensure that the inverter becomes unavailable for the next time interval 

and remains unavailable for the rest of the time period, and if it is not used, it will 

remain available. Equation (3.39) defines the total available power in the microgrid to 

supply the critical load. (3.40)− (3.42) determine whether the critical load was 

successfully met at that particular time interval t for that scenario ω, and the successful 

indicator will be 1 when the critical load is met or 0 when it is not by implementing 

the “Big-M” strategy on constraints (3.40)− (3.42). Finally, (3.43)− (3.44) define 

whether a scenario can be considered successful: if it does not present any 
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unsuccessful time interval when the available power drops below the user-prespecified 

acceptable threshold of critical load. The constraints for ROP are listed as: 

𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚,𝑔𝑔
𝐺𝐺 𝑢𝑢𝑔𝑔,𝑡𝑡

𝐺𝐺 ≤ 𝑃𝑃𝑔𝑔,𝑡𝑡,𝜔𝜔
𝐺𝐺 ≤ 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚,𝑔𝑔

𝐺𝐺 𝑢𝑢𝑔𝑔,𝑡𝑡
𝐺𝐺   ,∀𝑔𝑔 ∈ 𝐺𝐺, 𝑡𝑡 ∈ 𝑇𝑇,𝜔𝜔 ∈ Ω, (3.31) 

−𝑅𝑅𝑔𝑔𝐺𝐺 ≤ 𝑃𝑃𝑔𝑔,𝑡𝑡,𝜔𝜔
𝐺𝐺 − 𝑃𝑃𝑔𝑔,𝑡𝑡−1,𝜔𝜔

𝐺𝐺 ≤ 𝑅𝑅𝑔𝑔𝐺𝐺   ,∀𝑔𝑔 ∈ 𝐺𝐺, 𝑡𝑡 ∈ 𝑇𝑇,𝜔𝜔 ∈ Ω, (3.32) 

𝑣𝑣𝑖𝑖,𝑡𝑡,𝜔𝜔
𝐼𝐼 ≤ 𝑢𝑢𝑖𝑖,𝑡𝑡,𝜔𝜔

𝐼𝐼  ,∀𝑖𝑖 ∈ 𝐼𝐼, 𝑡𝑡 ∈ 𝑇𝑇,𝜔𝜔 ∈ Ω, (3.33) 

𝑢𝑢𝑖𝑖,𝑡𝑡,𝜔𝜔
𝐼𝐼 ≤ 𝑢𝑢𝑖𝑖,𝑡𝑡−1,𝜔𝜔

𝐼𝐼 ,∀𝑖𝑖 ∈ 𝐼𝐼, 𝑡𝑡 ∈ 𝑇𝑇,𝜔𝜔 ∈ Ω, (3.34) 

𝑤𝑤𝑖𝑖,𝑡𝑡,𝜔𝜔
𝐼𝐼 ≥ 𝑣𝑣𝑖𝑖,𝑡𝑡,𝜔𝜔

𝐼𝐼 + 𝑓𝑓𝑖𝑖,𝑡𝑡,𝜔𝜔
𝐼𝐼 − 1,∀𝑖𝑖 ∈ 𝐼𝐼, 𝑡𝑡 ∈ 𝑇𝑇,𝜔𝜔 ∈ Ω, (3.35) 

𝑤𝑤𝑖𝑖,𝑡𝑡,𝜔𝜔
𝐼𝐼 ≤ 𝑣𝑣𝑖𝑖,𝑡𝑡,𝜔𝜔

𝐼𝐼 ,∀𝑖𝑖 ∈ 𝐼𝐼, 𝑡𝑡 ∈ 𝑇𝑇,𝜔𝜔 ∈ Ω, (3.36) 

𝑤𝑤𝑖𝑖,𝑡𝑡,𝜔𝜔
𝐼𝐼 ≤ 𝑓𝑓𝑖𝑖,𝑡𝑡,𝜔𝜔

𝐼𝐼 ,∀𝑖𝑖 ∈ 𝐼𝐼, 𝑡𝑡 ∈ 𝑇𝑇,𝜔𝜔 ∈ Ω, (3.37) 

𝑢𝑢𝑖𝑖,𝑡𝑡+1,𝜔𝜔
𝐼𝐼 ≤ 1 −𝑤𝑤𝑖𝑖,𝑡𝑡,𝜔𝜔

𝐼𝐼 ,∀𝑖𝑖 ∈ 𝐼𝐼, 𝑡𝑡 ∈ 𝑇𝑇,𝜔𝜔 ∈ Ω, (3.38) 

∑ 𝑃𝑃𝑔𝑔,𝑡𝑡,𝜔𝜔
𝐺𝐺

𝑔𝑔∈𝐺𝐺 + ∑ 𝑃𝑃𝑖𝑖,𝑡𝑡𝐼𝐼 𝑣𝑣𝑖𝑖,𝑡𝑡,𝜔𝜔
𝐼𝐼

𝑖𝑖∈𝐼𝐼 = 𝑃𝑃𝑡𝑡,𝜔𝜔
𝑁𝑁𝑁𝑁𝑁𝑁 ,∀𝑡𝑡 ∈ 𝑇𝑇,𝜔𝜔 ∈ Ω, (3.39) 

𝑌𝑌𝑡𝑡,𝜔𝜔 ≤ 𝑃𝑃𝑡𝑡,𝜔𝜔
𝑁𝑁𝑁𝑁𝑁𝑁 − 𝛼𝛼𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐,𝑡𝑡

𝐿𝐿 + 𝑀𝑀 ∙ �1 − 𝑋𝑋𝑡𝑡,𝜔𝜔
𝑇𝑇 � ,∀𝑡𝑡 ∈ 𝑇𝑇,𝜔𝜔 ∈ Ω, (3.40) 

𝑌𝑌𝑡𝑡,𝜔𝜔 ≥ 𝑃𝑃𝑡𝑡,𝜔𝜔
𝑁𝑁𝑁𝑁𝑁𝑁 − 𝛼𝛼𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐,𝑡𝑡

𝐿𝐿  ,∀𝑡𝑡 ∈ 𝑇𝑇,𝜔𝜔 ∈ Ω, (3.41) 

0 ≤ 𝑌𝑌𝑡𝑡,𝜔𝜔 ≤ 𝑀𝑀𝑋𝑋𝑡𝑡,𝜔𝜔
𝑇𝑇  ,∀𝑡𝑡 ∈ 𝑇𝑇,𝜔𝜔 ∈ Ω, (3.42) 

𝑋𝑋𝜔𝜔 ≤ 𝑋𝑋𝑡𝑡,𝜔𝜔
𝑇𝑇  ,∀𝑡𝑡 ∈ 𝑇𝑇,𝜔𝜔 ∈ Ω, (3.43) 

�𝑋𝑋𝑡𝑡,𝜔𝜔
𝑇𝑇

𝑡𝑡∈𝑇𝑇

− (𝑇𝑇 − 1) ≤ 𝑋𝑋𝜔𝜔 ,∀𝜔𝜔 ∈ Ω. (3.44) 

              Since there are probabilities and scenarios involved, this model becomes a 

stochastic optimization problem, with the probability of each scenario determined 

based on the combination of the individual failure probabilities at each time interval 

for each inverter. To set a case for comparison, the loss of critical load of the ROP will 
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be compared with the critical load loss resulting from the implementation of a regular 

MEM [53]−[54]. 

3.3.2 ROP Algorithm 

              There are two main steps of the proposed ROP algorithm, resilient 

operational planning optimization and SR enhancement. The ROP algorithm flowchart 

is presented in Fig 3.4. In the ROP optimization step, the scenarios are generated 

based on the given inverter failure probabilities following a scenario generation 

algorithm that is illustrated in Algorithm 1. The inverter failure probabilities are 

assumed to be previously obtained and are used to generate the scenarios that serve as 

input to the ROP optimization model. This approach is taken because accurate 

estimation of inverter failure would require significant field data to achieve confidence, 

and this information is merely used as an input to the algorithm in the scope of this 

section. In the optimization model, binary variable 𝑋𝑋𝜔𝜔  would be 1 only when the 

aggregated power is enough to supply the critical load for all time intervals in scenario 

ω. The ROP optimization of section 2 will maximize the expectation of 𝑋𝑋𝜔𝜔 for all the 

input scenarios. The resilience metric SR refers to the expectation value of 𝑋𝑋𝜔𝜔, which 

represents the possibility that the MG can supply the critical load under the given 

inverter failure probabilities. 
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Algorithm 1: Scenario generation of ROP algorithm. 
1. Set the total time period T and number of inverters I. 
2. Obtain the failure probability for each inverter. 
3. Set the desired scenario number Ω and initialize 𝜔𝜔 = 1. 
4. If 𝜔𝜔 ≤ Ω, create a matrix of (T,I). 
5. Else Stop Algorithm. 
6. For 𝑡𝑡 𝑖𝑖𝑛𝑛 𝑇𝑇 
7.     For 𝑖𝑖 𝑖𝑖𝑖𝑖 𝐼𝐼 
8.         Set 𝑋𝑋 = 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(0,1) 
9.         If 𝑋𝑋 ≤ 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝, set (t,i) = 1. 
10.         Else Set (t,i) = 0. 
11.     end For 
12. end For 
13. 𝜔𝜔 = 𝜔𝜔 + 1, and go to step 4. 
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Fig. 3.4 ROP algorithm flowchart. 

3.3.3 Results Analysis 

              To validate the effectiveness of the proposed ROP algorithm, a typical 

islanded MG system is modeled in this section. The testbed MG system includes three 

controllable DER units which are MT, FC, and DG. The parameters of the controllable 

DERs are shown in Table 3.8. Ten inverter-based renewable DER units including 

wind turbine and solar photovoltaics are modeled in the MG system. Only the 
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inverter-based renewable DERs are assumed to be subject to fail in this case study. 

The load data which represents a community microgrid with 1000 residential houses is 

collected by Pecan Street Dataport [22]. The critical load is set to 20% of the total load. 

The failure percentage of inverter is assumed to be provided by a third party. The 

scenarios of inverter failure are generated using the provided failure probabilities. 

Table 3.8 Comparisons between OHRES and traditional model 

DER 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚,𝑔𝑔
𝐺𝐺  𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚,𝑔𝑔

𝐺𝐺  𝑅𝑅𝑔𝑔𝐺𝐺 Op-Cost NL Cost SU Cost 
MT 18 kW 180 kW 240 kW/h 0.08 $/kWh $3.4 $5 
FC 12.7 kW 75 kW 280 kW/h 0.18 $/kWh $1.74 $3.5 
DG 14 kW 80 kW 170 kW/h 0.16 $/kWh $2 $5 

 

              Figure 3.5 presents a distribution of the total number of inverter failures 

under certain failure probability. A total of 10,000 scenarios is generated, and all the 

inverter failure probabilities are assumed to be 1% in this example. From Figure 3.5, it 

can be observed that most generated scenarios have zero inverter failures. Also, there 

is no scenario that contains 5 or more inverter failures at the same time. All the 

sensitivity tests and results shown in the rest of the section are conducted with 

generated scenarios like those shown in Figure 3.5. The scenarios for each test differ 

by the inverter failure probabilities and time intervals.  
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Fig. 3.5 Sample of inverter failure number distribution. 

              Table 3.9 presents 6 cases of inverter failures. From C1 to C6, the inverter 

failure probabilities increase gradually. Each case’s probabilities are applied to 

generate a group of scenarios to evaluate the performance of the proposed algorithm. 

The length of the time interval is four hours. Besides the ROP algorithm, a benchmark 

MEM model is also set, whose objective is to minimize the total operating cost. The 

term SR is used to refer to the expectation value of the probability that the MG system 

can support enough power to a percentage of critical load. The percentage of critical 

load α is set to 100% in all the tests in Table 3.9. To evaluate the performance of the 

proposed optimization model, all values of SR are based on the ROP algorithm that 

excludes the resilient enhancement step in Table 3.8. The SR of C1 is 95% and is 

expected to decline steadily with the gradual increase of inverter failure probabilities 

from C1 to C6. The results shown in Table 2 meet the expectation, and these cases 
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will be used to model the different events for further analysis of the proposed ROP 

algorithm.  

Table 3.9 Different cases of inverter failure and related probability 

 Case C1 
[%] 

C2 
[%] 

C3 
[%] 

C4 
[%] 

C5 
[%] 

C6 
[%] 

Prob. of inverter 
failure (10 
Inverters) 

1 0.5 1 1 2 3 5 
2 0.5 1 1 2 3 5 
3 0.5 1 1 2 3 5 
4 0.5 1 1 2 3 5 
5 0.5 1 1 2 3 5 
6 0.5 1 2 2 3 5 
7 0.5 1 2 2 3 5 
8 0.5 1 2 2 3 5 
9 0.5 1 2 2 3 5 
10 0.5 1 2 2 3 5 

Microgrid SR ROP 95 90 86 82 73 58 
MEM 86 73 63 55 40 22 

 

              Figure 3.6 compares the summary statistics of SR for ROP and MEM 

according to Table 2. As can be seen from the figure, both groups of SR decrease from 

C1 to C6. However, for the same cases, the ROP algorithm can achieve substantially 

higher SR than the MEM algorithm. Also, the difference in SR between ROP and 

MEM increases from C1 to C6. In other words, when the inverter failure probabilities 

increase, the proposed ROP has greater ability to enhance the value of SR compared to 

the MEM algorithm. From Figure 3.6, we can find that the performance of the ROP 

algorithm is solid and can improve the reliability of an MG significantly. 
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Fig. 3.6 Plot of survivability rate. 

              Table 3.10 presents the correlation between the value of SR and the pre-set 𝛼𝛼 

value. The probabilities of inverter failure are set to those of C1 from Table 3.9. The 

length of time interval is set to four hours. On the other hand, the value of SR will 

always be 100% when 𝛼𝛼 value is below 95%. When 𝛼𝛼 is 98%, the value of SR barely 

decreases to 99.5%, which means the MG is able to supply 98% power of critical load 

for almost all the generated scenarios. When 𝛼𝛼 increases to 100%, the value of SR 

decreases to 94.5%. If we further increase 𝛼𝛼 to 105% the MG fails to supply enough 

power due to the aggregated available power being less than 105% of the critical load 

even when there is no inverter failure. 

Table 3.10 Survivability Rate sensitivity test of 𝛼𝛼 

𝛼𝛼 90% 95% 98% 100% 102% 105% 
SR 100% 100% 99.5% 94.5% 94.2% 0% 
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              To further evaluate the ROP algorithm, different events are created with 

different inverter failure probabilities and longer time intervals. There are a total of 

three events as shown in Figure 3.7. All events are designed with a 12-hour time 

period. The 12 hours are split into three stages: pre-contingency (hour 1−4); on-

contingency (hour 5−8); and post-contingency (hour 9−12). Each designed period 

will apply a certain case of inverter failure probabilities from Table 3.9. For non-

emergency events, all three periods follow the probability from C1, which represents a 

normal condition with low inverter failure probabilities. The moderate event applies 

C2-C5-C2 for the inverter failure probabilities of the three stages, which represent a 

moderate condition such as a storm. The extreme event’s inverter failure probabilities 

follow C2-C6-C2 for the three stages, which represents an extreme condition such as a 

hurricane. The worst condition will result on higher inverter failure probabilities. 

Figure 4 illustrates the inverter failure probabilities that are calculated based on the 

generated scenarios. The probability patterns follow the previously mentioned cases 

for each event. By implementing the different events, the effectiveness of the 

resilience improvement of the proposed ROP algorithm is verified. 
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Fig. 3.7 Probability of at least one inverter failure under different events. 

              Table 3.11 represents the results from the implementation of the events from 

Figure 3.7. The value of SR for the non-emergency event is 96.2% which is over the 

pre-set value 95%, which reveals that the MG satisfies the requirement, and no extra 

DG is needed. For the moderate event, the value of SR drops significantly to 36% so 

the algorithm is adding an extra DG to the system. Note that the capacity of the extra 

DG is equivalent to the capacity of one of the inverter-based renewable energy sources. 

After implementing an extra DG to the system, the value of SR is updated to 97% 

which satisfies the requirement. The value of SR drops to 22.3% when testing the 

extreme event. Therefore, the same procedure of adding an extra DG is performed by 

the algorithm. However, after dispatching the extra DG, the value of SR increases to 

94%, still not yielding the pre-set value. As a result, an additional DG is dispatched, 

and the SR value is finally improved to 99.9%. 

 

0.0%

0.1%

0.2%

0.3%

0.4%

0.5%

0.6%

1 2 3 4 5 6 7 8 9 10 11 12

Pr
ob

ab
ili

ty

Time /Hour

Non-emergency Event

Moderate Event

Extreme Event



55 
 

Table 3.11 Evaluation of ROP under different events 

SR ROP Add 1 DG Add 2 DG 
Non-emergency Event 96.2% / / 

Moderate Event 36% 97% / 
Extreme Event 22.3% 94% 99.9% 

 

3.4 Summary 

              This section delves into a feasibility test and economic analysis of the 

OHRES model. Three resilience models are designed to enhance the reliability of the 

OHRES model by imposing extra power capability and energy storage of BESS and/or 

HESS. The total cost of OHRES model increases with a higher level of resilience. 

Based on the current unit costs, the average electricity cost of the OHRES models are 

higher than the traditional onsite diesel generators. Also, the statistical economic 

results of the proposed system give an insight regarding when the OHRES model will 

be more economical than the traditional diesel generators with the decreasing cost of 

renewable units. To summarize, the OHRES model is feasible to replace the 

traditional system while maintaining the system reliability, and its zero emission 

benefits largely contribute to global decarbonization. 

              A novel resilient operational planning algorithm is proposed in section 3.2. 

The main contribution is that the proposed ROP algorithm can incorporate predicted 

values of inverter failure probabilities at different stages of extreme events to 

minimize the loss of power supply to critical loads. In addition, a microgrid 

survivability rate as a resilience metric is proposed to quantify the possibility that the 

microgrid will be able to supply enough power to its critical loads. The proposed 
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algorithm consists of the ROP optimization step and a resilience enhancement step. In 

the ROP optimization step, the SR is obtained, and the resilience enhancement step 

further improves the SR if needed. As demonstrated in the case studies section, 

numerical tests validate the effectiveness of the proposed ROP optimization obtaining 

a higher SR value than the cost-based optimization of a traditional MEM. Also, it is 

demonstrated that the proposed algorithm is able to improve the SR value of an MG 

system by analyzing different extreme events causing different inverter failure 

probabilities. In summary, the proposed ROP algorithm further reinforces an MG’s 

ability to handle the critical load during emergency conditions. 
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4. MICROGRID ENERGY MANAGEMENT WITH BATTERY 
DEGRADATION MODEL 

4.1 Literature Review 

              The proportion of RES in power generation is growing significantly. 

However, the system stability is substantially weakened by the stochastic and 

intermittent generation of high penetration RES. Battery energy storage system 

(BESS) is an effective flexible solution for addressing the uncertainty of variable RES 

induced system [55]. Thus, much more BESSs will be available in bulk power systems 

and small-scale microgrids in near future.  

              The characteristic of rechargeable chemical battery makes it degrade during 

cycling. This degradation can be accelerated by extreme fast charging or discharging 

cycles, extreme low or high ambient temperature and over charging or over 

discharging. However, the internal states of battery remain difficult to estimate while 

the battery is taking a more important role as BESS in power energy systems [7]. 

Therefore, the battery degradation is quite hard to predict. The working principle of a 

BESS is similar to a voltage source in series with impedances, but the operating 

conditions and environments are various for BESS in microgrids, as well as in bulk 

power systems. Thus, the BESS model cannot be simply treated as a voltage-source 

based model [56]. Li-ion battery (LiB) has been widely used as energy storage due to 

its high energy density and low memory effect nature. LiB degrades mainly because of 

the loss of Li-ions, the loss of electrolyte and the increase of internal resistance [57]. 

During battery cycling, the influential factors that cause the degradation include the 

battery operating ambient temperature, charging/discharging rate, state of charge 
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(SOC), state of health (SOH), and depth of discharge (DOD) [58]. 

              Previous studies have developed some energy management strategies for 

BESS-integrated microgrids. In [59]−[65], it has been proved that the BESS can be 

seamlessly integrated into microgrid especially for those microgrids with high 

penetration renewable energy sources. However, battery degradation is not considered 

in those energy management strategies.  

