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MACHINE LEARNING BASED ENERGY MANAGEMENT SYSTEM FOR 

IMPROVEMENT OF CRITICAL RELIABILITY 

Lizon Maharjan, PhD 

The University of Texas at Dallas, 2019 

ABSTRACT 

Supervising Professor:  Dr. Babak Fahimi 

Current power distribution system faces challenges that originate from aging infrastructure, DER 

integration, and frequent natural disasters. At the same time, the contingencies are one of the 

leading causes of economic loss and loss of life during natural disasters. Hence, improvement of 

reliability of power to critical loads during such emergency scenarios is one of the key features to 

be addressed during the development of a future power distribution system. An ideal solution will 

include a retro-fit device that can utilize existing infrastructure and integrate DERs 

advantageously. One of such solutions has been visualized using Advanced Micro Grid systems. 

The presented study utilizes Machine learning algorithms to create energy management systems 

for such micro-grids with the goal of maximizing power availability to the critical loads of the 

community. The residential level electronics with integrated artificial intelligence have been 

designed, developed, and tested as a part of this effort. 
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CHAPTER 1 

INTRODUCTION 

1.1 Problem Description: Challenges with current grid infrastructure 

Our electrical energy reliant society is becoming more increasingly so with online economy and 

digital lifestyle. However, distributed generation, aging infrastructures, and frequent natural 

disasters threaten the ability of the current power distribution system to meet the growing energy 

needs with the desired quality. Figure 1.1(a) below presents the growing cost for distribution 

equipment maintenance with falling reliability, as reported by Washington post in [1].  

At the same time, studies conducted by National Oceanic and Atmospheric Administration 

(NOAA) reveal that the intensity and frequency of occurrence of natural disasters have drastically 

increased over recent years [2]. Figure 1.1(b) presents the economic cost of natural disasters, where 

red line represents the 4 year average. Similarly, Figure 1.1(c) presents the number of occurrences 

of natural disasters that cost more than a billion dollars and Figure 1.1(d) illustrates the number of 

deaths per year due to these occurrences.   

 Fig.  1.1.(a) Annual reliability and cost of distribution equipment 
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Fig.  1.1.(b) Annual cost of major natural disasters (over billion dollars each) 

 

 

Fig.  1.1.(c) Number of occurrences of disasters that cost more than a billion dollars 

 

 

Fig.  1.1.(d) Deaths due to the billion-dollar disasters 
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These natural disasters and severe weather events are the main causes of power outages, and power 

outage in-turn contributes as a major part of resulting economic damage. The power outage data 

for 2016 and 2017 have been obtained from the Electric Power Monthly report from the United 

States Energy Information Administration (USEIA) [3]. Figure 1.2(a) provides the hours of 

outages that the United States suffered in 2016 and 2017 along with respective contributions from 

the that major causes. As can be seen, the total number of hours of outages that the United States 

suffered in 2017 is 2855.65 hours, out of which 2559.08 hours (89.6%) is due to severe weather. 

For the data in 2016, it is to be noted that reported fuel deficiencies are low fuel warning that did 

not necessarily result in outages. Therefore, ignoring fuel deficiencies, severe weather with 

1008.51 hours is still the leading cause of outages. These statistics along with increasing 

frequencies of natural disasters, as presented in Figure 1.1(c), suggest that the number of outages 

will increase in future and hence need to be addressed appropriately. Figure 1.2(b) shows the 

outages suffered by different states in the United States to assess and compare the outages suffered 

by Texas compared to other states and national outages. In 2017, Texas was the state that suffered 

the most hours of outage, 1145.05 hours which is 40% of the total national outage. This can be 

contributed to Hurricane Harvey which is one of the most expensive disasters in the United States 

history. 