              Some simple models of battery degradation are proposed in the literature. In 

[66], DOD is used to calculate the remaining useful cycles. The battery degradation is 

estimated based on the remaining useful battery cycle and the actual capacity. The 

only variable considered in [66] is the DOD and they assume the degradation process 

to be linear throughout the battery life which is not reasonable. Similar to [66], 

[67]−[70] pro-posed some DOD based models to estimate the battery degradation for 

each cycle which omits other important degradation factors. Pascali in [71] adopts the 

Butler-Volmer equation for battery degradation model to illustrate the diffusion of the 

solvent reactants. However, the degradation data are based on the experiment for 

different discharge currents and SOC values, which are not sufficient as they omit 

other important factors contributing to battery degradation. As mentioned in 

[72]−[76], the linear assumption of battery degradation may simplify the problem and 

reduce the computational difficulty, but the degradation value may not be accurately 

predicted. In summary, these popular heuristic battery degradation models can be 

represented as two battery degradation models [77]: (i) linear degradation model that 

applies a linear degradation cost based on the power output or the energy usage which 
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may lead to a large error on battery degradation quantification, and (ii) DOD and/or 

SOC based model that considers DOD and/or SOC as the input which omits the other 

important degradation factors such as charge/discharge rate and ambient temperature. 

              A temperature based battery degradation model is proposed in [78] for 

electric vehicle (EV). However, the model is only reflected by the internal temperature 

of EV’s battery pack and may not suitable for the BESS. Saldana’s paper [79] 

proposed a battery degradation matrix reference for EV. Whereas, it is impractical to 

consider this model in the microgrid day-ahead scheduling (MDS) problem due to the 

computational complexity in the optimization problem. The electric vehicle has been 

researched and con-ducted in the V2G system in [80]−[81] due to the similarity 

between EV and BESS. On the other hand, an important EV battery degradation 

factor, the charge/discharge rate, is neglected in those papers which may lead to an 

inaccurate battery degradation prediction. A data driven degradation model is 

presented in [82]. A quadratic equation is formed based on the collected data; 

however, the data are collected only under different profiles of DOD and SOC which 

omits other degradation related factors. References [83]−[85] present some advanced 

methodology to predict the lifetime of the battery cell and then the degradation can be 

averaged for each cycle. However, those methodologies are specially designed for the 

battery aging tests in which the battery’s cycle is set as a fixed charge or discharge 

rate. In other words, the battery degradation or remaining cycle prediction is based on 

the fixed charging or discharging cycles in those methodologies. Therefore, they 

cannot reflect the degradation prediction for usage-based BESS due to the battery’s 
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dynamic schedule such as various charge or discharge rates at different time intervals 

in power system/microgrid applications.   

              In summary, there are mainly three gaps for all the afore-mentioned battery 

degradation models, which are addressed in this chapter: 

1) Existing models do not consider all major critical degradation factors. They 

focus on only a couple of variables and ignore other critical factors, which limits the 

accuracy of their battery degradation models.  

2) BESS operations are often very dynamic; for instance, they may have very 

different charge/discharge rates and SOC levels at different time intervals. This is not 

respected by existing methods that are unable to accurately consider such dynamics in 

usage-based battery degradation prediction. 

3) Some existing degradation models are not positioned to be efficiently 

incorporated into MDS. 

              To address the above-mentioned gaps, a fully connected neural network (NN) 

is proposed to train a battery degradation model, and a cycle based battery usage 

processing (CBUP) method is developed for the BESS scheduling to accurately 

predict the battery degradation with the proposed NN model. The input of the NN 

model is a vector of five features including ambient temperature, charging/discharging 

rate, SOC, DOD and SOH. This neural network based battery degradation (NNBD) 

model contains non-linear activation functions in the hidden layers, which makes it 

complex. When incorporating the proposed NNBD model into MDS, we can establish 

a battery degradation based MDS (BDMDS) model that can consider the equivalent 
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battery degradation cost.  

              The BESS scheduling in MDS does not always operate in a fixed charging or 

discharging cycle. Therefore, the CBUP method is designed to fill the research gap 

between the fixed-cycle based NNBD model and the dynamic BESS operation in 

MDS. However, such a complex neural network embedded optimization problem 

would be hard to solve directly. To ad-dress this issue, a neural network and 

optimization decoupled heuristic (NNODH) algorithm is proposed in this section to 

effectively solve the BDMDS problem. The proposed NNODH algorithm iteratively 

solves the transformed BDMDS problem that is decoupled to the battery degradation 

calculation and MDS optimization problems. BESS operation constraints with tighter 

bounds will be generated in each iteration to limit the usage of BESS which can 

reduce the battery degradation and the relevant cost in the next iteration. However, the 

microgrid’s operation cost will increase if the BESS usage is limited. The goal of the 

proposed NNODH algorithm is to find the lowest value for the sum of battery 

degradation cost and microgrid operation cost. It can also record the total cost for each 

iteration and locate the vertex point which is also the optimal solution for the BDMDS 

problem. Three benchmark models are also developed to test and compare the 

performance of the proposed NNODH algorithm. The main contributions of this 

chapter are summarized as follows: 

• Quality analysis is conducted on the heuristic battery degradation models. 

• A set of battery cycle generators is designed to simulate battery degradation 

under different battery operational profiles. The key features (ambient temperature, 
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charge/discharge rate, SOC level, DOD and updated battery energy capacity) that 

affect battery degradation are collected for each cycle.  

• A neural network based battery degradation model with the above five input 

features is proposed in this chapter and it is able to accurately predict the degradation 

respect to the current maximum battery energy capacity. 

• A cycle based battery usage processing method is pro-posed to process the 

BESS profile to correctly incorporate the proposed NNBD model into MDS, 

addressing the inconsistence between the fixed-cycle based NNBD model and BESS 

scheduling.  

• A BDMDS model is proposed to capture the effect of battery degradation by 

incorporating the proposed NNBD model into microgrid energy management.  

• An NNODH algorithm is proposed to efficiently solve the battery degradation 

based MDS model that is hard to solve directly. Four battery usage-limiting MDS 

models, referred to as conserved MDS (CMDS), are developed and used by the 

NNODH algorithm. The optimal scheduling obtained with NNODH leads to the 

lowest total cost including the battery degradation cost and microgrid operation cost. 

• Validation of the performance for the proposed NNODH algorithm is 

conducted. Case studies prove that by limiting the battery operation that leads to lower 

degradation, the total cost can be reduced significantly. 
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4.2 Quality Analysis of Battery Degradation Models 

              Previous studies have proved that BESS can be a perfect solution to deal with 

the uncertainty caused by RESs [86]−[87]. However, none of those papers consider 

the battery degradation of the BESS in their energy management strategy. The main 

component of the majority types of BESS in the current market is lithium-ion battery 

cell. Lithium-ion batteries are connected in parallel and/or series in the battery 

modules. A BESS battery pack consists of multiple battery modules. The chemical 

characteristics of lithium-ion batteries make it degrade during the cycling. This could 

lead to huge battery degradation over the years and result to financial losses for 

investors if it is not considered in the energy management system.  

              Thus, some papers proposed heuristic battery degradation models (BDMs) to 

mitigate the gap that the battery degradation can be considered in the energy 

management system. References [72]− [73] proposed a linear degradation cost 

parameter that is related to the power or energy usage. In other words, they added a 

linear battery degradation cost in the objective function in the scheduling optimization 

problem. A battery degradation model based on the depth of discharge (DOD) of each 

cycle is proposed in [79] and [88]. The degradation is calculated based on the average 

degradation value of each cycle respect to the experimental data that under certain 

DOD. These heuristic models seems reasonable and effective in the battery 

degradation quantification. However, they are not evaluated and compared with the 

real battery aging experiment data.  
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              To evaluate the performance of the popular heuristic BDMs, this section 

conducted a quantity analysis of those BDMs with the real battery aging experiment 

data. A benchmark model is also created based on the true degradation from the 

experiment data to gauge the accuracy of the heuristic BDMs. Also, the real data 

analysis is conducted in this section. Therefore, we will be able to verify the 

performance of the heuristic BDMs and learn the degradation characteristic of the 

lithium-ion batteries. 

4.2.1 Heuristic Battery Degradation Models 

A. Linear Degradation Model: 

              The linear degradation model with a constant degradation rate [72]−[73]. The 

battery degradation cost (BDC) in their proposed BDM is either linear with the power 

usage or the energy usage of BESS. The constant degradation rate is determined with 

the manufacture battery data: dividing the capital cost by the projected total available 

energy as shown in (4.1), where the 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 represents the predicted lifecycle number, 

𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 (𝑘𝑘𝑘𝑘ℎ) represents the maximum energy capacity of BESS and 𝑐𝑐𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 represents 

the total investment costs of BESS. The battery degradation cost is shown in (4.2) 

where  𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵
𝐶𝐶ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎,𝑡𝑡 (𝑘𝑘𝑘𝑘) and  𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎,𝑡𝑡 (𝑘𝑘𝑘𝑘) represent the charging and discharging 

power at time period t respectively. The degradation cost are calculated as below, 

𝑐𝑐𝐵𝐵𝐵𝐵 = 𝑐𝑐𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵/(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 ∗ 𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵), (4.1) 

𝑓𝑓(𝐵𝐵𝐷𝐷𝐶𝐶) = � 𝑐𝑐𝐵𝐵𝐵𝐵 ∗ �𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵
𝐶𝐶ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎,𝑡𝑡 + 𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎,𝑡𝑡�.
𝑡𝑡

 (4.2) 
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B. DOD based Degradation Model 

              The second BDM that proposed in [79] and [88] is based on the DOD value 

for each cycle. The degradation value for each cycle is determined by the average 

cycle degradation under that certain DOD at the experiment data. The DOD value 

versus predicted number of lifecycle is shown in Fig. 4.1 [15]. Different DOD values 

will lead to the different numbers of cycles to reach a certain percent of the original 

capacity. In other words, the degradation value will be different under different DOD 

values. The 𝑐𝑐𝐵𝐵𝐵𝐵
𝐷𝐷𝐷𝐷𝐷𝐷,𝑡𝑡  in this BDM represents the degradation cost variable that is 

determined by different DOD value based on the battery degradation data as shown 

below, 

𝑓𝑓(𝐵𝐵𝐵𝐵𝐵𝐵) = ∑ 𝑐𝑐𝐵𝐵𝐵𝐵
𝐷𝐷𝐷𝐷𝐷𝐷,𝑡𝑡

𝑡𝑡 . (4.3) 

 

Fig. 4.1. Dynamic stress test (DST) under different DOD values [89]. 
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4.2.2 Battery Degradation Data 

              The real battery degradation dataset analyzed in this section is obtained from 

the Battery Archive website [90] that is maintained by Sandia National Lab. It has data 

for over 100 lithium-ion battery aging tests, which are publically available and open 

source for use. Those battery aging tests covers different ambient temperature, charge 

or discharge rate, DOD values and different materials of cathode for the lithium-ion 

batteries. Table 4.1 presents the numbers of the battery aging tests under different 

discharge rates.   

Table 4.1 Distribution of battery aging tests 

Battery Aging Tests # Discharge Rate 
Cathode Type 0.5C 1C 1.5 C 2C 3C 

LCO 7 / / 8 / 
NMC-LCO / / 15 / / 

LFP 7 9 / 6 7 
NCA 29 10 / 6 / 
NMC 8 10 / 6 8 

 

              Fig. 4.2 represents six independent battery aging tests that were tested under 

100% DOD, and 1.5C discharge rate at 25℃ ambient temperature. This figure gives 

an overview of the battery degradation results. The y axis represents the capacity of 

the battery and the x axis represents the cycle number. The capacity is determined by 

the available fully discharge capacity at each cycle. The degradation is calculated by 

the difference in energy capacities between two continuous cycles. From the figure, 

even though the six tests operates at the same condition, we can observe that the 

capacity curve does not overlap. Each battery performs different especially after the 

700 cycles, this is due to the stochastic characteristic of lithium-ion battery. Also, 
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there are a lot of spikes from the capacity curve, those spikes are resulted by 

procedures of battery aging tests. After a certain number of cycling, they conduct a 

lower discharge rate for 1 cycle which results to a higher available discharge capacity 

for that certain cycle. In this case, the normal discharge rate is 1.5C while it is 0.5C for 

those spikes’ cycle. Also, there are some cycles’ capacities dropping down to 0, which 

is because those cycles are in the idle mode. Thus, when we analyze the tests, we can 

ignore those spikes in the following figure. Fig. 3 shows the detail of Fig. 2 by 

limiting the y axis between 0.5 and 3 Ah. From Fig. 3, it is more clearly to observe the 

capacity degrades diversely even under the same aging test condition with the same 

battery. This also indicates the difficulty of the battery degradation prediction. 

              Similar to Figs. 4.2 and 4.3, we also present another groups of battery aging 

tests with lithium ferro-phosphate battery (LFP). Fig. 4.4 shows the battery aging data 

of 4 groups of tests. From the figure, it seems the LFP is even worse in terms of 

performance consistency and stability. Only tests c and d follow the expected trend of 

the expected capacity curve. It is extreme unstable for tests a and b. Thus, we can 

conclude that different types of lithium-ion batteries may perform very differently. 
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Fig. 4.2. Battery capacity curve of HNEI NMC LCO 25℃ 0-100 0.5-1.5C. 

 

Fig. 4.3. Detailed battery capacity curve of NMC LCO 25℃ 0-100 0.5-1.5C. 
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Fig. 4.4. Battery capacity curve of SNL LFP 20-80 0.5C/0.5C 25℃. 

              Fig. 4.5 presents the capacity curve of the same battery with Fig. 4.4 but the 

aging tests are under different discharge rates. The data applied here is the LFP battery 

at 35℃ with 100% DOD. The charge rate is kept at 0.5C while the discharge rate 

varies by 0.5C, 1C, 1.5C and 2C for 4 battery aging tests respectively. From the 

figure, we can tell that the test with 3C discharge rate has the highest degradation 

among all other aging test while the degradation for 1C and 2C discharge rates is 

similar to each other. The 0.5C discharge rate results into the lowest degradation 

value. It seems that a higher discharge rate will lead to a higher degradation value. 
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Fig. 4.5. Battery capacity curve of SNL LFP 0-100 25℃. 

              There are also some battery degradation tests with different ambient 

temperature from the dataset. Fig. 4.6 shows the capacity curve under different 

operating temperature. All the aging tests applied here is under 1C charge rate and 

100% DOD. From Fig.  4.6, we can observe that the higher ambient temperature leads 

to a higher battery degradation value. It takes more cycles for the battery test under 

15℃ to degrade to the same capacity level than the battery aging test under 25℃ and 

35℃. The lowest ambient temperature test that is available is 15℃. We believe that 

the extreme low temperature (lower than freeze point) will fast degrade the battery as 

well [18]. Unfortunately, there is no such real degradation data to prove it. Also, if we 

increase the discharging rate to 2C, the previous conclusion from Fig. 4.6. is not true 

anymore. Fig. 4.7 shows that the battery has the lowest degradation when the ambient 

temperature is at 25℃. This may not be true if we switch to another type of battery.  
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Fig. 4.6. Battery capacity curve of SNL LFP 0-100 1C. 

 

Fig. 4.7. Battery capacity curve of SNL LFP 0-100 2C.               
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one benchmark model. Model 1 and model 2 represent the two popular heuristic 

models mentioned in the previous section, referred to as linear BDM and DOD related 

BDM respectively. The benchmark model represents the averaged degradation value 

for each cycle from the real degradation data. The quality analysis is applied with 

different scenarios including different ambient temperature, charge or discharge rate 

and DOD. Note that the 𝑐𝑐𝐵𝐵𝐵𝐵 and 𝑐𝑐𝐵𝐵𝐵𝐵
𝐷𝐷𝐷𝐷𝐷𝐷,𝑡𝑡 for model 1 and model 2 are determined by 

one group of the aging tests from the real battery degradation data mentioned in 

section III. The battery degradation value of the benchmark model is the average 

degradation for each cycle based on the real battery degradation data under certain 

scenarios. 

              Fig. 4.8 presents the performance of the BDMs under different operating 

ambient temperature. The three groups of battery aging tests from the dataset that we 

applied here are the “100% 1C SNL 15 a”, “100% 1C SNL 25 a” and “100% 1C SNL 

35 a” respectively. We can observe that battery degradation predictions by model 1 are 

the same under different operating ambient temperature, so does model 2. This is 

because these heuristic popular BDMs do not consider the effectiveness of ambient 

temperature in their model. Compared to the benchmark model, the most accurate 

prediction on battery degradation value is model 2 at 15℃. This might be because the 

aging test that determines the 𝑐𝑐𝐵𝐵𝐵𝐵
𝐷𝐷𝐷𝐷𝐷𝐷,𝑡𝑡 in model 2 is under a similar testing condition 

with the aging test of “100% 1C SNL 15”.  The benchmark model shows that the 

average degradation per cycle at 35℃ is double more than 15℃. The degradation 

value at 25℃ increases 25% from 15℃. It seems that a lower ambient temperature 
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may lead to a lower battery degradation value. However, this may not be true; no 

further analysis can be conducted for now since there is no battery aging tests under 

extreme low ambient temperature in the battery archive dataset. From Fig. 4.8, we can 

conclude that the heuristic BDMs predict the battery degradation value with huge 

errors under different operating ambient temperatures. In other words, the heuristic 

BDMs are unable to perform well when dealing with varying ambient temperatures.  

              Fig. 4.9 shows the performance of BDMs under different discharge rates. The 

charge rate is fixed as 0.5C of the selected aging test data. “100% 1C SNL 15 b” and 

“100% 2C SNL 15 b” are the two groups of aging tests that are analyzed here. The 

DOD and the ambient temperature are fixed with 100% and 15℃. From Fig. 4.9, 

similar to the previous analysis, model 1 and model 2 perform the same on the battery 

degradation prediction with different discharge rates. Compared with the benchmark 

model, Model 2 predicts the same degradation value when the discharge rate is 1C. 

However, both model 1 and model 2 have low accuracies on the battery degradation 

prediction at the 2C degradation rate. Thus, we can conclude that the heuristic popular 

BDMs may not work well with different discharge rates. For benchmark model, the 

battery degradation value at 2C discharge rate is higher than it at 1C. We believe the 

3C discharge rate will lead to a much higher degradation value. However, the database 

doesn’t have enough 3C discharge rate data to be analyzed.    
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Fig. 4.8. Degradation comparison under different ambient temperatures. 

 

Fig. 4.9. Degradation comparison under different discharge rates. 
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degradation dataset are used here for the analysis. It is clear that all three models share 

the same pattern that higher DOD values result into higher degradation values. This 

results also meet the expectation of the heuristic BDMs. However, the accuracy of the 

prediction of model 1 and model 2 is low. The scenarios that determine 𝑐𝑐𝐵𝐵𝐵𝐵  and 

𝑐𝑐𝐵𝐵𝐵𝐵
𝐷𝐷𝐷𝐷𝐷𝐷,𝑡𝑡are different from the aging tests that are selected here, which leads to the 

inaccurate battery degradation prediction. In other words, the aging test that applied to 

determine the degradation parameter in the heuristic models is the key to improve the 

prediction accuracy. It may need to update the 𝑐𝑐𝐵𝐵𝐵𝐵 and 𝑐𝑐𝐵𝐵𝐵𝐵
𝐷𝐷𝐷𝐷𝐷𝐷,𝑡𝑡 each time to keep the 

prediction accurate. However, the open source battery degradation data are limited and 

such data are not always available practically. Thus, a better BDM is required to 

accurately predict the battery degradation with limited degradation data resource.  

4.3 Neural Network Based Battery Degradation Model 

              The traditional microgrid day-ahead scheduling model determines the optimal 

operational profiles for BESS, controllable generators and tie-line exchange power. 

However, the BESS in traditional MDS model is considered to be ideal with-out any 

degradation and the equivalent battery degradation cost is zero. This may substantially 

accelerate the aging and replacement of expensive BESS which may lead to economic 

loss in the long run. Besides, the BESS degradation needs to be accurately quantified 

for various battery daily operational profiles to obtain the truly optimal scheduling 

solutions. Thus, a deep learning method, particularly a deep neural network, is 

proposed in this section to accurately predict the BESS degradation.   
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4.3.1 Input Data for Neural Network Model 

              The deep neural network is applied to learn and predict the battery 

degradation with several critical features. A battery model implemented in the 

MATLAB Simulink [91] is used to conduct the battery aging tests. The aging test 

model is modelled with the battery model and cycling generator in Simulink. The SOC 

variable can be adjusted in the battery setting. The battery model of Simulink contains 

several default types of batteries and the battery parameters can also be adjusted with 

the manufacture’s datasheet if we want to introduce a new type of battery. It can also 

simulate the ambient temperature effects and aging effects of battery. A dynamic 

internal resistance that is highly related to the battery degradation is also simulated 

within the battery model. This battery model can simulate various types and 

configurations of batteries, various conditions, and operating profiles. Built upon this 

battery model, a battery cycle generator is designed to simulate the charging and 

discharging cycles under the preset charging/discharging rates. For each battery aging 

test, each cycle is simulated to discharge from a certain SOC to a certain lower SOC 

and then charge back to the starting SOC. The data collected from the battery aging 

tests include the ambient temperature, charging/discharging rate, SOC, DOD and 

reduced energy capacity level. The battery’s energy capacity level for each cycle is 

also used to calculate each cycle’s battery degradation value. Table I lists the numbers 

of battery aging tests that are simulated under different SOC and DOD. Each battery 

aging test represents a group of simulated battery profile under initial SOC and fixed 

DOD until the battery capacity degrades to 80% of the maximum rated capacity. This 
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indicates each battery aging test may contain different numbers of cycles. It is 

common to consider the 80% of the rated capacity as the end of battery’s life in 

battery aging test [92]. For instance, the “4” in Table 4.2 means there are four battery 

aging tests that are simulated at an initial SOC level of 100% with a DOD level of 

10%. Moreover, each of these SOC&DOD combinations will be simulated under 

different ambient temperatures and charging/discharging rates. The 

charging/discharging rate is also referred as C rate. C rate measures the speed at which 

a battery is fully charged or discharged as shown below, 

𝐶𝐶 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 =
𝐼𝐼𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵
𝐸𝐸0

, (4.4) 

where 𝐼𝐼𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵  represents the charging/discharging current of the BESS and 𝐸𝐸0 

denotes the rated capacity of BESS. For example, 2C means the battery will discharge 

the full capacity in 0.5 hour. This work conducted 945 different battery aging tests 

with different values of degradation factors.  

Table 4.2 Numbers of battery aging tests under various SOC and DOD levels 

 
DOD 

Initial SOC 
100% 80% 60% 50% 40% 20% 

20% 4 5 17 23 22 23 
30% 20 34 36 32 37 / 
40% 36 41 41 40 44 / 
50% 38 41 36 42 / / 
60% 37 37 37 / / / 
70% 41 36 / / / / 
80% 39 35 / / / / 
90% 35 / / / / / 
100% 36 / / / / / 
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4.3.2 Data Pre-processing 

              The battery capacity level or SOH in percent at the end of each cycle is 

recorded from each simulation of battery aging test. Battery degradation per cycle is 

defined as the difference between the initial SOH and ending SOH for a given cycle. 

However, for some battery aging tests with low C rates and small DODs, the 

degradation for some cycles may be too less to measure and could even be zero. Also, 

some of the degradation data contain outlier points which may require some further 

process for a better training result. The battery degradation data are processed with 

different methods: (i) raw, (ii) smoothed method, and (iii) regressed method, as shown 

in Fig. 1. “Raw” represents the original data without any pre-processing and the 

associated training results can be used as a benchmark to gauge the effectiveness of 

the other two pro-posed data pre-processing methods. The smoothed method filters out 

the outliers of the raw data. Regressed method applies linear regression on the 

smoothed data. All three groups of input data are normalized to increase the training 

efficient-cy. The normalization used in [93] is applied in the data pre-processing and 

shown as, 

𝑥𝑥𝑘𝑘� =
𝑥𝑥𝑘𝑘 − 𝐸𝐸(𝑥𝑥𝑘𝑘)
�𝑉𝑉𝑉𝑉𝑉𝑉(𝑥𝑥𝑘𝑘)

, (4.5) 

where 𝐸𝐸(𝑥𝑥𝑘𝑘) represents the expectation of 𝑥𝑥𝑘𝑘 and 𝑉𝑉𝑉𝑉𝑉𝑉(𝑥𝑥𝑘𝑘) represents the variance of 

the 𝑥𝑥𝑘𝑘. The input data will be split into two parts, 80% as the training dataset and 20% 

as the validation dataset. At last, three groups of data will be fed into the NN 

separately to evaluate their performance. 
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              Data preprocessing is conducted with the smoothed method to reduce the 

random variation representing random measurement errors, which makes it harder to 

train a neural network model. Also, the MDS problem in this section means that we 

focus on the degradation cost for a relatively long period which is typically 24 hours. 

Comparing with the unsmoothed data and the smoothed data, we found for the same 

cycle, the total battery degradation is almost the same for a 24 hour time period. 

However, the training accuracy of the NNBD model can be increased by smoothing 

out the input data while the prediction error does not increase with the smoothed data. 

The reason is that the unsmoothed data is quite unstable in some short period as shown 

in the Fig. 4.10, which increases the training difficulty and decreases the training 

accuracy of the machine learning model. However, if we look at the degradation for a 

long time period, the smoothed data and the unsmoothed data have a similar 

degradation value as shown in Table 4.3. The cumulative degradation numbers in 

Table 4.3 are calculated based on the battery aging test with 60% SOC, 20% DOD, 

0.75 C rate and 32℃ ambient temperature. There are five cycle intervals analyzed in 

Table II; from the results, we can observe that the total degradation value for the 

certain interval between the raw data and the pre-processed data are very similar. Also, 

when the length of the interval increases, the difference between the raw and the pre-

processed data decreases. This ensures that the data pre-processing method improves 

the training accuracy without affecting the cumulative degradation value.   
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Fig. 4.10. Battery degradation data under different data processing methods. 

Table 4.3 Cumulative degradation comparison over raw data and pre-processed data 

Cycle Range Raw data degradation Pre-processed degradation Difference 
0-500 1.213% 1.231% 1.5% 
0-1000 2.454% 2.483% 1.18% 
0-1500 3.711% 3.752% 1.10% 
0-2000 5.007% 5.048% 0.82% 
0-2500 6.347% 6.362% 0.24% 

 

4.3.3 The Proposed NNBD Model 

              A fully connected neural network is constructed to model the battery 

degradation. Five aging factors (ambient temperature, C rate, SOC, DOD and SOH) 

form a five-element input vector for the neural network. Each input vector corresponds 

to a single output value which is the amount of battery degradation in percentage 

respect to the SOH level for the same cycle. A dynamic learning rate scheme is used in 

the training process to improve the training result. The learning rate will decrease 
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automatically after a certain number of training epochs. The structure of the trained 

neural network is shown in Fig. 4.11 plotted by NN-SVG [39]. It has an input layer 

with 5 neurons, first hidden layer with 20 neurons, second hidden layer with 10 

neurons and an output layer with 1 neuron. The activation function for the hidden 

layers is ReLU and “linear” for the output layer.  

              Mini batch gradient descent strategy is applied to train the neural network. 

Different batch sizes are tested to achieve the best training results. Mean squared error 

(MSE) represents the average of the square of the difference between the actual and 

predicted values over all training data points. MSE is used as the criterion, a loss 

function, to train the neural network and measure the neural network quality shown as, 

 𝑀𝑀𝑀𝑀𝑀𝑀 =
1
𝑛𝑛
�(𝑦𝑦𝑖𝑖 − 𝑦𝑦𝚤𝚤�)2
𝑛𝑛

𝑖𝑖=1

.  (4.6) 
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Fig. 4.11. Structure of the proposed NNBD model [94]. 

4.3.4 Battery Degradation Calculation 

              From the BESS operation profile, the SOC level is required as the input of the 

proposed NNBD model. The absolute value of the difference in the SOC levels 

between time intervals 𝑡𝑡 and 𝑡𝑡 − 1 will be the DOD level as shown in (4.7). C rate is 

calculated by (4.8). It is assumed that the battery SOH level is available prior to the 

microgrid day ahead scheduling. The input vector can be formed as shown in (4.9) and 

then fed into the trained NNBD model to obtain the total battery degradation over the 

MDS time horizon in (4.10). The degradation calculation is formulated as: 

 𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡 = |𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 − 𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡−1|,  (4.7) 
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 𝐶𝐶𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡/∆𝑇𝑇, (4.8) 

 𝑥𝑥𝑡𝑡 = (𝑇𝑇,𝐶𝐶, 𝑆𝑆𝑆𝑆𝑆𝑆,𝐷𝐷𝐷𝐷𝐷𝐷, 𝑆𝑆𝑆𝑆𝑆𝑆), (4.9) 

 𝐵𝐵𝐵𝐵 =  ∑ 𝑓𝑓𝑁𝑁𝑁𝑁(𝑥𝑥𝑡𝑡)𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡∈𝑆𝑆𝑇𝑇 .    (4.10) 

4.3.5 Cycle Based Battery Usage Processing Method 

              The equation (4.10) for battery degradation calculation mentioned in the 

previous section covers all the time periods for the microgrid day ahead scheduling. 

However, the BESS is not scheduled in fixed cycles with constant charge/discharge 

rates per MDS, leading to inconsistency with the fixed-cycle based data that are used 

for training NNBD model which is the gap mentioned in the introduction section. 

Furthermore, the idle status is also considered in (4.10) but it is out sampled for the 

NNBD model. In other words, equation (4.10) considers each time interval as a BESS 

cycle and feeds the associated data directly into the NNBD model, which may not 

accurately predict the BESS degradation. Therefore, the proposed cycle based battery 

usage processing method is developed to address the inconsistency and accurately 

apply the proposed NNBD model in the MDS problem.  

              In the CBUP method, instead of considering each time interval as a cycle, the 

operating time intervals of BESS scheduling are combined and averaged into different 

cycles. For any continuous time intervals, if the operation status (charging or 

discharging) does not change, they will be aggregated as a single charging or 

discharging cycle. For the aggregated cycle, the charging or discharging power will be 

the average of the aggregated time periods. The SOC will be the initial SOC value of 

the first time period in the aggregated time periods and the DOD will be the absolute 
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value of the SOC difference between the start time period and the end time period 

respectively. Thus, equation (4.10) is replaced by (4.11) while 𝑥𝑥𝑐𝑐  represents the input 

vector for the aggregated cycles and 𝐴𝐴𝐴𝐴  represents the set of feasible aggregated 

cycles shown as, 

 𝐵𝐵𝐵𝐵 =  ∑ 𝑓𝑓𝑁𝑁𝑁𝑁(𝑥𝑥𝑐𝑐)𝑐𝑐∈𝐴𝐴𝐴𝐴 𝑆𝑆𝑂𝑂𝐻𝐻.    (4.11) 

4.3.6 Incorporating NNBD into Microgrid Scheduling 

              A traditional MDS model is established as a basic model to gauge the 

proposed BDMDS model. This traditional MDS model consists of (4.12)−(4.26) as 

described below and it does not consider battery degradation. 

              The objective of this traditional MDS model is to minimize the total cost of 

the microgrid operations as illustrated in (4.12). The power balance equation involving 

controllable generators, renewable energy sources, power exchange with the main 

grid, BESS output and the load is shown in (4.13). Constraint (4.14) enforces the 

power limits of the controllable units such as diesel generators. The ramping up and 

down limits are enforced by (4.15) and (4.16). Equation (4.17) ensures the status of 

power exchange between microgrid and main grid to be either purchasing or selling or 

stay idle. The thermal limit of the tie-line is enforced by constraints (4.18)−(4.19). 

Equation (4.20) restricts the BESS to be either in charging mode or in discharging 

mode or stay idle. Constraints (4.21)−(4.22) limit the charging/discharging power of 

BESS. As shown in (4.23), the SOC level of BESS can be calculated based on current 

energy stored in BESS. Equation (4.24) calculates the energy stored in the BESS for 

each time inter-val. The ending SOC level of BESS is forced to be equal to the initial 
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SOC value (4.25). Constraint (4.26) ensures the microgrid to have sufficient backup 

power to address outage events.  

Objective is shown as, 

 
𝑓𝑓𝑀𝑀𝐺𝐺 = ��(𝑃𝑃𝐺𝐺𝐺𝐺𝑡𝑡 𝑐𝑐𝐺𝐺𝐺𝐺 + 𝑈𝑈𝐺𝐺𝐺𝐺𝑐𝑐𝐺𝐺𝐺𝐺𝑁𝑁𝑁𝑁 +   𝑉𝑉𝐺𝐺𝐺𝐺𝑐𝑐𝐺𝐺𝐺𝐺𝑆𝑆𝑆𝑆) +  𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 𝑐𝑐𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡

− 𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 𝑐𝑐𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 ,∀𝑖𝑖, 𝑡𝑡. 
(4.12) 

Constraints are as follows: 
 

 
𝐵𝐵𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 + ∑ 𝑃𝑃𝐺𝐺𝐺𝐺𝑡𝑡𝑖𝑖∈𝑆𝑆𝐺𝐺 + ∑ 𝑃𝑃𝑊𝑊𝑊𝑊𝑊𝑊

𝑡𝑡
𝑖𝑖∈𝑆𝑆𝑊𝑊𝑊𝑊 + ∑ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡

𝑖𝑖∈𝑆𝑆𝑃𝑃𝑃𝑃 + ∑ 𝑃𝑃𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡,𝑖𝑖

𝑖𝑖∈𝑆𝑆𝑆𝑆 =

𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 + ∑ 𝑃𝑃𝐿𝐿𝐿𝐿𝑡𝑡𝑖𝑖∈𝑆𝑆𝐿𝐿 + ∑ 𝑃𝑃𝐶𝐶ℎ𝑎𝑎𝑎𝑎
𝑡𝑡,𝑖𝑖

𝑖𝑖∈𝑆𝑆𝑆𝑆 ,∀𝑖𝑖, 𝑡𝑡,    
(4.13) 

 𝑃𝑃𝐺𝐺𝐺𝐺𝑀𝑀𝑀𝑀𝑀𝑀 ≤ 𝑃𝑃𝐺𝐺𝐺𝐺𝑡𝑡 ≤ 𝑃𝑃𝐺𝐺𝐺𝐺𝑀𝑀𝑀𝑀𝑀𝑀   ,∀𝑖𝑖, 𝑡𝑡, (4.14) 

 𝑃𝑃𝐺𝐺𝐺𝐺𝑡𝑡+1 − 𝑃𝑃𝐺𝐺𝐺𝐺𝑡𝑡 ≤ ∆𝑇𝑇 ∙ 𝑃𝑃𝐺𝐺𝐺𝐺
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 ,∀𝑖𝑖, 𝑡𝑡, (4.15) 

 𝑃𝑃𝐺𝐺𝐺𝐺𝑡𝑡 − 𝑃𝑃𝐺𝐺𝐺𝐺𝑡𝑡+1 ≤ ∆𝑇𝑇 ∙ 𝑃𝑃𝐺𝐺𝐺𝐺
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 ,∀𝑖𝑖, 𝑡𝑡,   (4.16) 

 𝑈𝑈𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 + 𝑈𝑈𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 ≤ 1,∀𝑡𝑡, (4.17) 

 0 ≤ 𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 ≤ 𝑈𝑈𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 ∙ 𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑀𝑀𝑀𝑀𝑀𝑀 ,∀𝑡𝑡, (4.18) 

 0 ≤ 𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 ≤ 𝑈𝑈𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 ∙ 𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑀𝑀𝑀𝑀𝑀𝑀 ,∀𝑡𝑡, (4.19) 

 𝑈𝑈𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡,𝑖𝑖 + 𝑈𝑈𝐶𝐶ℎ𝑎𝑎𝑎𝑎

𝑡𝑡,𝑖𝑖 ≤ 1,∀𝑖𝑖, 𝑡𝑡, (4.20) 

 𝑈𝑈𝐶𝐶ℎ𝑎𝑎𝑎𝑎
𝑡𝑡,𝑖𝑖 ∙ 𝑃𝑃𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀 ≤ 𝑃𝑃𝐶𝐶ℎ𝑎𝑎𝑎𝑎

𝑡𝑡,𝑖𝑖 ≤ 𝑈𝑈𝐶𝐶ℎ𝑎𝑎𝑎𝑎
𝑡𝑡,𝑖𝑖 ∙ 𝑃𝑃𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀 ,∀𝑖𝑖, 𝑡𝑡, (4.21) 

 𝑈𝑈𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡,𝑖𝑖 ∙ 𝑃𝑃𝑆𝑆𝑆𝑆𝑀𝑀𝑖𝑖𝑖𝑖 ≤ 𝑃𝑃𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

𝑡𝑡,𝑖𝑖 ≤ 𝑈𝑈𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡,𝑖𝑖 ∙ 𝑃𝑃𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀 ,∀𝑖𝑖, 𝑡𝑡, (4.22) 

 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 = 𝐸𝐸𝑆𝑆𝑆𝑆𝑡𝑡 𝐸𝐸𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀⁄ ,∀𝑖𝑖, 𝑡𝑡, (4.23) 

 𝐸𝐸𝑆𝑆𝑆𝑆𝑡𝑡 − 𝐸𝐸𝑆𝑆𝑆𝑆𝑡𝑡−1 + ∆𝑇𝑇 ∙ �𝑃𝑃𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡−1,𝑖𝑖 𝜂𝜂𝑆𝑆𝑆𝑆𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷� − 𝑃𝑃𝐶𝐶ℎ𝑎𝑎𝑎𝑎

𝑡𝑡−1,𝑖𝑖𝜂𝜂𝑆𝑆𝑆𝑆𝐶𝐶ℎ𝑎𝑎𝑎𝑎� = 0,∀𝑖𝑖, 𝑡𝑡, (4.24) 

 𝐸𝐸𝑆𝑆𝑆𝑆𝑡𝑡=24 = 𝐸𝐸𝑆𝑆𝑆𝑆𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 ,∀𝑖𝑖, (4.25) 
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𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑀𝑀𝑀𝑀𝑀𝑀 − 𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 + 𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 + � (𝑃𝑃𝐺𝐺𝐺𝐺𝑀𝑀𝑀𝑀𝑀𝑀 − 𝑃𝑃𝐺𝐺𝐺𝐺𝑡𝑡 )
𝐺𝐺 ∈ 𝑆𝑆𝐺𝐺

≥ 𝑅𝑅𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 �� 𝑃𝑃𝐿𝐿𝐿𝐿𝑡𝑡

𝑖𝑖∈ 𝑆𝑆𝐿𝐿

� ,∀𝑖𝑖, 𝑡𝑡. 

(4.26) 

              When considering battery degradation in microgrid day-ahead scheduling, the 

objective function needs to be updated by including the associated equivalent battery 

degradation cost. The updated objective function is shown in (4.27), 

 𝑓𝑓 = 𝑓𝑓𝑀𝑀𝑀𝑀 + 𝑓𝑓𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 ,  (4.27) 

where 𝑓𝑓𝑀𝑀𝑀𝑀  is defined in equation (4.12); and 𝑓𝑓𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵  denotes the battery degradation 

cost that can be estimated by the proposed NNBD model. 𝑓𝑓𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 can be calculated as 

follows,  

 𝑓𝑓𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 =
𝑐𝑐𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑎𝑎𝑎𝑎 − 𝑐𝑐𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑆𝑆𝑆𝑆

1 − 𝑆𝑆𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸
𝐵𝐵𝐵𝐵,  (4.28) 

where 𝑐𝑐𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶  represents the capital investment cost of BESS;  𝑐𝑐𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑆𝑆𝑆𝑆  denotes the 

salvage value at the end of life; 𝑆𝑆𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸 represents state of health value that the BESS 

is considered as the end of life; BD represents the percentage battery degradation 

calculated by (4.11). 

              Thus, the proposed battery degradation based MDS model can be represented 

by (4.7)−(4.9), (4.11), and (4.13)−(4.28). 

4.4 The Proposed NNODH for Microgrid Scheduling 

              The proposed battery degradation based microgrid day-ahead scheduling 

model, which is presented in the above section, would be very hard to solve directly 
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since the proposed NNBD model that is highly non-linear and non-convex is now a 

part of the proposed BDMDS model. To address this issue, a novel algorithm, neural 

network and optimization decoupled heuristic, is proposed in this section to decouple 

the complex BDMDS model and solve it in the following five steps in an iterative 

manner. This iterative procedure is illustrated in Fig. 4.12. 

Start

End

Step A: Solve Microgrid Day-Ahead Scheduling 

Step E: Update 
BESS Operation 

Constraints

Step B: Obtain the BESS Schedule and 
Process it with the CBUP Method 

Step D: 
Stopping Criteria Met?

YES

No

Step C: Estimate Battery Degradation with the 
NNBD model and Calculate the Associated 

Equivalent Degradation Cost 

 

Fig. 4.12. Flowchart of the proposed NNODH algorithm. 

• Step A is to solve the microgrid day-ahead scheduling with additional 

constraints by limiting BESS usage that is generated from Step E. Note that in the 

first iteration, there is no extra limit on BESS usage.  

• Step B obtains the scheduled BESS operating profile that is then processed 

with the proposed CBUP method.  
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• Step C estimates BESS degradation with the proposed NNBD model that is 

trained beforehand and calculates the associated equivalent battery degradation cost.  

• Step D determines whether the solutions meet the designed stopping criteria: 

stop the iteration process and report the solution if yes; otherwise, go to Step E. 

• Step E updates the boundaries for the BESS related operating constraints from 

section 4.4.2 which can limit the BESS operations to reduce the degradation cost; 

and the associated constraints will be sent to Step A to be included in MDS for the 

next iteration. 