Fig.  1.2.(a) Causes of major outages in 2016 and 2017 
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Fig.  1.2.(b) Outages by state 2016 and 2017 

More importantly, modern communities often have electricity dependent equipment that directly 

effect human lives, such equipment are referred to as Critical loads in this study. The disruption 

of power to critical loads can lead to human fatalities. Hurricane Irma 2017 serves as a strong 

example. Out of 75 deaths documented in [4], 29 were power related fatalities, presented in Table 

1.1. This made power outage the leading cause of deaths during Irma resulting in 38.66% of total 

fatalities. In modern communities, power outage and disruption can not only lead to economic 

damage but can also result in severe human fatalities. Hence, the reliability of electrical grid during 

natural disasters has to be addressed with urgency. 

Table 1.1. Human Fatalities of Hurricane Irma 

 

 

 

29

14

11

2

2

7

39

75
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Drowning
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1.2 Current state of the art - Advanced Micro Grid systems 

One of the solutions that has been visualized for improvement of grid reliability is through 

implementation of microgrids. The United States Department of Energy (DOE) has defined a 

microgrid as “a group of interconnected loads and distributed energy resources within clearly 

defined electrical boundaries that acts as a single controllable entity with respect to the grid. A 

microgrid can connect and disconnect from the grid to enable it to operate in both grid-connected 

or island mode” [5]. The microgrid allows integration of distributed energy resources to the 

distribution system. The Distributed Energy Resources (DERs) are defined by federal energy 

management program as “Small, modular, energy generation (< 10 MW) and storage technologies 

that provide electric capacity or energy when you need it” [6]. The recent surge of DERs at 

commercial and residential consumer level has been significant, this provides an opportunity to 

utilize the locally available DERs in the events outage and natural disasters. Hence, including 

capabilities in the residential level micro/nano-grids to use DERS for providing power to the 

critical loads during emergencies can alleviate the human and economic damages mentioned in 

section 1.  

Recent development in microgrid technology has added different functions such as improving 

reliability, supply demand balance, and economic dispatching to create what has been called 

Advanced Micro Grid (AMG) Systems by Cheng et. al. in [7].  According to Cheng, the key 

element of the AMG is the underlying Energy Management System (EMS), named Micro Grid 

Management System (MGMS), which consists of four distinct control principles: Model predictive 

Control (MPC), multiagent system, distributed network control, and droop control [7]. These 

control schemes are implemented at different hierarchical levels and have different functionalities 
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targeted towards grid power quality maintenance to economic dispatching depending upon the 

application. The MPC performs multi-objective optimization with defined constraints, the 

distributed networks and multiagent system determines the connection to and functionality of each 

agent based on the result of MPC, and droop controls provides references for fundamental control 

of Power Electronics Interface (PEI) that generates respective Pulse Width Modulation (PWM) 

based gate signals for the power switches. These hierarchical levels operate at different speed 

depending upon their relationship to direct control of the power switches. This has been shown in 

Figure 1.3 [7]. This three-tier hierarchical structure has been presented in other studies as well [8], 

[9]. 

1.2.1 Primary control 

The Primary controls are the most fundamental control layer that are directly responsible for 

controlling the power switches through gate signals, which are most often PWM signals. Although 

the references required for primary control can be of slower speed, the control signals have to be 

generated at switching frequencies. The primary controls include protection, converter output 

control, voltage and frequency regulation, and power sharing. The response time of primary 

control is in the range of milliseconds [7], [10]. The PWM based converter controls are 

conventional PID controllers with voltage, current, or cascaded voltage-current control loops. The 

primary converter control functions are identical for distributed or centralized framework [6]. The 

power sharing is conventionally performed by establishing a master unit that controls the voltage 

of the system while the remaining slave units operate in current control mode [11]. In distributed 

networks, the most popularly used power sharing techniques are droop control based techniques 

[6], however, the limitations associated with droop controls have led to numerous improvement 
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efforts [12]-[15]. In Figure 1.3, the volt/var control and frequency control refer to the reactive and 

active power sharing techniques using droop control. 