4.4.1  Microgrid Scheduling 

              The traditional microgrid day-ahead scheduling that introduced in Section II 

is conducted to obtain an initial solution which does not consider the battery 

degradation. It is solved only in the first iteration. When considering battery usage 

limiting constraints that will be presented in Section 4.4.2, Step A will solve the 

CMDS instead of the traditional MDS. To sum up, traditional MDS is solved in the 

first iteration while CMDS is solved in all subsequent iterations. 

4.4.2 Operation Limits of BESS 

              The goal of Step E is to generate new constraints that can limit or change the 

battery output to reduce the total battery degradation. The generated constraints will 

further tighten the range that BESS can operate after each iteration. Three types of 

extra constraints are proposed to limit battery output. Constraint (4.29) named as 

battery consumption limit (BCL) is to reduce the sum of battery output power over 24 
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hours by forcing it to be less than the previous iteration. Constraint (4.30) only limits 

the sum of output power in three time intervals that have the highest battery charging 

or discharging power, named as precise battery consumption limit (PBCL). 

Constraints (4.31)−(4.32) are designed to limit the maximum charging/discharging 

power that is named as battery C rate limit (BRL). The proposed constraints will be 

generated and updated in each iteration by using the scheduled battery operational 

profile from previous iteration and the proposed battery operation restriction factor 

(BORF) 𝛼𝛼 which is a preset parameter. Note that the value of BORF can determine the 

limits in BCL, PBCL, and BRL for each iteration. The limit constraints of BESS are 

listed as: 

 �(𝑃𝑃𝐶𝐶ℎ𝑎𝑎𝑎𝑎
𝑡𝑡,𝑖𝑖 + 𝑃𝑃𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

𝑡𝑡,𝑖𝑖 )
𝑡𝑡∈𝑇𝑇

≤ (1 − 𝛼𝛼) ∗ 𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑙𝑙
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃_𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 ,   (4.29) 

 � 𝑃𝑃𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡,𝑖𝑖 + 𝑃𝑃𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

 𝑡𝑡,

𝑡𝑡∈𝑇𝑇𝑇𝑇𝑇𝑇 3

≤ (1 − 𝛼𝛼) ∗ 𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑠𝑠𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 , (4.30) 

 𝑃𝑃𝐶𝐶ℎ𝑎𝑎𝑎𝑎
𝑡𝑡,𝑖𝑖  ≤ 𝑃𝑃𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀(1 − 𝛼𝛼)𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖−1, (4.31) 

 𝑃𝑃𝐷𝐷𝐷𝐷𝑠𝑠𝑐𝑐
𝑡𝑡,𝑖𝑖  ≤ 𝑃𝑃𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀(1 − 𝛼𝛼)𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖−1. (4.32) 

              Depending on which battery usage limiting constraint is used in CMDS, there 

are four variations of the proposed NNODH algorithm. They are all conducted to 

compare the performance of the proposed constraints. The proposed four variations 

are presented in Table 4.4. The CMDS model in this table is solved instead of the 

traditional MDS model starting from the second iteration of the proposed NNODH 

algorithm. 
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Table 4.4 The proposed four NNODH strategies 

Strategies CMDS Model for Step A 
NNODH-BCL (4.12)-(4.26), (4.29) 

NNODH-PBCL (4.12)-(4.26), (4.30) 
NNODH-BRL (4.12)-(4.26), (4.31)-(4.32) 
NNODH-ALL (4.12)-(4.26), (4.29)-(4.32) 

 

4.4.3 NNODH Algorithm 

Fig. 4.13 illustrates the iteration process of determining the optimal solution 

for the battery degradation based MDS using the proposed NNODH algorithm. As is 

discussed in Section 4.4, the first iteration only considers the traditional microgrid 

day-ahead scheduling model that ignores the battery degradation. The NNODH 

algorithm can assure that the solution is guaranteed to reach optimal. The first iteration 

will provide the optimal solution when the battery degradation is not considered. The 

BESS operation will be compressed or limited to reduce the battery degradation in the 

rest of the iterations. During the iterations, the battery degradation will decrease 

gradually while the operation cost will increase gradually. Thus, the vertex point of the 

total cost curve is the optimal solution. In Fig. 4.13, the red star denotes the global 

optimal solution for the battery degradation based MDS that considers the proposed 

NNBD model; and the black star represents the solution for MDS/CMDS problem in 

the current iteration while the grey star denotes the solution for the MDS/CMDS 

problem in the previous iteration. The MDS/CMDS solutions are approximations to 

the global optimal solution for the battery degradation based MDS; they are referred to 
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as pseudo solutions (feasible but may not be global optimal) for the battery 

degradation based MDS. Graph 1 in Fig. 4.13 represents the first iteration. The BESS 

usage limit constraints that generated in each iteration will reduce the feasible region 

for the MDS/CMDS problem in the next iteration. Graphs 2-4 show the feasible region 

shrinks after each iteration and the black star (pseudo solution) is moving towards the 

red star (global optimal solution for BDMDS). Graph 5 shows the red star and black 

star overlap which indicates that the black star here is the optimal solution for the 

BDMDS problem. If the iteration continues, the feasible solution area of BDMDS will 

continue to reduce such that the optimal solution might be cut out. Since the proposed 

NNODH algorithm is an iterative method, the 𝛼𝛼  values (BORF) in (4.29)−(4.32) 

would change over iterations and may result into different BDMDS solutions, among 

which the best solution should deviate slightly away from the global optimal solution. 

To ensure the best pseudo solution is close enough to the global solution with least 

total cost, small 𝛼𝛼  value is preferred. However, it may take more iterations for a 

smaller 𝛼𝛼 value to find the optimal solution. 

 

Fig. 4.13. Illustration of the proposed NNODH algorithm. 
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4.4.4 Evaluation Metrics 

              Three metrics are designed to evaluate the performance of the proposed 

model: degradation cost reduction (DCR), total cost reduction (TCR) and operational 

cost increment (OCI). They are defined in (4.33), (4.34), and (4.35) respectively. The 

degradation cost reduction illustrates how much the battery degradation cost can be 

reduced as compared to the maximum value when battery degradation is not 

considered in traditional MDS. The TCR represents how much the total cost can be 

reduced by the proposed model while the OCI shows how much the operation cost 

would increase when considering the battery degradation model. Notations 

𝐵𝐵𝐵𝐵𝐵𝐵𝑀𝑀𝑀𝑀𝑀𝑀 ,𝑇𝑇𝑇𝑇𝑀𝑀𝑀𝑀𝑀𝑀 ,𝑂𝑂𝑂𝑂𝑀𝑀𝑀𝑀𝑀𝑀 represent the maximum battery degradation cost, maximum 

total cost, and the minimum operation cost respectively. These metrics are obtained by 

solving the traditional MDS problem in the first iteration when battery degradation 

cost is not considered. The proposed metrics are modeled as: 

 𝐷𝐷𝐷𝐷𝐷𝐷 = 𝐵𝐵𝐵𝐵𝐵𝐵𝑀𝑀𝑀𝑀𝑀𝑀−𝐵𝐵𝐵𝐵𝐵𝐵
𝐵𝐵𝐵𝐵𝐵𝐵𝑀𝑀𝑀𝑀𝑀𝑀 ∗ 100%,   (4.33) 

 𝑇𝑇𝑇𝑇𝑇𝑇 = 𝑇𝑇𝑇𝑇𝑀𝑀𝑀𝑀𝑀𝑀−𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇𝑀𝑀𝑀𝑀𝑀𝑀 ∗ 100%,    (4.34) 

 𝑂𝑂𝑂𝑂𝑂𝑂 =
𝑂𝑂𝑂𝑂 − 𝑂𝑂𝑂𝑂𝑀𝑀𝑀𝑀𝑀𝑀

𝑂𝑂𝑂𝑂𝑀𝑀𝑀𝑀𝑀𝑀
∗ 100%. (4.35) 

              When we consider these proposed metrics to evaluate the proposed algorithm, 

the TCR will be the first choice since the objective of the algorithm is to reduce the 

total cost. The algorithm with a higher TCR is always preferred in the analysis. In the 

meanwhile, the DCR and OCI are designed to gauge the degradation cost and 
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operation cost. We prefer a higher number of the DCR and a lower number of the 

OCI. However, DCR and OCI are not as important as the TCR here.  

              A stopping criterion is proposed as part of the NNODH algorithm. It is used 

to terminate the iterations and then the best solution can be reported. The designed 

stopping criteria is defined as follows: for any past 10 iterations, if the 𝑇𝑇𝑇𝑇𝑛𝑛 – 𝑇𝑇𝑇𝑇𝑛𝑛−1 is 

less than 0 for the first five iterations but greater than 0 for the last five iterations, then 

the iteration will stop and the best solution with lowest total cost for BDMDS will be 

reported. Here, 𝑇𝑇𝑇𝑇𝑛𝑛  and 𝑇𝑇𝑇𝑇𝑛𝑛−1  denotes the total costs in nth and (n-1)th iterations 

respectively. The total cost here represents the lowest total cost rather than the lowest 

battery degradation cost. The optimal solution may be affected by the battery size as 

well as the unit price.  

4.4.5 Benchmark MDS Models 

Benchmark models are designed to evaluate and demonstrate the effectiveness and 

performance of the proposed NNODH algorithm. Three benchmark models are 

presented below and summarized in Table 4.5. 

1. Traditional MDS Model is set with no BESS degradation cost and the MDS will 

maximize the usage of BESS to minimize the operation cost of the microgrid. 

2. Cycle Limit Model is widely adopted in the industry. It is designed to limit the 

charging and discharging cycles to decrease the degradation of the BESS. This 

model is formulated with the following constraints where the 𝑉𝑉𝐶𝐶ℎ𝑎𝑎𝑎𝑎/𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡,𝑖𝑖  is a binary 
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variable that represents the status change of charging or discharging operation. The 

formulation are listed as: 

 𝐷𝐷𝑉𝑉𝐶𝐶ℎ𝑎𝑎𝑎𝑎/𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡,𝑖𝑖 ≤ 𝑈𝑈𝐶𝐶ℎ𝑎𝑎𝑎𝑎

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

𝑡𝑡,𝑖𝑖 + 𝑈𝑈𝐶𝐶ℎ𝑎𝑎𝑎𝑎
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

𝑡𝑡−1,𝑖𝑖,∀𝑖𝑖, 𝑡𝑡,   (4.36) 

 𝑉𝑉𝐶𝐶ℎ𝑎𝑎𝑎𝑎/𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡,𝑖𝑖 ≥ 𝑈𝑈𝐶𝐶ℎ𝑎𝑎𝑎𝑎

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

𝑡𝑡,𝑖𝑖 − 𝑈𝑈𝐶𝐶ℎ𝑎𝑎𝑎𝑎
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

𝑡𝑡−1,𝑖𝑖,∀𝑖𝑖, 𝑡𝑡,    (4.37) 

 𝑉𝑉𝐶𝐶ℎ𝑎𝑎𝑎𝑎/𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡,𝑖𝑖 ≥ 𝑈𝑈𝐶𝐶ℎ𝑎𝑎𝑎𝑎

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

𝑡𝑡−1,𝑖𝑖 − 𝑈𝑈𝐶𝐶ℎ𝑎𝑎𝑎𝑎
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

𝑡𝑡,𝑖𝑖 ,∀𝑖𝑖, 𝑡𝑡, (4.39) 

 𝑉𝑉𝐶𝐶ℎ𝑎𝑎𝑎𝑎/𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡,𝑖𝑖 ≤ 2 − 𝑈𝑈𝐶𝐶ℎ𝑎𝑎𝑎𝑎/𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

𝑡𝑡,𝑖𝑖 − 𝑈𝑈𝐶𝐶ℎ𝑎𝑎𝑎𝑎/𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡−1,𝑖𝑖 ,∀𝑖𝑖, 𝑡𝑡, (4.40) 

 𝑉𝑉𝑐𝑐/𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
1 = 0, (4.41) 

 �𝑉𝑉𝐶𝐶ℎ𝑎𝑎𝑎𝑎/𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡,𝑖𝑖

𝑡𝑡

≤ 2. (4.42) 

3. Linear Battery Degradation Cost (BDC) Model: The third benchmark model is 

based on constant battery degradation cost parameters. It is assumed that the 

battery degradation cost is linear to the energy consumption of the BESS as shown 

in (39) where the 𝑐𝑐𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 is a fixed rate that represents the battery degradation cost 

per unit usage of BESS shown as, 

 𝑓𝑓𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 = 𝑐𝑐𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 ∑ 𝑃𝑃𝐶𝐶ℎ𝑎𝑎𝑎𝑎/𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖
𝑡𝑡,𝑖𝑖 ∗ 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ(𝑡𝑡)𝑡𝑡,𝑖𝑖 . (4.43) 

Table 4.5 Benchmark models 

MDS Models Formulations 
Traditional MDS (4.12)-(4.26) 

Cycle Limit (4.12)-(4.26), (4.36)-(4.42) 
Linear BDC (4.12)-(4.26), (4.43) 
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4.5 Results Analysis 

              A typical grid-connected microgrid with renewable energy sources is created 

in this section as a testbed to examine the performance of the proposed NNBD model, 

BDMDS model and NNODH algorithm. This testbed includes one 180kW diesel 

generator (DG), five 200kW wind turbines (WT), 300 residential houses that contains 

solar panel (5kW capacity per house), and a 300kWh lithium-ion based BESS with a 

charging/discharging efficiency of 90%. The load data representing 1000 residential 

houses. The ambient temperature and available solar power for a time period of 24 

hours are obtained from the Pecan Street Dataport [22]. The wholesale electricity price 

is obtained from ECROT [95]. The price of the electricity sold to the main grid is set 

to 80% of the purchase price. Sensitivity analysis is conducted with different RES 

penetration levels and different BESS sizes. The computer with Intel® Xeon(R) W-

2295 CPU @ 3.0 GHz, 256 GB of RAM, and Nvidia Quadro RTX 8000 (48GB GPU) 

was utilized to conduct the numerical simulations including the training of battery 

degradation model and the optimization of microgrid day-ahead scheduling. The 

microgrid resource scheduling problem studied in this work covers a total time 

horizon of 24 hours, which is solved by the Pyomo package [96] with the Gurobi 

solver [97].  

4.5.1 Training Results of NNBD 

              The training results of NNBD and hyperparameters are presented and 

analyzed in this section. Mini-batch technology is used for the NN training. The 

optimal batch size may vary for different input data. Different training batch sizes are 
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tested to determine the optimal training batch-size and the test results are presented in 

Table 4.6. It can be observed that the batch size of 256 can achieve the highest 

accuracy while requiring less epochs to complete the training process. The validation 

accuracy can reach up to 94.5% while it only requires 50 epochs to reach a steady 

accuracy. The error tolerance is set to 15% when calculating prediction accuracy in 

Table 4.6 and Table 4.7. Larger or smaller batch size will either reduce the accuracy or 

increase the training epochs. We found that large batch size can help smooth the 

oscillation of the training accuracy curve. The training accuracies with batch sizes of 

128 and 256 are almost equally the best. However, the training accuracy curve with a 

batch size of 256 is much smoother than the other one. Moreover, we observed that if 

the input data are shuffled, then the neural network cannot obtain good results. This 

may be due to the characteristic of the input data: the battery degradation data are 

time-series for each battery aging test. The results with different data pre-processing 

methods are compared in Table 4.7. Note that the test results in Table 4.7 are obtained 

with the batch-size of 256 for all the trainings. The regressed data pre-processing 

method has the highest accuracy and efficiency. Based on the results from Table 4.6 

and Table 4.7, the regressed method performs the best and is applied for all 

subsequent simulations. 

 Table 4.6 Sensitivity test of batch-sizes 

Batch-Size 16 32 64 128 256 512 1024 2048 
Number of Epochs 20 20 85 110 50 50 75 75 

Accuracy 40% 50% 90.5% 94.0% 94.5% 92.5% 88% 67% 
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Table 4.7 Training results with different data pre-processing methods 

Data Pre-processing Methods Accuracy Number of Epochs 
Raw 78% 150 

Smoothed 82% 100 
Regressed 94.5% 50 

 

              The best training results are shown in Fig. 4.14 that illustrates the training 

loss versus validation loss and the accuracy curves under different error thresholds. 

The accuracy is around 60% under a 5% error tolerance, 80% under a 10% error 

tolerance and 94.5% under a 15% error tolerance. The accuracy with 20% error 

tolerance is 95.5% which is only 1% higher than the 15% error tolerance. Thus, we 

choose 15% as the error tolerance level when calculating accuracy in all subsequent 

results. 

 

Fig. 4.14. DNN training and validation results. 
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4.5.2 Results of NNODH Algorithm 

              In this section, the BDMDS results obtained with the NNODH algorithm are 

presented. The load profile of the test bed is shown in Fig. 4.15. Table 4.8 presents the 

results for different strategies of the proposed NNODH algorithm presented in Section 

IV. The BCL, PBCL, BRL and ALL CMDS models are implemented and tested 

separately. The combination of all three types of constraints as the added constraints to 

MDS in the next iteration, marked as ALL in Table 4.8, is tested as well. In Table 4.8, 

for all the proposed models, the initial iteration does not have any limits of the BESS 

operation. This also leads to the solution of the first iteration having the highest 

battery degradation cost. Similarly, the maximum total cost for different models is the 

same. For metric DCR, the ALL option performs the best among all strategies, and it 

decreases the battery degradation cost by 79.27%. BCL performs the best in terms of 

metric TCR. The increased operation cost is similar between BCL and PBCL, which is 

less than BRL and ALL. Overall, we prefer the NNODH-BCL strategy due to its best 

performance to decrease the total cost and the fast solving time. 
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Fig. 4.15. Load profile of the microgrid testbed. 

 

Table 4.8 Results for proposed strategies 

NNODH BCL PBCL BRL ALL 
Total Cost ($) 494.36 503.49 502.50 500.32 

Degradation Cost ($) 10.74 19.50 11.99 10.39 
TCR 5.82% 4.08% 4.27% 4.69% 
DCR 78.57% 60.23% 76.08% 79.27% 
OCI 1.83% 1.81% 3.20% 3.09% 

Solving time (s) 8.68 12.82 10.00 8.48 
Iteration Numbers 37 56 46 37 

 

              Fig. 4.16 shows the results for NNODH-BCL including the degradation cost, 

operation cost, battery degradation in percent, and total cost. These results are based 

on the battery unit price of 400 $/kWh and the value of BORF is set to 0.03. From Fig. 

4.16, we can observe that the valley of the total cost curve is at the 37th iteration with 
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$494.36 including the equivalent battery degradation cost of $10.74 and the microgrid 

operation cost of $483.62. The total cost is reduced by 5.82% compared to the 

traditional MDS model that does not consider the battery degradation cost, which 

proves that the proposed NNODH algorithm can reduce the total cost significantly. 

Note that the results shown in Fig. 4.16 did not implement the stopping criteria to 

show how the system behaves when the battery’s usage is further limited until idle. If 

not, the iteration will stop at the 42nd iteration since the minimum total cost can be 

found at the 37th iteration. After the 37th iteration, we can observe that even though the 

battery degradation cost keeps decreasing, the total cost starts to increase due to the 

increased slope of the operation cost.  

              The scheduled BESS operation for different models are shown in Fig. 4.17. 

Positive output means the BESS is in discharging mode and negative output means it 

is in charging mode. The scheduled BESS operations for the Traditional MDS model, 

Cycle Limit model, Linear BDC model and the proposed BDMDS model are all 

shown in Fig. 4.17. It can be observed for the traditional MDS that does not consider 

the battery degradation, BESS operates at a wider output range from -150 kW to 150 

kW in seven different time intervals. When battery degradation is considered, BESS is 

scheduled to charge and discharge in a narrow range and in less active time intervals. 

The BESS operation patterns for different models match in most of the time intervals, 

which proves the effectiveness of those four models. For the proposed BDMDS, after 

applying the NNODH algorithm to solve it, the BESS operates only in three different 

time intervals. Total exchanged energy is limited to reduce the battery degradation 
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which meets the designed purpose of constraint BCL. The total usage of BESS for 

Traditional MDS model is 920 kWh while it is 325 kWh for BDMDS, 601 kWh for 

Cycle Limit model and 473 kWh for Linear BDC model.  

 

Fig. 4.16. BDMDS Results of the NNODH-BCL method. 

 

Fig. 4.17. BESS scheduled operations comparison. 
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              Table 4.9 presents the results of the CBUP method applied on the solutions 

obtained from BDMDS model and traditional MDS model. It can be clearly observed 

that the battery degradation prediction is pretty close to the true battery degradation in 

a small percent of error. Without the CBUP method, the error of BD prediction from 

NNBD model is significantly higher. Thus, the results proves the effectiveness of the 

proposed CBUP method. From Table 4.10, we can observe that the proposed BDMDS 

model has the lowest daily degradation and the lowest annual degradation cost among 

all the models. Moreover, the BDMDS model is outstanding in annual cost saving. 

Also, if we consider the load profile is the same for each day, then the proposed 

BDMDS model can significantly extend the lifetime of the BESS than all the 

benchmark models. Note that the expect end of life is set to 70% of SOH value. 

              Table 4.11 shows the results of the sensitivity tests with different BORF 

values. The results show that larger BORF can achieve the lowest total cost in less 

iterations and less solving time. As a tradeoff, the optimal total cost of larger BORF 

will be slightly higher. Smaller BORF will lead to a smaller area cut from the feasible 

solution area in each iteration, which requires more iterations to converge to the 

optimal solution. However, the optimal solutions for the different BORFs do not have 

a significant difference. Thus, a higher value of BORF such as 0.05 is preferred due to 

the high computing efficiency. 

Table 4.9 Battery degradation prediction with different methods 

Model True BD  Without CBUP With CBUP  
Degradation Error Degradation Error  

BDMDS 0.00468% 0.037% 690% 0.0044% 5.9% 
MDS 0.0108% 0.066% 511% 0.0120% 9.7% 
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Table 4.10 Model comparison 

Model Daily BESS  
Degradation 

Annual  
Degradation Cost ($) 

Annual  
Cost  

Saving ($) 

Expect 
Lifetime  
(years) 

MDS 0.02% 18,301.1 N/A 4.1 
Cycle Limit 0.012% 12,540.8 6,205 6.8 
Linear BDC 0.01% 8,832.5 6,935 8.2 

BDMDS 0.0045% 3,920.1 11,151 18.3  
 

Table 4.11 Results of sensitivity analysis with different BORF values 

BORF Number of Iterations Optimal Total Cost ($) Time (s) 
0.01 113 494.35 25.21 
0.02 57 494.35 12.51 
0.03 38 494.36 8.42 
0.05 22 494.36 5.20 
0.1 11 494.38 2.85 
0.2 5 494.40 1.41 

 

4.5.3 Sensitivity Analysis of RES Penetration Levels 

              Table 4.12 presents the TCR and OCI results under different RES penetration 

levels for the microgrid. The penetration level is defined as the ratio of the average 

renewable generation to the average load in a typical day. The proposed microgrid 

testbed is set to an 80% RES penetration level. From Table 4.12, we can observe that 

with the increase of RES penetration level, the value of TCR will increase and the 

value of OCI will decrease. This is because that in a system with higher RES 

penetration, BESS is required to charge/discharge more frequently to mitigate the 

uncertainty resulted by the RES generation, which leads to a higher battery 

degradation. 
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Table 4.12 Results of different RES penetration levels 

 RES Penetration Level 
20% 40% 60% 80% 

TCR  1.60% 2.1% 3.12% 5.82% 
OCI 0.47% 0.63% 0.94% 1.83% 

 

4.5.4 Sensitivity Analysis of BESS Unit Price and Size 

              In this section, the sensitivity analysis on different BESS unit prices and sizes 

is conducted. Fig. 4.18 shows that the total cost reduction in percentage. It can be 

clearly observed that for the same size of BESS, higher unit price corresponds to a 

higher total cost reduction in percent. For the same unit price of BESS, higher BESS 

size tends to achieve a lower TCR. Table 4.13 shows that for the same unit price 

except $200/kWh, higher BESS size has a lower DCR. This may be because that for 

the same battery output power, bigger battery size will likely have a lower C rate 

which is one of the main contributing factors of battery degradation. Also, for the 

same size BESS, higher unit price leads to a higher DCR. Thus, we can conclude that 

the BESS price of per unit capacity is the major factor affecting how much the 

proposed model reduces the degradation cost. The BESS size is the major factor 

affecting how much the proposed model reduces the battery degradation. The result of 

the sensitivity analysis in this section may help determine the size of the BESS for 

microgrid planning. In the meanwhile, as the unit price of BESS keeps decreasing, the 

battery degradation cost will be lower and account for smaller percentage respect to 

the total cost in the future. 
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Fig. 4.18. Results of TCR sensitivity tests. 

 
Table 4.13 DCR of different BESS sizes and unit prices 

 Unit Price ($/kWh) 
Size (kWh) 200 250 300 350 400 

200  75.15% 82.16% 82.96% 85.18% 88.58% 
300  77.29% 77.29% 78.57% 78.57% 78.57% 
400  52.95% 54.48% 54% 71.90% 72.68% 

 

4.6 Hierarchical Deep Learning Model 

              A fully connected neural network (NN) based battery degradation model and 

an iterative solving algorithm are proposed in previous section. This model works well 

under different scenarios and have an accuracy of 94.5% on the degradation prediction 

at a 15% error tolerance. However, the input of the NN only consist the ambient 

temperature, charging/discharging rate, SOC, DOD and SOH. The internal features 

such as internal temperature and internal resistance that are more likely to affect the 
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battery degradation are ignored in the previous NN model. To overcome this 

limitation, a hierarchical deep learning based battery degradation quantification (HDL-

BDQ) model is proposed as shown in the left part in Fig. 4.19. The proposed HDL-

BDQ model aims to improve the training accuracy of the battery degradation by 

utilizing two sequential deep neural networks (DNN) which are DNN for unobtainable 

battery degradation features (DNN-UBDF) and DNN for battery degradation 

prediction (DNN-BDP). The DNN-UBDF predicts critical battery degradation features 

that are difficult to obtain for look ahead scheduling (LAS), which are then used as 

input features for the DNN-BDP to quantify the corresponding battery degradation per 

scheduled usage profile. 

 

Fig. 4.19. HDL-BDQ and LOD algorithm. 

              The HDL-BDQ models are designed to quantify the battery degradation. 

However, a DNN embedded LAS problem would be hard to solve directly due to the 
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highly non-linear and non-convex nature of the DNN model. To address this 

challenge, a learning and optimization decoupled (LOD) algorithm is implemented to 

efficiently solve the proposed HDL-BDQ embedded LAS optimization problem. As 

shown in the right part of Fig. 4.18, the LOD algorithm iteratively solves the HDL-

BDQ model embedded LAS that is decoupled to the battery degradation calculation 

and LAS optimization problems. In each iteration of LOD algorithm, tighter 

constraints will be updated on BESS operation to restrict its usage and lower the 

battery degradation and associated costs in the next iteration. However, limiting BESS 

output will result in a higher microgrid operation cost. The objective of the proposed 

LOD algorithm is to find the minimum combined cost of battery degradation and 

microgrid operation. The algorithm also keeps track of the total cost in each iteration 

and finds the optimal solution for the HDL-BDQ embedded LAS problem at the 

vertex point. Thus, an optimal solution is guaranteed with respect to the vertex point 

of the combined total cost.  

4.6.1 HDL-BDQ Model 

              The proposed HDL-BDQ model utilizes two sequential deep neural networks 

to adaptively quantify the battery degradation associated with the scheduled battery 

operational profiles over multiple time intervals. Several factors affect battery 

degradation during a (dis)charge cycle, as listed in Table 4.14 including (i) ambient 

temperature (Temp), (ii) current battery energy capacity or SOH, (iii) SOC level, (iv) 

DOD level, (v) (dis)charge rate (C Rate), (vi) battery internal temperature (IT), (vii) 

battery internal resistance and (viii) equivalent life cycle numbers (ELCN) which 
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varies per other degradation features. However, battery internal temperature, battery 

internal resistance and equivalent life cycle numbers cannot be obtained explicitly in 

advance. To address this issue, we have developed a DNN-UBDF model that uses the 

first five features to predict these unknown factors. Subsequently, the output of DNN-

UBDF model, along with the other features, will be used as inputs to the trained DNN-

BDP model to predict and quantify battery degradation. By comparing the training 

results of the proposed DNN models, we can identify the most efficient and accurate 

combination for the proposed HDL-BDQ model.  

Table 4.14 Battery degradation factors 

Features Existing or Obtainable 
State of Charge Yes 

Depth of Discharge Yes 
Ambient Temperature  Yes 
Charge/Discharge Rate Yes 

Current Capacity Yes 
Internal Temperature No 
Internal Resistance No 

Equivalent Life Cycle Numbers  No 
 

              The HDL-BDQ proposed in this section consists of two deep neural 

networks: the first DNN model (DNN-UBDF) will predict the battery internal 

parameters that cannot be calculated or measured directly per the scheduled battery 

operational profile in advance. The outputs of DNN-UBDF, which are the predicted 

battery parameters, will then be used as additional input features for DNN-BDP, along 

with the scheduled battery operational profile, to quantify the corresponding battery 

degradation in the same look-ahead time period. 
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              As mentioned in the introduction section above, some highly influential 

battery degradation factors such as battery internal temperature and internal resistance 

are hard to predict or measure in the look-ahead scheduling. Thus, DNN-UBDF is 

proposed to capture the non-linearity between the available variables and unknown 

features that are highly correlated with battery degradation. IT, IR and LCN are hard 

to measure or calculate based on the available information as shown in Table 4.14 To 

address this issue, several potential DNN models are proposed and listed in Table 4.15 

DNN-UBDF is modeled using a fully connected neural network. The deep neural 

network takes five critical factors (ambient temperature, C rate, SOC, DOD, and SOH) 

as inputs to predict the value of IT, IR and/or ELCN. A dynamic learning rate, which 

decreases automatically after a specified number of epochs, is employed during the 

training process to enhance the results. The trained network has a 5-neuron input layer, 

20-neuron first hidden layer, and a 10-neuron second hidden layer. The number of the 

output neurons depends on the number of outputs in the proposed model in Table II. 

The activation functions used are rectified linear unit (ReLU) for the hidden layers and 

"linear" for the output layer. 

Table 4.15 Potential models for DNN-UBDF 

Model # Inputs Outputs 
1 SOC, DOD, Temp, C Rate, SOH IT 
2 SOC, DOD, Temp, C Rate, SOH IR 
3 SOC, DOD, Temp, C Rate, SOH IT, IR 
4 SOC, DOD, Temp, C Rate, SOH IT, ELCN 
5 SOC, DOD, Temp, C Rate, SOH IR, ELCN 
6 SOC, DOD, Temp, C Rate, SOH IT, IR, ELCN 
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              DNN-BDP is proposed to predict the battery degradation value with the 

inputs of major battery degradation factors, including the outputs of DNN-UBDF. As 

these factors are highly correlated to battery degradation, including them as inputs can 

significantly improve the training results. Similar to DNN-UBDF, we proposed 

several potential DNN models for DNN-BDP as shown in Table III: several different 

combinations of critical battery degradation factors are utilized separately to predict 

the battery degradation value in terms of percentage with respect to SOH for a given 

cycle. The structure of DNN-BDP models is similar to the model of DNN-UBDF. The 

number of input neurons depends on the number of input features of the proposed 

DNN-BDP models as listed in Table 4.16.  

Table 4.16 Potential models for DNN-BDP 

Model # Inputs Outputs 
1 IT, ELCN Degradation 
2 IR, ELCN Degradation 
3 SOC, DOD, Temp, C Rate, IT Degradation 
4 SOC, DOD, Temp, C Rate, IR Degradation 
5 SOC, DOD, Temp, C Rate, IT, ELCN Degradation 
6 SOC, DOD, Temp, C Rate, IR, ELCN Degradation 
7 SOC, DOD, Temp, C Rate, IT, SOH Degradation 
8 SOC, DOD, Temp, C Rate, IR, SOH Degradation 
9 SOC, DOD, Temp, C Rate, IT, SOH, ELCN Degradation 
10 SOC, DOD, Temp, C Rate, IR, SOH, ELCN Degradation 

 

4.6.2 Benchmark Models 

A. Benchmark NNBD: 

              The neural network based battery degradation (NNBD) model that uses SOC, 

DOD, C rate, temperature and SOH as the inputs to predict the battery degradation is 
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served as the benchmark model for this section. As discussed in the introduction 

section, the accuracy of this model is 94.5% with an error tolerance of 15%. It is worth 

mentioning that its training dataset was preprocessed in addition to normalization to 

obtain this accuracy. 

B. Benchmark NNBD2: 

              Another benchmark is proposed with an extra hidden layer included into the 

first benchmark model. Since the proposed HDL-BDQ model utilizes two DNNs to 

predict the battery degradation. It is possible that a single stage DNN model with extra 

hidden layer as shown in Fig. 4.20 may also achieve similar performance. 

 

Fig. 4.20. Structure of the proposed Benchmark 2 model [94]. 
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4.6.3 DNN-UBDF Training Results 

              The training results of proposed DNN-UBDF models are presented in Table 

IV. From this table, we can observe that the training accuracies are similar at 15% 

error tolerance level between DNN-UBDF Model 1 and Model 2, as well as Model 4 

and Model 5. However, the accuracies of the various models vary at different error 

tolerance levels. For instance, while DNN-UBDF Model 1 outperforms Model 5 at the 

10% error tolerance level, Model 5 surpasses Model 1 at the 15% tolerance level. The 

main objective is to have a high training accuracy HDL-BDQ model in this section. 

Thus, the selection of DNN-UBDF is based on the performance of the proposed DNN-

BDP models. DNN-BDP can determine the inputs that lead to the highest accuracy of 

the ultimate battery prediction model. 

Table 4.17 Training results of proposed models for DNN-UBDF 

Error Tolerance 5% 10% 15% 20% 
DNN-UBDF Model 1 45.25% 77.33% 88.63% 89.74% 
DNN-UBDF Model 2 48.66% 78.37% 89.21% 90.59% 
DNN-UBDF Model 3 37.96% 69.14% 85.47% 87.19% 
DNN-UBDF Model 4 48.82% 73.86% 88.58% 91.23% 
DNN-UBDF Model 5 51.05% 75.12% 89.90% 90.11% 
DNN-UBDF Model 6 39.78% 65.61% 81.31% 83.74% 

 

4.6.4 DNN-BDP Training Results 

              Based on the results shown in Table 4.18, it is evident that the DNN-BDP 

Model 10 outperforms all other models across the tolerance levels. Thus, it can be 

concluded that, given the training dataset, Model 10 which takes SOC, DOD, Temp, C 

Rate, IR, Cap and ELCN as inputs, is the best model for DNN-BDP in battery 

degradation prediction. Model 10 includes the most input features among the models 
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besides Model 9. Model 1 and Model 2 are the simplest model that consists only two 

input features and perform well, but the accuracy at 5% tolerance level is low 

comparing to Model 10. Conversely, Model 7 and Model 8 yield very low prediction 

accuracy. Interestingly, the prediction accuracy of Model 3 and Model 4 are quite 

high. The only difference is the SOH is added in the input features for Model 7 and 

Model 8. Moreover, when we compare Model 8 and Model 10, the huge accuracy 

difference shows the importance of ELCN in battery degradation prediction. Further 

analysis shows that even-numbered models, which include IR as an input variable, 

perform better than odd-numbered models, which include IT. This suggests that IR is 

a better indicator of degradation than IT, at least on the dataset that has been examined 

in this work. Fig. 4.21 shows the results in the training process of the Model 10 that 

becomes stable after 200 epochs.  

Table 4.18 Training results of proposed models for DNN-BDP 

Error Tolerance 5% 10% 15% 20% 
DNN-BDP Model 1 45.30% 77.57% 93.94% 97.89% 
DNN-BDP Model 2 48.80% 82.16% 97.23% 99.89% 
DNN-BDP Model 3 48.76% 82.04% 97.41% 99.91% 
DNN-BDP Model 4 50.82% 79.37% 94.20% 99.91% 
DNN-BDP Model 5 34.38% 65.57% 86.15% 95.91% 
DNN-BDP Model 6 25.99% 59.11% 88.12% 97.76% 
DNN-BDP Model 7 15.67% 21.66% 30.81% 45.85% 
DNN-BDP Model 8 12.17% 18.85% 23.66% 30.82% 
DNN-BDP Model 9 56.39% 88.87% 96.67% 97.07% 
DNN-BDP Model 10 58.36% 91.56% 99.36% 99.99% 
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Fig. 4.21. Training result of Model 10 for DNN-BDP. 

4.6.5 Overall Performance of HDL-BDQ Model 

              Since the superior performance of Model 10 for DNN-BDP, we have selected 

Model 5 from DNN-UBDF and Model 10 from DNN-BDP as the two sequential DNN 

models for the proposed HDL-BDQ model. The overall performance of HDL-BDQ 

model is evaluated by connecting DNN-UBDF and DNN-BDP together. Table 4.19 

present the overall performance of the HDL-BDQ model and the benchmark models. 

At the 15% error tolerance level, the proposed HDL-BDQ model achieves an accuracy 

of 91.7%, whereas the NNBD model only attains 83.1%. It is evident that the 

proposed HDL-BDQ model can outperform the benchmark models completely across 

all tolerance levels. The proposed HDL-BDQ model achieves a high accuracy 

especially when the tolerance is in 5% and 10%. Note that the results for three models 
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shown in Table 4.19 are based on the same training dataset that do not undergo any 

filtering or pre-processing. 

Table 4.19 Performance Comparison of Battery Degradation Prediction 

Error Tolerance 5% 10% 15% 20% 
HDL-BDQ 37.4% 73.4% 91.7% 97.3% 

NNBD 31.4% 57.0% 83.1% 97.3% 
NNBD2 27.3% 55.6% 79.2% 91.4% 

 

4.7 Summary 

              In this chapter, a neural network based battery degradation model is 

introduced to predict the BESS degradation value for each scheduling period. A cycle 

based battery usage processing method is designed to accurately apply the proposed 

NNBD model with the microgrid day-ahead scheduling model. The NNODH 

algorithm is proposed to decouple the battery degradation based microgrid day-ahead 

scheduling problem that is hard to solve directly due to the highly non-linear 

characteristic of the proposed NNBD model. The proposed NNODH algorithm can 

solve the MDS optimization problem and calculate the battery degradation cost 

iteratively and effectively find the optimal solution with the lowest total cost. The 

CMDS problem is created with the options of using different proposed constraints to 

limit the BESS usage and obtain a lower battery degradation cost. An RES-enriched 

microgrid is used to evaluate the performance of the proposed BDMDS model and the 

proposed NNODH algorithm. 

The test results demonstrate that the battery degradation can be accurately 

predicted (5.9% error) by the proposed NNBD model with the adjusted inputs 
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obtained by the proposed CBUP method. The proposed NNODH algorithm can obtain 

the optimal solution efficiently. Compared with the traditional MDS models, the total 

cost can be reduced significantly by 5.82% with the proposed BDMDS model. Also, 

the proposed model can reduce the daily BESS degradation significantly from 0.02% 

to 0.0045%. The annual degradation cost is reduced by 78.6% with the proposed 

model. Moreover, the expected lifetime is extended from 4.1 years to 18.3 years with 

the proposed model. The NNODH-BCL performs the best among the proposed four 

strategies in this case. Sensitivity tests demonstrate the performance of the proposed 

NNODH algorithm under different BESS sizes and unit prices. Overall, this work 

demonstrates the effectiveness of the proposed BDMDS model for reducing battery 

degradation cost and total cost, and the capability of the proposed NNODH algorithm 

for efficiently solving BDMDS that is a deep neural network embedded optimization 

problem. 

Also, a hierarchical deep learning-based battery degradation quantification 

model is proposed to predict the BESS degradation value for each scheduling period. 

Multiple potential DNN models are proposed and tested separately to determine the 

most accurate and efficient combination of the HDL-BDQ model (DNN-UBDF and 

DNN-BDP). The simulation results demonstrate that the proposed HDL-BDQ is more 

advanced than the single stage NNBD model since it requires less training data and 

achieves higher training accuracy (91.7% versus 83.1% & 79.2%, with an error 

tolerance of 15%). The proposed various potential models for the two sequential DNN 
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models also help determine that the IR and ELCN are the most correlated battery 

degradation parameters at least for the dataset used in this work. 
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5. PIECEWISE LINEARIZED BATTERY DEGRADATION 

BASED ENERGY SCHEDULING MODEL 

5.1 Literature Review 

              A number of previous studies have developed various battery degradation 

models for BESS. A piecewise linear battery degradation model that is based on 

Arrhenius law is proposed in [53] to predict battery degradation. However, this 

degradation model only reflects the impact of depth of discharge (DOD), which is not 

sufficient. Similarly, the battery degradation in [71] is calculated based on the 

remaining useful life (RUL) of BESS that is predicted by the DOD of each cycle. It is 

not reasonable to consider the linear relationship between DOD and RUL throughout 

the lifetime of BESS. Moreover, the RUL is affected by several other degradation 

factors besides the DOD. A linear degradation rate is applied to quantify the battery 

degradation cost in the optimization problem [73]−[75]. The linear degradation may 

decrease the difficulty of solving the unit commitment problem, but the inaccurate 

degradation information of the linear model may substantially reduce the lifetime of 

the BESS. For all the aforementioned battery degradation models, they either consider 

a linear degradation cost or the models missing several critical degradation factors 

such as state of charge (SOC), C rate, and ambient temperature; none of them 

developed a comprehensive model to cover the majority critical degradation factors. 