Fig.  1.3.  Control Hierarchy and time scale for micro-grid control functions [7] 

1.2.2 Secondary Control 

The Energy Management Systems (EMSs) form the secondary control level. The conventional 

goals of EMS have been improving cost and reliability. The EMS can be viewed as a multi-

objective optimization tool that takes several inputs such as load profiles, generation forecasts, 

market information and uses them for specified objectives such as cost mitigation, demand 

response management, and power quality maintenance. Proposed in this study is an EMS targeted 

towards improving power availability to critical loads during outages and natural disasters. 

Conventionally, EMSs, like MGMSs, are implemented from a control room together with 

Supervisory Control and Data Acquisition (SCADA). The control room consists of high-
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performance computing devices that control DERs in a centralized manner [7], [16]. The 

constrained multi-objective optimization problem are most often mixed-integer non-linear 

programming problems that have been solved using computation heavy evolutionary algorithms 

or reduced to linear programming problems and solved by using methods such as Lagrangian 

relaxation and gradient descent [17]-[21].  

The distributed EMSs have been modelled using multiagent systems [22]. The multiagent systems 

relies on the intelligent units to achieve local goals and interact with other intelligent units to co-

operatively achieve a global goal. A local and robust P2P connection is required for such 

multiagent systems. Furthermore, different variation of leaderless consensus and tracking 

synchronization problems have been suggested to reach global agreement like Distributed 

Cooperative Control (DCC) suggested in [23]. The schemes such as DCC simplifies 

communication requirement by enabling global agreement while communicating with immediate 

neighbors only. This communication diagraph is ideal for wireless communication between 

residential nano-grids in suburban environment. As mentioned in [7], [24], [25], the distributed 

optimization techniques belong to four main categories: Augmented Lagrangian Decomposition 

(ALD), decentralized solution of Karush-Kuhn-Tucker (KKT), Gradient Dynamics (GD), 

Dynamic Programming (DP).  

1.2.3 Tertiary Control 

Tertiary control is the highest level of three-tier micro-grid control structure. These controls are 

established by Distribution System Operator (DSO) and have slowest time requirement that can 

range from minutes to days. The Distribution Management System (DMS) ensures coordination 
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between different DER Management Systems (DERMSs), Micro-grids and other DMSs using 

tertiary controls. This communication level will be beyond the scope of this study. 

1.2.4 Reliability 

The reliability of a micro-grid system can be measured in terms of the reliability of its physical 

components [26] or reliability of the controller [7], or it can be included as design constraint [27]. 

In [7], authors have presented the quantitative reliability analysis using the controller reliability. 

The System Average Interruption Frequency Index (SAIFI), and Expected Energy Not Served 

(EENS) index have been calculated using a fixed Mean Time To Failure (MTTF) for the 

controllers. The SAIFI and EENS are calculated using equations (1.1) and (1.2) respectively. This 

study has been concluded with the result that the distributed MGMS with five DERs and 

controllers can attain 86% lower SAIFI and 78% lower EENS compared to the centralized 

framework. 

Other popularly used measure of grid reliability are System Average Interruption Duration Index 

(SAIDI) and Customer Average Interruption Duration Index (CAIDI). The SAIDI and CAIDI 

can be calculated using equations (1.3) and (1.4) respectively [28]. 

𝑆𝐴𝐼𝐹𝐼 =  
𝑛𝑜. 𝑜𝑓 𝑖𝑛𝑡𝑒𝑟𝑟𝑢𝑝𝑡𝑖𝑜𝑛𝑠

𝑛𝑜. 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑒𝑟𝑠
(1.1) 

𝐸𝐸𝑁𝑆 =  
𝑡𝑜𝑡𝑎𝑙 𝑒𝑛𝑒𝑟𝑔𝑦 𝑛𝑜𝑡 𝑠𝑒𝑟𝑣𝑒𝑑

𝑛𝑜. 𝑜𝑓 𝑦𝑒𝑎𝑟𝑠
(1.2) 