              A neural network based battery degradation (NNBD) is developed in [98]. 

Although the NNBD model can accurately predict the battery degradation with major 

degradation factors (SOC, DOD, C rate, state of health (SOH) and ambient 
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temperature), the proposed iterative method seems to only address systems with only 

one BESS integrated bus and cannot scale to large-scale systems. 

              To bridge the aforementioned gaps, this chapter proposes a novel security-

constrained unit commitment model with linearized neural network based battery 

degradation model, referred to as linearized battery degradation model based SCUC 

(Linearized BD-SCUC or L-BD-SCUC). The proposed L-BD-SCUC model that 

considers the equivalent battery degradation cost is directly solvable. The NNBD 

model is structured to learn and predict the value of battery degradation with major 

degradation factors. The non-linear activation function for each neuron in each hidden 

layer is linearized to enable a linearized NNBD model. As a result, L-BD-SCUC can 

be solved directly to provide the optimal solution with the lowest total cost that is the 

sum of the operation cost and the equivalent battery degradation cost.  

 

5.2 Traditional SCUC Model 

              A traditional SCUC (T-SCUC) model is established as a benchmark model to 

gauge the proposed L-BD-SCUC model. This T-SCUC model consists of (5.1)-(5.18) 

as described below and it does not consider equivalent degradation cost of BESS. The 

cost of BESS degradation will be presented in next section. The objective of the T-

SCUC model is to minimize the total operation cost of the generators which is shown 

below, 

 𝑓𝑓(cost) = 𝑓𝑓𝐺𝐺 ,   (5.1) 

where 𝑓𝑓𝐺𝐺 denotes the total cost of all the generator units that are shown below, 
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 𝑓𝑓𝐺𝐺 = ∑ ∑ 𝑃𝑃𝑔𝑔𝑡𝑡𝑐𝑐𝑔𝑔 + 𝑈𝑈𝑔𝑔𝑡𝑡𝑐𝑐𝑔𝑔𝑁𝑁𝑁𝑁 +   𝑉𝑉𝑔𝑔𝑡𝑡𝑐𝑐𝑔𝑔𝑆𝑆𝑆𝑆𝑔𝑔∈𝑆𝑆𝐺𝐺𝑡𝑡∈𝑆𝑆𝑇𝑇 .   (5.2) 

              The nodal power balance equation involving synchronous generators, 

renewable energy sources, BESSs and demand of bus n is shown in (5.3). Constraints 

(5.4)−(5.6) represent the power output limits and ramping limits of each generators. 

Equations (5.7)− (5.9) define the relation between generator start-up status and 

generator on/off status. The thermal limit of the transmission line is enforced by 

(5.10). Constraint (5.11) represents the network power flow equation. As shown in 

(12), the SOC level can be represented by the ratio between the current stored energy 

and maximum available energy capacity. Constraints (5.13)− (5.14) enforce the 

charging/discharging power limits of BESS. Constraint (5.15) restricts the BESS to be 

either in charging mode or in discharging mode or stay idle. Equation (5.16) calculates 

the stored energy of BESS at each time interval. The ending BESS SOC level is forced 

to equal the initial value in (5.17). Equation (5.18) enforces the limit of the stored 

energy for BESS. The T-SCUC model is listed as: 

 
∑ 𝑃𝑃𝑔𝑔𝑡𝑡𝑔𝑔∈𝑆𝑆𝐺𝐺 + ∑ 𝑃𝑃𝑟𝑟𝑡𝑡𝑟𝑟∈𝑆𝑆𝑅𝑅 + ∑ 𝑃𝑃𝑘𝑘𝑡𝑡𝑘𝑘∈𝐾𝐾(𝑛𝑛−) +  ∑ 𝑃𝑃𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

𝑡𝑡,𝑠𝑠
𝑠𝑠∈𝑆𝑆𝑆𝑆 = ∑ 𝑃𝑃𝑘𝑘𝑡𝑡𝑘𝑘∈𝐾𝐾(𝑛𝑛+) +

∑ 𝑃𝑃𝑑𝑑𝑡𝑡𝑑𝑑∈𝑆𝑆𝐿𝐿 + ∑ 𝑃𝑃𝐶𝐶ℎ𝑎𝑎𝑎𝑎
𝑡𝑡,𝑠𝑠

𝑠𝑠∈𝑆𝑆𝑆𝑆 ,∀𝑛𝑛, 𝑡𝑡,   
(5.3) 

 𝑃𝑃𝑔𝑔𝑀𝑀𝑀𝑀𝑀𝑀𝑈𝑈𝑔𝑔𝑡𝑡 ≤ 𝑃𝑃𝑔𝑔𝑡𝑡 ≤ 𝑃𝑃𝑔𝑔𝑀𝑀𝑎𝑎𝑎𝑎𝑈𝑈𝑔𝑔𝑡𝑡 ,∀𝑔𝑔, 𝑡𝑡, (5.4) 

 𝑃𝑃𝑔𝑔𝑡𝑡+1 − 𝑃𝑃𝑔𝑔𝑡𝑡 ≤ ∆𝑇𝑇 ∙ 𝑃𝑃𝑔𝑔
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 ,∀𝑔𝑔, 𝑡𝑡, (5.5) 

 𝑃𝑃𝑔𝑔𝑡𝑡 − 𝑃𝑃𝑔𝑔𝑡𝑡+1 ≤ ∆𝑇𝑇 ∙ 𝑃𝑃𝑔𝑔
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅  ,∀𝑔𝑔, 𝑡𝑡, (5.6) 

 𝑉𝑉𝑔𝑔𝑡𝑡 ≥ 𝑈𝑈𝑔𝑔𝑡𝑡 − 𝑈𝑈𝑔𝑔𝑡𝑡−1,∀𝑔𝑔, 𝑡𝑡, (5.7) 

 𝑉𝑉𝑔𝑔𝑡𝑡+1 ≤ 1 − 𝑈𝑈𝑔𝑔𝑡𝑡 ,∀𝑔𝑔, 𝑡𝑡, (5.8) 
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 𝑉𝑉𝑔𝑔𝑡𝑡 ≤ 𝑈𝑈𝑔𝑔𝑡𝑡 ,∀𝑔𝑔, 𝑡𝑡, (5.9) 

 −𝑃𝑃𝑘𝑘𝑀𝑀𝑀𝑀𝑀𝑀 ≤ 𝑃𝑃𝑘𝑘𝑡𝑡 ≤ 𝑃𝑃𝑘𝑘𝑀𝑀𝑀𝑀𝑀𝑀   ,∀𝑘𝑘, 𝑡𝑡, (5.10) 

 𝑃𝑃𝑘𝑘𝑡𝑡 − 𝑏𝑏𝑘𝑘(𝜃𝜃𝑛𝑛𝑡𝑡 − 𝜃𝜃𝑚𝑚𝑡𝑡 ) = 0  ,∀𝑘𝑘, 𝑡𝑡, (5.11) 

 𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠𝑡𝑡 = 𝐸𝐸𝑠𝑠𝑡𝑡 𝐸𝐸𝑠𝑠𝑀𝑀𝑀𝑀𝑀𝑀⁄ ,∀𝑠𝑠, 𝑡𝑡, (5.12) 

 𝑈𝑈𝐶𝐶ℎ𝑎𝑎𝑎𝑎
𝑡𝑡,𝑠𝑠 𝑃𝑃𝑠𝑠𝑀𝑀𝑀𝑀𝑀𝑀 ≤ 𝑃𝑃𝐶𝐶ℎ𝑎𝑎𝑎𝑎

𝑡𝑡,𝑠𝑠 ≤ 𝑈𝑈𝐶𝐶ℎ𝑎𝑎𝑎𝑎
𝑡𝑡,𝑠𝑠 𝑃𝑃𝑠𝑠𝑀𝑀𝑀𝑀𝑀𝑀 ,∀𝑠𝑠, 𝑡𝑡, (5.13) 

 𝑈𝑈𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡,𝑠𝑠 𝑃𝑃𝑠𝑠𝑀𝑀𝑀𝑀𝑀𝑀 ≤ 𝑃𝑃𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

𝑡𝑡,𝑠𝑠 ≤ 𝑈𝑈𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡,𝑠𝑠 𝑃𝑃𝑠𝑠𝑀𝑀𝑀𝑀𝑀𝑀 ,∀𝑠𝑠, 𝑡𝑡, (5.14) 

 𝑈𝑈𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡,𝑠𝑠 + 𝑈𝑈𝐶𝐶ℎ𝑎𝑎𝑎𝑎

𝑡𝑡,𝑠𝑠 ≤ 1,∀𝑠𝑠, 𝑡𝑡, (5.15) 

 𝐸𝐸𝑠𝑠𝑡𝑡 − 𝐸𝐸𝑠𝑠𝑡𝑡−1 + ∆𝑇𝑇 ∙ �𝑃𝑃𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑡𝑡−1,𝑠𝑠 𝜂𝜂𝑠𝑠𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷⁄ − 𝑃𝑃𝐶𝐶ℎ𝑎𝑎𝑎𝑎

𝑡𝑡−1,𝑠𝑠𝜂𝜂𝑠𝑠𝐶𝐶ℎ𝑎𝑎𝑎𝑎� = 0,∀𝑠𝑠, 𝑡𝑡, (5.16) 

 𝐸𝐸𝑠𝑠𝑡𝑡=24 = 𝐸𝐸𝑠𝑠𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼  (𝑖𝑖 ∈  𝑆𝑆𝑆𝑆),∀𝑠𝑠, 𝑡𝑡, (5.17) 

 𝐸𝐸𝑠𝑠𝑀𝑀𝑀𝑀𝑀𝑀 ≤ 𝐸𝐸𝑠𝑠𝑡𝑡 ≤ 𝐸𝐸𝑠𝑠𝑀𝑀𝑀𝑀𝑀𝑀 ,∀𝑠𝑠, 𝑡𝑡. (5.18) 

 

5.3 Linearization of NNBD model 

              Since the iteration method developed in chapter 4 for solving BD-SCUC is 

limited to single-BESS systems, an alternative method L-BD-SCUC is proposed in 

this section to linearize the NNBD model and make the BD-SCUC directly solvable. 

The proposed L-BD-SCUC model consists of (4.7)−(4.9), (4.11), and (5.3)−(5.19) 

and (5.21)−(5.24).  

              The NNBD model can be expressed by a set of equations that represent 

neuron’s calculation and activation. Equation (5.19) represents the calculation for each 

neuron that involves the input features from the first layer, corresponding weights 

matrix 𝑊𝑊  and the biases matrix. The non-linear ReLU activation function is 
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represented in (5.20) which is linearized with an auxiliary variable 𝛿𝛿ℎ𝑖𝑖   by 

(5.21)−(5.24). Note that 𝛿𝛿ℎ𝑖𝑖  is a binary variable: one indicates activation is enabled 

and zero otherwise. 𝑎𝑎ℎ𝑖𝑖  represents the activated value of 𝑥𝑥ℎ𝑖𝑖 . The linearized ReLU 

formulation as listed as: 

 𝑥𝑥ℎ𝑖𝑖 = ∑𝑥𝑥ℎ−1𝑖𝑖 ∗ 𝑊𝑊 + 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵,   (5.19) 

 𝑎𝑎ℎ𝑖𝑖 = 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟�𝑥𝑥ℎ𝑖𝑖 � = 𝑚𝑚𝑚𝑚 𝑥𝑥�0, 𝑥𝑥ℎ𝑖𝑖 �,   (5.20) 

 𝑎𝑎ℎ𝑖𝑖 ≤ 𝑥𝑥ℎ𝑖𝑖 + 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 ∗ �1 − 𝛿𝛿ℎ𝑖𝑖 �, (5.21) 

 𝑎𝑎ℎ𝑖𝑖 ≥ 𝑥𝑥ℎ𝑖𝑖 , (5.22) 

 𝑎𝑎ℎ𝑖𝑖 ≤ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 ∗ 𝛿𝛿ℎ𝑖𝑖 , (5.23) 

 𝑎𝑎ℎ𝑖𝑖 ≥ 0. (5.24) 

 

5.4 Multi-BESS Test Case 

              A typical IEEE 24-bus system [99] that has 33 generators is used as a test bed 

to evaluate the proposed L-BD-SCUC method in this section. Fig. 5.1 illustrates the 

IEEE 24-bus system. The benchmark model T-SCUC does not consider the battery 

degradation. The L-BD-SCUC model and the T-SCUC model are solved by the 

python package “Pyomo” [96] and “Gurobi” optimizer solver [97].  
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Fig. 5.1. IEEE 24-bus system [99]. 

5.5 Results Analysis 

A verification test is first conducted by solving SCUC for a single BESS integrated 

system to demonstrate the proposed L-BD-SCUC model against the BD-SCUC model. 
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The BESS schedule profile that obtained from the result of L-BD-SCUC model is fed 

into the NNBD model to calculate the battery degradation and its equivalent cost. 

From the results, the battery degradation cost obtained from the trained NNBD model 

is $14,289.50, while it is $14,289.49 reported directly from the L-BD-SCUC model. 

The degradation cost between the two models are negligible, which verifies the 

effectiveness of the proposed linearization model. This is actually expected since the 

piecewise linearization with an auxiliary binary variable is an exact reformulation of 

activation function ReLU. 

Table 5.1 presents the parameters of BESSs that are installed at different buses in 

the IEEE 24-bus system. The energy capacities of different BESSs are different. The 

BESS numbered four has the largest energy capacity and the highest output power 

among all five BESSs. Table 5.2 presents the wind farms that are integrated in the 

IEEE 24-bus system. There are five wind farms and each contains different numbers 

of wind turbines. The capacity for each wind turbine is 200 kW. The wind profile data 

originally from Pecan Street Dataport [22] are scaled for this study. 

Table 5.1 BESS parameters. 

BESS No. Bus No. Capacity 
(MWh) 

P_Max 
(MW) 

P_Min 
(MW) 

Price 
$/MWh 

Initial 
SOC 

1 21 50 20 0 100,000 40% 
2 22 10 4 0 120,000 40% 
3 7 10 4 0 120,000 40% 
4 14 200 100 0 75,000 40% 
5 9 30 10 0 110,000 50% 
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Table 5.2 Wind farm locations and sizes. 

Wind Farm No. Wind Farm Bus # of Wind Turbines 
1 21 200 
2 22 80 
3 2 100 
4 14 100 
5 15 100 

               

Table 5.3 compares the results from T-SCUC and L-BD-SCUC. The total cost 

represents the summation of generators’ fuel cost and the equivalent battery 

degradation cost. Since the T-SCUC model does not consider the battery degradation, 

the equivalent battery degradation cost for T-SCUC in Table 5.2 is obtained by 

collecting the BESS output results from T-SCUC and feed it into the NNBD model. In 

other words, the battery degradation cost is calculated independently after the T-

SCUC is solved while it is directly considered and solved in the L-BD-SCUC model. 

The results meet the expectation that there will be a total cost reduction achieved by 

the proposed L-BD-SCUC model. With the proposed L-BD-SCUC model, the total 

cost decreases by 4.21% comparing with the T-SCUC model. The battery degradation 

cost significantly decreases by 41.3%. On the other hand, the fuel cost increases by 

0.8% due to the change of BESSs’ schedule. Comparing with the decreasing battery 

degradation cost, the increment of fuel cost is insignificant.  

Table 5.3 Results for IEEE-24 bus system. 

IEEE 24-bus test systems with 5 BESSs 
  Fuel Cost ($) BD Cost ($) Total Cost ($) 

T-SCUC 256,404.60  34,643.80  291,048.40  
L-BD-SCUC 258,448.90  20,348.10  278,797.00  

Reduction -0.80% 41.30% 4.21% 
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              Fig. 5.2 to Fig. 5.6 present the scheduled BESS operation curves with the L-

BD-SCUC model and benchmark model for the five-BESS integrated system. From 

the results, we can observe that all the BESSs are scheduled to be more “active” for T-

SCUC than L-BD-SCUC. “Active” represents the periods that BESS is on 

charging/discharging status instead of idle. In addition, the BESS output/input power 

in each time period is generally scheduled to be higher in T-SCUC than L-BD-SCUC. 

These results are because battery degradation cost is considered in the L-BD-SCUC 

model. The charge/discharge rate and DOD play a vital role in the NNBD model. 

Therefore, the BESS is scheduled to charge/discharge in a narrow power range and in 

less time periods to decrease the amount of battery degradation and the equivalent 

cost. The results show that the majority time periods are set to idle for BESS 1 and 2 

in L-BD-SCUC model. For BESS 3, 4, and 5, active time periods are similar between 

L-BD-SCUC and T- SCUC. However, they are scheduled in a narrow power range for 

L-BD-SCUC model to decrease battery degradation. The results may be affected by 

the bus location of the BESSs and wind farms. Overall, the BESSs’ schedule indicates 

that the proposed L-BD-SCUC method is able to obtain the solution for multi-BESSs 

integrated bulk power system. 
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 Fig. 5.2. Output power of BESS #1. 

 

Fig. 5.3. Output power of BESS #2. 
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Fig. 5.4. Output power of BESS #3. 

 

 

Fig. 5.5. Output power of BESS #4. 
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Fig. 5.6. Output power of BESS #5. 

Table 5.4 presents the sensitivity tests on optimization relative mipgap (rel-mipgap) 

with the implement of L-BD-SCUC method shown above. In previous results, we 

select the 0.01 as the value of rel-mipgap and it took 357.2 seconds to converge. For 

rel-mipgaps with 0.001 and 0.0001, the program terminates due to the pre-set 

maximum solving time, which indicates the model cannot find the optimal solution 

within desired mipgaps. The long computing time and convergence issue motivate us 

to conduct further sensitivity tests on system scenarios with different numbers of 

BESSs.  

Table 5.4 Relative mipgap tests on 5-BESS system. 

Optimization Mipgap   Total Cost ($)  Degradation Cost ($) Solving Time (s) 
0.1 302,843.2  19,515.2  47.2  
0.01 278,797.0  20,348.1  357.2  
0.001 278,777.4  20,338.3  3600  
0.0001 278,774.5  20,338.5 3600  

0 278,774.5 20,338.5 3600  
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              Table 5.5 presents the results of sensitivity analysis on the number of BESSs. 

The rel-mipgap is set to 0.01 for all the tests in Table 5.5. From Table 5.5, it is clear 

that the solving time significantly increases as the number of BESSs increases, which 

indicates the solving efficiency decreases with more BESS buses integrated into the 

system.  

              The proposed model can also be applied to illustrate the economic benefits of 

integrating BESS into power systems. Table 5.6 shows the economic results for 

different total energy capacities of BESSs. The cost represents the capital investment 

cost of all the BESSs. The economic benefit represents the total lifetime revenue with 

the implementation of BESSs. The revenue is calculated based on the difference 

between the total cost of a BESS integrated system and a benchmark system with no 

BESS. The expected lifetime is obtained based on average daily battery degradation 

with 𝑆𝑆𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸 being set to 50%. The average daily battery degradation is obtained from 

the proposed model which consists no extra operation limits for BESS such as cycle 

limit, rate limit, DOD limit and SOC limit. However, the battery operation is usually 

limited in order to extend the lifespan in practice. Thus, the actual lifetime should be 

longer than the results listed in Table VI at the cost of limiting battery daily usage. We 

find that with a higher installed BESS capacity, the SCUC cost decreases. The SCUC 

cost here represents the total cost of L-BD-SCUC model. However, the higher BESS 

capacity may not be the optimal choice. It also depends on the renewable generation 

capacity and the bus location of BESSs in the system. 
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Table 5.5 Results of sensitivity analysis on number of BESS in the system 

Numbers of BESS   1 2 3 4 5 
Solving Time (s) 17.7 29.3 134.3 234.7 357.2 

 

Table 5.6 Economic results. 

Total BESS 
Capacity 
(MWh) 

Cost  
($ in millions) 

Economic 
benefit  

($ in millions) 

Expected lifetime 
(years)  

SCUC total 
cost ($) 

50 5.5 12.02 11.6  $300,202  
100 8 46.04 11.6 $292,166  
200 15 78.65 11.4 $284,136  
300 22 101.3  9.2 $270,935  
500 36 102.94 9.6 $273,661  

 

5.6 Summary 

              This chapter introduces a novel security-constrained unit commitment model 

with linearized neural network based battery degradation model that is proposed to 

linearize the learning based battery degradation model to make battery degradation 

considered SCUC problem directly solvable in this chapter. A linearization model is 

formulated to linearize the activation functions of the NNBD model. The results of 

this research demonstrate that the proposed L-BD-SCUC method can effectively solve 

battery degradation-based SCUC for a power system with multiple BESS buses. The 

statistical economic results of the proposed method give an overview of the potential 

economic benefit of the BESS integration and provide insights into power system 

planning. One finding from this study is that the computational burden will increase 

substantially as the number of BESS in the power system increases. Although the 
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proposed L-BD-SCUC method can solve the cases with multi-BESSs, the low 

efficiency indicates that further research beyond this work and our prior work is still 

needed. To summarize, with the proposed L-BD-SCUC, an alternative method is 

available to efficiently solve the NNBD embedded SCUC problem.   
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6. COMPUTATIONAL ENHANCEMENT OF BATTERY 

DEGRADATION BASED ENERGY SCHEDULING MODEL  

6.1    Literature Review 

              Deep learning (DL) is playing a crucial role in enhancing the operational 

efficiency and reliability of power systems, particularly in the context of high RES 

penetration and the associated challenges of intermittency and unpredictability [100]. 

DL has been widely adapted to assist the power system operation such as, optimal 

power flow, day ahead scheduling, restoration, and state estimation [101]−[103]. DL 

is an important technology for contributing to the transition towards more sustainable 

and resilient power grids. 

              The outstanding performance of deep learning technologies has ushered in 

innovative solutions for numerous challenging power system issues that traditional 

methods struggle to address. Today's power system is confronting formidable 

challenges, primarily due to the extensive integration of RES into the grid. Deep 

learning methods have emerged as indispensable tools within the power system area. 

Based on different attributes of DL models, they have been found to be useful in 

diverse applications in solving a range of power system problems. For example, a 

deep neural network (DNN) consisting of only fully connected dense layers is 

developed in [104] to predict active power flows and it outperforms the widely-used 

linearized DC power flow model. The utilization of graph neural networks (GNN) in 

[105] allows for efficient predictions of current and power injection, capitalizing on 

GNN's topological advantages. Convolutional neural network is adapted to predict the 
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rate of change of frequency under large disturbances to ensure the system stability in 

[106].  Furthermore, fault detection including fault type and location can be predicted 

by the artificial neural network as presented in [107]. Meanwhile, recurrent neural 

networks are widely used in time sequential prediction such as load forecasting, 

electricity price prediction, weather forecasting, and renewable generation forecasting, 

offering versatile solutions to contemporary power system challenges [108]−[111].  

              Most DL models adopt the rectified linear unit (ReLU) as the nonlinear 

activation function between the hidden layers to enhance the training efficiency and 

robustness [112]. Nevertheless, the ReLU introduces the nonlinearity to the DL 

models which make them nonlinear [113]. While this nonlinearity poses no issue for 

deterministic problems like fault detection and power flow prediction, it can become a 

significant obstacle when integrating the trained DNN model into optimization 

problems where DNN’s input features are decision variables to be solved, rendering 

them suddenly unsolvable due to the introduced nonlinearity. Remarkably, none of the 

previously mentioned studies have addressed the crucial challenge of linearizing the 

ReLU function in DNNs. Thus, there exists a significant research gap concerning the 

development of methods to linearize ReLU-based DNNs. 

 

6.2    ReLU Approximation Methods 

              To address the challenge, we have proposed four different models to linearize 

the ReLU activation function. The proposed four models include: (i) Big-M based 

piecewise linearization (BPWL), (ii) convex triangle area relaxation (CTAR), (iii) 
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penalized CTAR (P-CTAR), and (iv) penalized convex area relaxation (PCAR). 

BPWL is able to fully linearize the ReLU activation function without any 

approximation while the rest three models make some approximations to decrease the 

computational complexity.  

              Our previous work in chapter 4 has introduced a novel neural network based 

battery degradation (NNBD) model aimed at accurately quantifying the battery 

degradation values per usage profile. The proposed NNBD model is able to predict the 

battery degradation value for each cycle based on the input of state of charge (SOC), 

state of health (SOH), depth of discharge (DOD), ambient temperature, and 

charge/discharge rate (C Rate). The NNBD model enables the incorporation of battery 

degradation into microgrid daily operational energy scheduling. However, this 

integration encountered unexpected computational burden due to the nonlinear nature 

of the NNBD model that utilizes the ReLU activation function in the hidden layers; 

this poses challenges when NNBD is incorporated into the optimal day-ahead 

generation scheduling problems. To address this issue, we will evaluate the proposed 

four ReLU linearization models in the testbed of NNBD-integrated microgrid day-

ahead scheduling (MDS) model. It is worth mentioning that the proposed ReLU 

linearization methods not only fit the proposed NNBD model and optimal energy 

scheduling applications, but also applicable to a broader spectrum of DL-embedded 

optimization models that contains neural networks with ReLU activation functions. 
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6.2.1 Proposed Linearization Models 

This section presents the formulations of four models designed to linearize the ReLU 

activation function within the neural network model. The fully connected neural 

network models are characterized by a series of equations that describe the calculation 

and activation processes of neurons. Each neuron's pre-activated value 𝑥𝑥ℎ𝑖𝑖  is computed 

by (6.1), factoring in input features from the previous layer, the corresponding weight 

matrix 𝑊𝑊, and biases matrix B. Most neural network models employ ReLU as the 

activation function, as shown in (6.2). While this activation function is prevalent for 

introducing nonlinearity to capture intricate relationships among variables, the 

nonlinearity of the ReLU function can pose challenges when it is embedded in the 

optimization problem. To address this challenge, the ReLU activation function can be 

linearized by applying the proposed linearization models described in this section. 

Notably, the proposed linearization models can be applied to any optimizations 

models that needs to efficiently integrate nonlinear ReLU activation function. The 

ReLU activation function and neuron calculation are shown as,  

 𝑥𝑥ℎ𝑖𝑖 = ∑𝑎𝑎ℎ−1𝑖𝑖 ∗ 𝑊𝑊 + 𝐵𝐵, (6.1) 

 𝑎𝑎ℎ𝑖𝑖 = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�𝑥𝑥ℎ𝑖𝑖 � = 𝑚𝑚𝑚𝑚𝑚𝑚 (0, 𝑥𝑥ℎ𝑖𝑖 ). (6.2) 

              BPWL method is adapted to reformulate the ReLU function represented by 

(6.1) into (6.3)-(6.6) as listed below: 

 𝑎𝑎h𝑖𝑖 ≤ 𝑥𝑥h𝑖𝑖 + 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 ∗ (1 − 𝛿𝛿h𝑖𝑖 ), (6.3) 

 𝑎𝑎h𝑖𝑖 ≥ 𝑥𝑥h𝑖𝑖 , (6.4) 
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 𝑎𝑎h𝑖𝑖 ≤ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 ∗ 𝛿𝛿h,
𝑖𝑖  (6.5) 

 𝑎𝑎ℎ𝑖𝑖 ≥ 0, (6.6) 

where 𝛿𝛿ℎ𝑖𝑖  is a binary variable represents the activation status of neuron i in layer h, and 

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 is a pre-specified numerical value that is larger than any possible value of |𝑥𝑥|. 

As shown in Fig. 6.1, the BPWL model offers the distinct advantage of perfectly 

linearizing the ReLU activation function without any reformulation losses, which is 

illustrated by the fact that the BPWL line in Fig. 6.1 completely overlaps the ReLU 

function curve. However, this method requires one additional binary variable for each 

neuron that applies the ReLU function, which may significantly increase the 

computational complexity.  

 

 

Fig. 6.1. Illustration of the BPWL model for ReLU linearization. 

              The proposed CTAR approximate the ReLU function at each neuron with 

(6.4) and (6.6)−(6.7) as shown below, 
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 𝑎𝑎h𝑖𝑖 ≤
𝑈𝑈𝑈𝑈

𝑈𝑈𝑈𝑈 − 𝐿𝐿𝐿𝐿
𝑥𝑥h𝑖𝑖 −

𝑈𝑈𝑈𝑈 ∙ 𝐿𝐿𝐿𝐿
𝑈𝑈𝑈𝑈 − 𝐿𝐿𝐿𝐿

, (6.7) 

which constrains the feasible solution set. CTAR offers a pure linear representation of 

ReLU, introducing minimal complexity to optimization problems while 

acknowledging the presence of approximation errors. As shown in Fig. 6.2, the blue 

area denotes the feasible region, delimited by the lower bound (LB) and upper bound 

(UB), both of which are determinable from the neural network model. Specifically, LB 

should be less than the minimum neuron preactivated value, while UB should exceed 

the maximum neuron preactivated value. In most cases with normalized training data, 

each neuron's value falls within the range between -1 to 1. It's noteworthy that 

different choices for LB and UB can impact the performance of the CTAR 

linearization method. 

 

Fig. 6.2. Illustration of the CTAR model for ReLU linearization. 

              The proposed P-CTAR model is introduced to reduce the approximation error 

associated with CTAR model with (6.4) and (6.6)−(6.8). To achieve this, a mitigation 
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strategy involves incorporating a penalty term 𝑐𝑐ℎ  into the objective function of the 

optimization model shown as, 

 𝑓𝑓𝑐𝑐 = �𝑎𝑎h𝑖𝑖 𝑐𝑐ℎ, (6.8) 

in which the penalty encourages the nonnegative variable 𝑎𝑎ℎ𝑖𝑖  to be positioned closer to 

the lower two sides, corresponding to the actual ReLU activated values, within the 

triangular representation as shown in Fig. 6.3. 

 

Fig. 6.3. Illustration of the P-CTAR model for ReLU linearization. 

              The proposed PCAR method is designed to add a penalty term 𝑐𝑐ℎ  on 

nonnegative 𝑎𝑎ℎ𝑖𝑖  without LB and UB, represented by (4), (6), and (8), which force the 

𝑎𝑎h𝑖𝑖  to be set at the ReLU activated values as shown in Fig. 4. As compared to CTAR, 

the PCAR method offers enhanced accuracy, especially when equipped with 

sufficiently large penalty terms, and notable efficiency gains due to the absence of 

constraints (7). Thus, this method stands out for its ability to significantly reduce 

computational complexity when compared to other available linearization approaches. 
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Fig. 6.4. Illustration of the PCAR model for ReLU linearization. 

6.2.2 ReLU Approximation for NNBD based MDS Models 

              Since the nonlinear ReLU activation function make the optimization model 

extremely hard to solve if not unsolvable, we have reformulated the MDS models to 

make it linear and solvable with the proposed four ReLU linearization models 

respectively. The updated objective function (33) is required for two of the proposed 

models: P-CTAR and PCAR. The linearized NNBD-integrated day-ahead energy 

scheduling models are defined in Table 6.1. 

Table 6.1 The Proposed Linearized ReLu Models 

Models Equations 
BPWL-MDS (6.3)-(6.6) 
CTAR-MDS (6.4), (6.6)-(6.7) 
P-CTAR-MDS (6.4), (6.6)-(6.8) 
PCAR-MDS (6.4), (6.6), (6.8) 
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6.2.3 Results Analysis 

              To evaluate the effectiveness of the linearized day-ahead scheduling model, 

we utilized a representative grid-connected microgrid [19] as the test case in this work, 

featuring several distributed energy resources including renewables and controllable 

units. The microgrid setup encompasses various key components, notably a 

conventional diesel generator, wind turbines, residential houses with solar panels, and 

a lithium-ion BESS with a charging and discharging roundtrip efficiency of 90%. The 

parameters for these main components are provided in Table 6.2. To simulate real-

world scenarios accurately, the load data for the microgrid is obtained from the 

electricity consumption patterns of 1000 residential households from the Pecan Street 

Dataport [22]. Additionally, for a comprehensive representation of environmental 

conditions, the ambient temperature and available solar power data are sourced over a 

24-hour period from the same Pecan Street Dataport source.  

Table 6.2 Microgrid Testbed 

Main 
Components 

Diesel 
Generator 

Wind 
Turbines 

Solar 
Panels 

Lithium-ion 
BESS 

Size 180kW 1000kW 1500kW 300kW 
 

              Table 6.3 presents the performance results obtained from the microgrid 

testbed based on the four proposed linearization models. In Table II, the term, 

Degradation, represents the degradation value calculated by the proposed linearization 

methods, while the term, Real Degradation, represents the degradation value 

computed separately by the NNBD model with the BESS operation profile to gauge 

the accuracy of the linearization models. The term, Error, is derived from the 
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comparison between Degradation and Real Degradation. The term, Total Cost, 

represents the combined MDS operation cost and the equivalent degradation cost. It's 

important to note that this equivalent degradation cost is derived from Degradation 

which may introduce the linearization approximation error. The term, Real Total Cost 

represent the combined MDS operation cost and the real equivalent degradation cost 

based on the Real Degradation. Also, the Total Cost in Table III has already excluded 

the penalty cost for P-CTAR and PCAR models. The outcomes indicate that BPWL 

yields the lowest linearization error, attributed to its complete linearization of the 

ReLU activation function. The minimal degradation prediction error is a result of 

rounding the weights in the NNBD model during the battery degradation value 

verification process. Ideally, there should be zero linearization error.  

Table 6.3 MDS Results 

MDS BPWL CTAR P-CTAR PCAR 
Degradation 0.0368% 0% 0.0344% 0.094% 
Real Degradation 0.037% 0.0487% 0.0348% 0.15% 
Error % 0.543% 100% 1.14% 37% 
Total Cost $530 $489 $530 $651 
Real Total Cost $530 $543 $530 $719 
Solving Time 28 s 0.9 s 8.75 s 0.58 s 

               

              However, it's worth mentioning that the BPWL model does require a 

relatively longer solving time due to the exponential addition of new binary variables 

to the optimization problem. Although the current solving time of 28 seconds remains 

acceptable for a microgrid case, it will increase significantly for larger systems. 

Overall, the BPWL model accurately represents the ReLU function with no 

reformulation losses but introduces binary variables, complicating the optimization 
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model and leading to longer solving times. In contrast, the computation times for the 

other linearization methods are significantly less. Notably, PCAR yields the shortest 

solving time, as expected, given its fewer constraints compared to CTAR and P-

CTAR.  

              The three MDS models with non-exact ReLU linearization achieve different 

accuracies. The proposed P-CTAR model exhibits the second-lowest error among the 

four proposed methods, signifying its ability to accurately linearize the ReLU 

activation function. A comparative analysis between CTAR and P-CTAR reveals that 

CTAR introduces substantial linearization errors, suggesting an ineffective 

linearization approach in this particular case. The significant approximation error in 

CTAR results from the absence of a penalty term in the model. This may change if the 

MDS model changes. In contrast, the P-CTAR model incorporates a penalty term in 

addition to the CTAR model, leading to a considerable enhancement in performance 

relative to CTAR. The P-CTAR model outperforms the PCAR model which implies 

that the chosen lower bound and upper bound values for CTAR are appropriate and 

effective in this testbed. The PCAR model, however, exhibits a linearization error of 

37%, notably higher than P-CTAR. It's important to note that both PCAR and P-

CTAR models' linearization errors are influenced by the penalty constant in the 

objective function, which requires additional sensitivity test to determine the optimal 

setup. While BPWL outperforms the other three models in terms of linearization 

accuracy, it lags behind in solving efficiency, especially when considering larger 

systems where it could potentially lead to significantly extended solving times. In 
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contrast, P-CTAR stands out as the best performance model in terms of linearization 

error among the rest of the models. The solving time is decreased significantly 

compared to the BPWL model while maintaining the linearization performance. 

 

Fig. 6.5. P-CTAR model degradation comparison. 

              Figure 6.5 graphically illustrates the linearization performance of the P-

CTAR model when compared to the reference NNBD degradation value, which is 

based on the BESS operation profile per usage cycle. The linearized degradation, 

produced directly from the optimization model using the P-CTAR model to linearize 

the internal ReLU function of the NNBD model, exhibits a trend that closely aligns 

with the benchmark model. While there are some deviations in specific time periods, 

the overall degradation value over the 24-hour look-ahead scheduling horizon 

demonstrates minimal prediction error, affirming the efficacy of the P-CTAR 

linearization model. 
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              It's noteworthy that during the design of the proposed linearization models, 

the expectation was that P-CTAR might introduce additional complexity to the 

optimization model, potentially leading to longer solving times. The results indeed 

align with this expectation, as the P-CTAR model's solving time surpasses that of the 

CTAR model. This trade-off between model efficiency and accuracy is duly 

considered in our evaluation. 

              Figure 6.6 presents the results of a sensitivity test for the P-CTAR model 

using different penalty cost constants denoted as 𝑐𝑐ℎ . This penalty cost serves the 

purpose of mitigating the approximation error associated with the CTAR model. 

However, it's important to note that different values of 𝑐𝑐ℎ  may lead to different 

outcomes, as the penalty cost is directly integrated into the objective function of the 

optimization problem. The objective cost reflects the expenses incurred by the 

objective function (33), while the penalty cost accounts for the costs introduced by the 

P-CTAR model. The real cost represents the MDS operating cost and the battery 

degradation cost, calculated as the difference between the objective cost and the 

penalty cost. However, the battery degradation cost here may include an error due to 

the linearization approximation of the P-CTAR model. Upon examination of the 

figure, it becomes evident that there is no significant variation in the real cost as 𝑐𝑐ℎ 

increases. However, the lowest linearization error is observed when 𝑐𝑐ℎ is set to 10. 

Beyond this threshold, increasing 𝑐𝑐ℎ leads to an escalation in battery degradation error 

which is directly caused by the error of linearization model. In summary, the selection 

of 𝑐𝑐ℎ  demands careful consideration and thorough preliminary testing to ensure the 
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optimal performance of the P-CTAR model. It's essential to emphasize that the 

optimal 𝑐𝑐ℎ  value provided here pertains specifically to the NNBD-based MDS 

optimization problem. If the optimization model undergoes any modifications, it 

would require recalibration to determine the ideal 𝑐𝑐ℎ value for the optimal setup. 

 

Fig. 6.6. P-CTAR sensitivity tests. 

              We also conducted a sensitivity test on the PCAR model with varying 𝑐𝑐ℎ 

values, and the results are depicted in Figure 6.7. It's noticeable that as we increase the 

𝑐𝑐ℎ  value, the linearization error does not exhibit a substantial decrease. In essence, 

there doesn't appear to be an optimal 𝑐𝑐ℎ value for the PCAR model that significantly 

enhances linearization accuracy. While the PCAR model demonstrates effectiveness, it 

doesn't achieve the same level of performance as the P-CTAR model. Consequently, 

for the NNBD-integrated MDS optimization problem, the PCAR model may not 

represent the most ideal solution. However, it's worth noting that the PCAR model 
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could potentially serve as the optimal solution for other neural network-based 

optimization models with distinct characteristics and requirements. 

 

Fig. 6.7. PCAR sensitivity tests. 

6.3 Sparse Neural Network Model 

              Heuristic methods were proposed in reducing the complexity of neural 

network models. For instance, in [114], a low-complexity neural belief propagation 

decoder is constructed using network pruning techniques. This approach involves 

removing unimportant edges from the network structure. However, it should be noted 

that these techniques may inadvertently decrease the training accuracy. Another 

approach to reducing complexity is the utilization of a sparse feature learning model 

[115]. This model focuses on learning useful representations and decreasing the 

complexity of hierarchical deep neural network models. In [116], the effectiveness of 

0%

10%

20%

30%

40%

50%

60%

70%

80%

0

500

1000

1500

2000

2500

3000

3500

1 5 10 15 20 25

Er
ro

r

C
os

t \
$

Penalty Cost Constant

Objective Cost
Penalty Cost
Real Cost
Battery Degradation Error



148 
 

sparse convolutional neural networks for single-instruction-multiple-data (SIMD)-like 

accelerators is demonstrated. This technique helps alleviate the computational burden 

by applying pruning methods to eliminate unnecessary connections within fully 

connected structures, as exemplified in [117] for wideband power amplifiers' neural 

network models. Similarly, pruning techniques are also employed in [118] to compact 

the deep neural networks for SCADA applications. Furthermore, [119]−[120] suggest 

that modern deep neural networks often suffer from overparameterization, with a large 

number of learnable parameters. One potential solution to this issue is model 

compression through the use of sparse connections. These approaches contribute to 

reducing the complexity and computational burden associated with neural network 

models, enabling more efficient and streamlined implementations. 

              Since the sparsity and pruning techniques have proved to be efficient to 

reduce the complexity of neural networks in many other applications, it may be a 

perfect solution to obtain a low computational complexity model in battery 

degradation prediction. Thus, we propose a sparse neural network-based battery 

degradation model (SNNBD) to quantify the battery degradation in BESS daily 

operations. SNNBD is designed to be significantly less complex than the traditional 

fully-connected dense neural network model. SNNBD is designed to reduce the 

computation burden induced by the ReLU activation function. Achieving this entails a 

strategic process of pruning during training, whereby a predetermined percentage of 

neurons is systematically pruned. The sparsity percentage is defined as the ratio of 

pruned neurons to the total neurons in the neural network. A higher percentage of 
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sparsity may decrease the computation complexity significantly, but the accuracy of 

the battery degradation prediction may decrease as compared with a less-sparse or 

dense model. It will be a trade-off between the sparsity and the training accuracy. 

Compared to the NNBD model, the proposed SNNBD model contains only a 

percentage of NNBD’s neurons which may reduce the computational burden 

significantly while maintaining accurate battery degradation prediction.   

6.3.1 Training Strategies  

              This section outlines the training process for the proposed SNNBD model. 

We proposed two training schemes: (i) Warm Start that trains the SNNBD based on 

the pre-trained NNBD model, and (ii) Cold Start that trains the SNNBD model 

directly with random initial weights. Both models consist of 5 input neurons, 20 

neurons in hidden layer 1, 10 neurons in hidden layer 2, and 1 neuron in the output 

layer. The hidden layers utilize the ReLU as the activation function for each neuron. 

A. Warm Start 

              The training process for Warm Start is illustrated in the algorithm explained 

below. Initially, the weights derived from the trained neural network model are 

utilized as the initial weights for the SNNBD model. During the training of the 

SNNBD model, a pruning mask is generated based on a certain predetermined sparsity 

percentage value. This mask is then applied to prune the weights after each training 

epoch to achieve the desired sparsity. The pruning masks are binary matrices that 

indicate which neurons are pruned (set to zero) in order to achieve sparsity throughout 

the entire structure. 
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Training Algorithm: Sparse Neural Network 
1. Obtain the weights matrices 𝜔𝜔 from the pre-trained NNBD model. 
2. Set the sparse percentage 𝜀𝜀. 
3. Set the training epochs. 
4. For 𝑒𝑒 𝑖𝑖𝑖𝑖 epochs, 
5.     Set the Pruning masks matrices with the 𝜺𝜺 
6.     Update weights matrices by  𝝎𝝎 ∗ 𝜺𝜺   
7.     Tune the weights matrices with gradient descent. 
8. end For 

 

B. Cold Start 

              Cold Start offers a simple approach compared to Warm Start. Instead of 

training the neural network based on the fine-tuned NNBD weights, Cold Start 

directly trains a sparse neural network using random initial weights. In essence, the 

key difference between Warm Start and Cold Start lies in the choice of initial weights. 

However, all other training techniques re-main consistent between the two options. 

The performance and efficiency of both Warm Start and Cold Start will be evaluated 

and compared the performance. 

6.3.2 Pruning Method  

              Pruning is a technique employed in neural networks to reduce the size and 

complexity of a model by eliminating unnecessary connections or neurons [121]. The 

objective of pruning is to enhance the efficiency of the training model, minimize 

memory requirements, and potentially improve its generalization capabilities. During 

the pruning process, a pruning mask is applied to identify and eliminate neurons that 

contribute less to the overall network performance, as depicted in Fig. 1. The pruning 

masks are regenerated for each epoch which means each pruning mask are identical. It 



151 
 

also helps the robustness of the proposed SNNBD model. These pruning masks enable 

a compact representation of the sparse neural network. Instead of storing and 

computing all connection weights, only the active connections are considered, 

resulting in reduced memory usage and computational demands. By incorporating 

pruning masks, sparse neural networks strike a balance between model complexity and 

efficiency, making them a valuable approach for various applications, particularly in 

scenarios with limited computational resources or deployment constraints.  

Before Pruning After Pruning
 

Fig. 6.8. Pruning of a sample neural network model. 

6.3.3 Training Results  

              The analysis of training outcomes, as illustrated in Table 6.4, distinctly 

highlights the superiority of Warm Start over Cold Start concerning training accuracy.  

However, it's noteworthy that Cold Start requires fewer epochs to complete the 

training process. It is important to mention that the training epochs for Warm Start 

represent the combined training epochs required by the NNBD model and the SNNBD 
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model, while for Cold Start, it refers to the training epochs of the sparse neural 

network alone. Training the sparse neural network from random initial weights (Cold 

Start) proves to be notably challenging when it comes to achieve an equivalently level 

of accuracy as the Warm Start. In contrast, Warm Start is designed to take advantage 

of the pre- trained NNBD model, which serves as a stable starting point. The SNNBD 

model is then applied to further refine and sparse the structure of the already trained 

model. This suggests that the pre-trained NNBD model provides a beneficial 

foundation for the SNNBD model. The initial training with the NNBD model 

establishes a solid baseline, and the subsequent application of the SNNBD model 

enables fine-tuning with sparsity. By leveraging the existing knowledge encoded in 

the NNBD model, Warm Start demonstrates superior training accuracy compared to 

Cold Start. 

Table 6.4 Results between Warm Start and Cold Start 

Training Options Accuracy Epochs 
Warm Start 94% 550 
Cold Start 77% 300 

 

All the results presented in Figure 6.9 are based on training Warm Start, as it 

outperforms the Cold Start. The training results of the proposed SNNBD model are 

depicted in Fig. 6.9 and Table 6.5. In Fig. 6.9, the 0% sparsity represents the original 

NNBD model without any sparsity applied. The subsequent markers—5%, 10%, and 

15%—tinted in blue, red, and green, respectively, signify distinct error tolerance 

thresholds.  Notably, the pattern that unfolds the interplay between sparsity and 

prediction accuracy. As sparsity percentage scales up, the precision of battery 
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degradation value predictions undergoes a gradual decrement across all tolerance 

thresholds. This trend continues until the 70% sparsity mark is attained. When com-

paring the 0% sparsity model (NNBD model) and the 50% sparsity model, the 

accuracy stands at 94.5% and 93.7% respectively, considering a 15% error tolerance. 

However, the 50% sparsity model significantly reduces the computational complexity 

compared to the original NNBD model since half of the neurons are pruned to be zero, 

thereby eliminating their connections. This reduction in computational complexity is 

exponential, as all connections associated with zero-valued neurons are discarded. 

 

Fig. 6.9. Training results of SNNBD model at different sparsity levels. 
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Table 6.5 Training accuracies of proposed SNNBD model under different sparsity 

levels and error tolerances 

Sparsity 
Percentage 

Error Tolerances  
5% 10% 15% 

0% 70% 91% 95% 
10% 67% 90% 94% 
20% 66% 90% 94% 
30% 65% 90% 94% 
40% 65% 90% 94% 
50% 63% 90% 94% 
60% 58% 84% 91% 
70% 42% 70% 85% 
80% 11% 23% 34% 

 
              All of these models, including the original NNBD model and models with 

various sparsity levels, will be integrated into the day-ahead scheduling problem to 

evaluate their performance. This integration will provide further validation and enable 

the evaluation of their effectiveness in improving the overall optimization process in 

the day-ahead scheduling problem. 

6.3.4 Microgrid Test Case  

              The SNNBD integrated day-ahead scheduling model is evaluated based on 

the same microgrid testbed in section 4. Table 6.6 presents the validation results for 

different sparsity levels of the SNNBD models in the microgrid day-ahead scheduling 

problem. The table provides insights into the performance of these models across 

various metrics. "Pseudo Total" represents the total cost with the SNNBD model, 

which serves as the objective of the day-ahead scheduling including the operating cost 

and degradation cost in optimization problem. "BD Cost" represents the equivalent 

battery degradation cost estimated using the SNNBD model. "Operation" shows the 
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microgrid operating cost, including the cost associated with generators and power 

trading. "OG BD Cost" indicates the battery degradation cost obtained from the 

original NNBD model, which does not incorporate sparsity. "Updated Total" 

represents the sum of the operation cost and the "OG BD Cost". "0% sparsity" is 

considered as the benchmark model, used to evaluate the performance of the other 

SNNBD models with different sparsity levels. 

              From the information in Table 6.6, it appears that the SNNBD model does not 

significantly reduce the solving time in the microgrid model. Furthermore, there is no 

substantial difference observed in the total cost and updated total cost among the 

various SNNBD models compared to the benchmark model. These findings suggest 

that the inclusion of sparsity in the SNNBD model does not significantly impact the 

overall cost in the microgrid day-ahead scheduling problem. Fig. 6.10 illustrates the 

output curves of the BESS under different battery degradation models. The figure 

shows that the BESS charge/discharge power profiles largely overlap across most time 

intervals. The only notable difference is observed in the 10% and 20% sparsity 

models, where the BESS charges at 20 kW during the 7-8 pm. Overall, these results 

demonstrate that the SNNBD model is capable of finding solutions for the day-ahead 

scheduling problem. Based on these findings, it can be concluded that the SNNBD 

model is reliable and able to identify optimal solutions compared to the non-sparse 

NNBD model in the microgrid day-ahead scheduling problem. However, it should be 

noted that the SNNBD model does not yield efficiency improvements, even with 

higher sparsity levels. One possible reason for this observation could be the small 
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scale of the microgrid case and the presence of only one BESS, which does not impose 

a heavy computational burden. 

Table 6.6 Microgrid energy scheduling results 

Sparsity 0% 10% 20% 30% 40% 
Pseudo Total ($) 501.5 499.94 500.88 501.2 501.04 

BD Cost ($) 7.27 7.93 8.85 7.4 8.22 
Operation ($) 494.23 492.01 492.03 493.8 492.82 

OG BD Cost ($) 7.27 11.25 11.2 8.09 9.27 
Updated Total ($) 501.5 503.26 503.23 501.89 502.09 
Solving time (s) 8.39 4.99 9 6.73 6.72 

 

 

Fig. 6.10. BESS output in a microgrid system. 

6.3.5 Bulk Power System Test Case  

              The SNNBD integrated day-ahead scheduling problem is evaluated at the 

bulk power grid model that has been tested in Chapter 5. A typical IEEE 24-bus 

system (Fig. 6.11) [99] is employed as a test bed. This system consists of 33 

generators and serves as a representative model for large-scale power grids. In 
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addition to the existing infrastructure, the test bed incorporates several BESSs and 

wind farms to evaluate their impact on the day-ahead scheduling. Fig. 6.11 illustrates 

the layout of the IEEE 24-bus system, showcasing the interconnected buses and the 

corresponding transmission lines. The objective of this evaluation is to optimize the 

scheduling decisions considering the presence of the multiple BESS and wind farm 

within the larger power grid system. 
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Fig. 6.11. Illustration of the modified IEEE 24-bus system [99]. 

              The outcome for the IEEE 24-bus system with different sparsity levels of the 

SNNBD model are presented in Table 6.7. It is vital to recognize that all tabulated 

results are anchored on a relative MipGap of 0.001, which is a critical gauge of the 

optimality gap. The table clearly demonstrates that the solving time decreases 
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exponentially as the sparsity level of the SNNBD model. The results based on the 60% 

and 70% sparsity have not been included as the BESS output curve deviates 

significantly from the solutions based on lower sparsity level models. The 0% and 

10% sparsity models results are not listed here since they cannot be solved within the 

given time frame, whereas the 50% sparsity model requires only 455 seconds for 

solution. Similarly, for the 20% sparsity model, the day-ahead scheduling problem 

cannot find the optimal solution within the span of 20 hours, resulting in a reported 

non-optimal benchmark result.  

              We also found that the 50% sparsity model lead to the minimum total cost. 

However, the total cost, does not change significantly despite the variation in solving 

time. This indicates that while the solving time is reduced to an acceptable number 

with high sparsity SNNBD models, the overall cost remains relatively stable. By 

analyzing these results, it becomes evident that increasing the sparsity level in the 

SNNBD model significantly reduces solving time without significantly impacting the 

overall cost. However, it is crucial to validate the BESS power output pattern when 

assessing the performance of the SNNBD model. Examining the BESS power output 

pattern ensures that the model captures the desired behavior and produces outputs 

consistent with expectations.  

              Figs. 6.12 and 6.13 display the SOC curves of BESS #4 and #5 under 

different sparsity levels of the proposed SNNBD model. These two BESS units are 

particularly active among the five units considered in the testbed. For benchmarking 

purposes, the SOC curve is also plotted when there is no battery degradation 
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considered in the day-ahead scheduling problem. The SOC curve provides insights 

into the utilization of the BESS, with more fluctuation indicating more active and 

flatter curves indicating less active. When degradation is not considered, the BESS 

units are utilized to their maximum capacity since there is no equivalent degradation 

cost factored into the optimization problem. We found that both BESS #4 and #5 are 

scheduled to discharge to 0% SOC twice when degradation is not considered. In 

Figure 6.12, the output curves of BESS #4 with SNNBD models significantly shrink 

compared to the case where degradation is not considered. However, the output 

patterns of BESS #4 with different sparsity levels of the SNNBD model exhibit a 

similar pattern and overlap for most time periods, which demonstrating the 

effectiveness of the proposed SNNBD model. 

Table 6.7 IEEE 24 bus day-ahead scheduling results with different SNNBD models 

Sparsity 
Percentage 

Operation Cost 
($) 

Degradation Cost 
($) 

Updated Total 
($) 

Time  
(s) 

20% 259,435 9,933 269,368 72,000 
30% 259,848 10,447 270,295 4,383 
40% 260,186 9,806 269,992 1,858 
50% 259,472 6,789 266,261 455 
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Fig. 6.12. SOC curves of BESS #4 in the 24-bus bulk power system. 

 

Fig. 6.13. SOC curves of BESS #5 in the 24-bus bulk power system. 
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6.3.6 Market Analysis 

              Fig. 6.14 presents sample results demonstrating the influence of locational 

marginal price (LMP) when integrating BESSs into the bulk power system. Our 

exploration encompassed 3 models including “no BESS model”, “BESS considered 

with degradation”, and “BESS considered without degradation”. A comparison was 

made with the "no BESS model" to assess the system's ability to reduce line 

congestion when a BESS is integrated. The LMP results in Fig. 7 specifically focus on 

bus 14, the location of the largest BESS unit, BESS #4. From the figure, it is evident 

that during most time periods, such as 1 am to 5 am and 12 pm to 6 pm, the LMP 

values are consistent across the different cases, indicating there is no line congestion at 

bus 14 during those periods. However, as the clock strikes 3 pm to 6 pm, a surge in 

LMP is evident, which suggests that the line is loaded higher than in the previous 

hours but is not yet congested. During the normal daily peak load periods of 7 am to 9 

am and 7 pm to 8 pm, the LMP values differ among the proposed models. In 

comparison to the "no BESS model," the models with integrated BESS units can 

significantly reduce the LMP, indicating that the BESS can alleviate line congestion. 

Note that when battery degradation is not considered, the BESS exhibits a higher 

capability to mitigate line congestion, leading to the lowest LMP during those 

congested hours. This analysis of LMP with the integration of a BESS system 

provides valuable insights for both grid operators and BESS investors, as BESS 

installations play a crucial role in addressing line congestion within the grid. 
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Fig. 6.14. LMP at bus 14 (BESS #4). 

6.3.7 Sensitivity Analysis of Relative Optimization Gaps 

             A sensitivity test was conducted to examine the impact of different relative 

gaps. Fig. 6.15 displays SOC curves of BESS #4 based on the optimal solution 

obtained using different relative MipGap values. The results presented in Figure 8 are 

based on the 50% sparsity SNNBD model. The solving times for MipGap values of 

0.01, 0.005, and 0.001 are 339 seconds, 380 seconds, and 450 seconds, respectively. 

The solving time increases as the MipGap value decreases because a more accurate 

optimal solution is sought. However, upon analyzing the SOC curve depicted in 

Figure 8, it becomes evident that the SOC curves mostly overlap, indicating minimal 

differences between the solutions obtained under different MipGap values. 

Consequently, for the 50% sparsity model, a higher MipGap value is preferred as it 

reduces the computation time while maintaining a comparable solution quality. 
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Fig. 6.15. Scheduled SOC levels of BESS #4 at bus 14. 

6.4 Summary 

              This chapter proposes two choices to enhance the computational efficiency 

BDMDS model.  The first choice investigated four innovative linearization models 

designed to tackle the challenges caused by the ReLU activation function in neural 

networks when integrated into optimization models where a subset of decision 

variables serve as the input features of the learning model. The inherent non-linearity 

of the ReLU function often makes such models complex and difficult to solve directly. 

Our results highlight that the choice of penalty terms is pivotal in obtaining optimal 

solutions for P-CTAR and PCAR models. While CTAR and PCAR may not deliver 

perfect performance in the NNBD-integrated microgrid testbed, they remain viable 

options for modeling and solving this class of problems. It's important to emphasize 

that when changes are made to the optimization model, the performance of the 

proposed linearization models should be re-evaluated.               
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              Secondly, a novel sparse neural network-based battery degradation model that 

can accurately quantify battery degradation in BESS and largely address the 

computational challenges associated with traditional dense neural networks when 

being incorporated into optimization models. The results also show that our proposed 

SNNBD model can significantly reduce the computational burden, making neural 

network-integrated day-ahead energy scheduling directly solvable, even for 

complicated multi-BESS integrated systems. Furthermore, the results have been 

proven to be accurate and feasible with a high sparsity SNNBD model in both 

microgrid and bulk power system. Choosing different sparsity levels for the proposed 

SNNBD model provides flexibility for the grid operator, as it involves a tradeoff 

between accuracy and solving time. Overall, the SNNBD model opens up new 

possibilities for efficiently addressing battery degradation in day-ahead energy 

scheduling for multi-BESS systems. 
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7. CONCLUSION AND FUTURE WORK 

              This dissertation has delved into the realm of optimal energy management 

strategies for BESS-integrated microgrids, addressing both grid-connected and 

isolated microgrid settings. The overarching motivation behind this research lies in the 

escalating integration of renewable energy sources, characterized by their inherent 

variability, which poses significant challenges to maintaining grid stability. 

Additionally, the work extends its reach to tackle the formidable issue of battery 

degradation prediction, and its seamless integration into microgrid scheduling. This 

holistic approach contributes to enhancing the economic and operational feasibility of 

microgrid systems in an era of transition toward cleaner and more sustainable energy 

solutions. 

7.1 Contributions 

              In Chapter 2, we have explored innovative strategies for grid-connected 

microgrids, effectively harnessing BESS to counteract renewable energy source 

fluctuations and fortify microgrids as grid-friendly entities. Furthermore, the research 

has laid the foundation for microgrids to serve as valuable contributors to the larger 

grid, offering flexible grid-microgrid power exchange and thereby bolstering grid 

support capabilities. 

              Shifting our focus to isolated microgrids, Chapter 3 introduces 

groundbreaking economic analysis of OHRES model that can power offshore 

platforms with zero carbon emissions. The incorporation of three resilience models, 

intertwined with BESS and/or HESS, results in heightened system reliability. The 
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development of a resilience index, known as the microgrid survivability rate (SR), 

offers a valuable metric to gauge system robustness. The innovative Resilient 

Operational Planning (ROP) algorithm further optimizes SR, particularly during 

extreme events. 

              Chapter 4 introduces a data-driven method for predicting battery degradation 

within scheduled battery operational profiles. The neural network-based battery 

degradation (NNBD) model provides a comprehensive framework for quantifying 

degradation based on key factors, which is then integrated into microgrid day-ahead 

scheduling, creating a battery degradation-based MDS (BDMDS) model. This 

enhancement ensures that the equivalent battery degradation cost is accurately 

considered in scheduling, leading to more economically viable microgrid operations. 

The hierarchical deep learning-based battery degradation quantification (HDL-BDQ) 

model furthers the precision of battery degradation predictions, elevating the quality of 

decision-making in microgrid management. 

              Recognizing the nonlinear complexities introduced by the NNBD model, 

Chapter 5 undertakes the challenging task of linearization. By converting nonlinear 

activation functions into linear constraints, the research presents the linearized BD-

SCUC (L-BD-SCUC) model, transforming the battery degradation-based security-

constrained unit commitment problem into a more tractable form. Case studies reveal 

that the L-BD-SCUC model can efficiently address multi-BESS power system day-

ahead scheduling, optimizing total costs while accounting for equivalent degradation 

costs. 
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              Finally, Chapter 6 highlights the importance of computational efficiency in 

addressing the NNBD-embedded optimization problem within microgrid day-ahead 

scheduling. Innovative solutions, including methods for linearizing rectified linear 

units (ReLU) and introducing sparse neural network structures, are presented to reduce 

computational complexity. These enhancements make microgrid scheduling not only 

more practical but also more cost-effective, thereby ensuring the real-world viability 

of the proposed solutions. 

7.2 Future Work  

              Future work can focus on several key areas to enhance the research. First, 

exploring grid-integrated battery operational profile-based aging tests with an LSTM 

model to predict the grid size BESS degradation. Second, we will try to implement 

transfer learning techniques for different battery types, could improve predictive 

accuracy and reduce the data requirement for training and testing for different types of 

BESS. Our proposed NNBD model is feasible to different battery types as long as the 

battery data is available. Additionally, further research can delve into the impact of 

BESS on power energy markets, considering factors such as LMP, load payments, 

generator costs, revenues, congestion costs, and reserve costs. This would provide a 

comprehensive understanding of the economic implications and market dynamics 

associated with BESS integration into the power grid. Moreover, investigating the 

potential of applying similar approaches to Hydrogen Energy Storage Systems (HESS) 

could yield valuable insights into their performance and aging characteristics. 
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