𝑆𝐴𝐼𝐷𝐼 =  
𝑡𝑜𝑡𝑎𝑙 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑖𝑛𝑡𝑒𝑟𝑟𝑢𝑝𝑡𝑖𝑜𝑛𝑠

𝑛𝑜. 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑒𝑟𝑠
(1.3) 

𝐶𝐴𝐼𝐷𝐼 =  
𝑆𝐴𝐼𝐷𝐼

𝑆𝐴𝐼𝐹𝐼
(1.4) 
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Objective: 

min∑ 𝑃𝑐(𝑡)

𝑇𝑇𝑅

𝑡=1

Constraints: 

∑𝑃𝑔𝑒𝑛(𝑡) + 𝑃𝑒𝑠(𝑡) =  𝑃𝑑(𝑡) − 𝑃𝑐(𝑡)

𝐸0 − 𝐸𝑓𝑢𝑙𝑙 ≤ ∑ 𝑃𝑐(𝑡)

𝑇𝑇𝑅

𝑡=1

 ≤  𝐸0

𝑃𝑚𝑖𝑛  ≤  𝑃𝑔𝑒𝑛  ≤  𝑃𝑚𝑎𝑥

𝑃𝑐 is curtailed load, 𝑃𝑔𝑒𝑛 is distributed generation, 𝑃𝑒𝑠 is energy storage power, 𝑃𝑑 is

demand, 𝐸0 is initial energy, 𝐸𝑓𝑢𝑙𝑙 is full capacity of storage device, TTT is Time To

Recover 

(1.5) 

Furthermore, in [7] authors also mention the concept of load prioritization and curtailment using 

micro-grids. Load curtailments are usually performed reactively during the contingencies to 

provide for critical loads or proactively for voltage stability, demand-response balance, and cost 

optimization [29]. The topic of this study considers the load curtailment and load prioritization for 

optimization of power availability to critical load during contingencies. It is important to note that 

load curtailment is more popularly associated with resilience of power system, as it is often 

performed during service restoration [30]. However, it becomes a tool of improving duration of 

power availability to critical loads during outages, thereby affecting the reliability metric. The 

decision of when and how much load to curtail is a topic study, and different optimization 

techniques have been suggested in literature. While authors formulate the curtailment problem as 
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equation (1.5) and suggest the use of consensus network and KKT for solution in [7], Poshtan et. 

al. have investigated the use of fuzzy logic in [31].  

1.2.5 Resilience 

In power systems, the lack of universally accepted definition of resilience has led to suggestion of 

different evolving definitions and metrics [32]. In [33], four indices are utilized for measurement 

of resilience: number of lines of outages, Loss Of Load Probability (LOLP), Expected Demand 

Not Supplied (EDNS), and grid recovery index. At the same time, [32] suggests calculation of 

resilience metric as a value that is inverse of loss, where loss can be the performance degradation 

a system experiences during an event, or the integral of the degradation over time. The study of 

resilience of the system and calculation of resilience metrics will be beyond the scope of this study, 

however, it is important to note that the system developed here within has capability of addressing 

the important issue of resilience with minor improvements. 

In case of a natural disaster, the capability and speed of the system to recover determines the 

resiliency of the system. The steps that involve building and maintaining resiliency of electric grid 

involves damage/outage duration forecasting, hardening and resilience investment (Infrastructure 

and maintenance), corrective actions and emergency response (such as load curtailment, protection 

etc.), and damage assessment and restoration [34]. The DERs and micro-grids that are spread out 

in the community increases the possibility of having an intact locally available power source after 

a natural disaster, this will enhance the power system restoration [34].  Moreover, while total 

recovery can take significant amount of time, DERs and micro-grids can be utilized to provide 

power to critical loads, and thereby improve the critical reliability. The three scenarios of microgrid 

assisting the conventional load restoration, providing resources for bulk system restoration, and 
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island mode restoration are explained by Chen et. al. in [34]. The successive work, [35], explores 

the utilization of Mixed Integer Linear Programming (MILP) methods to form micro-grids in IEEE 

37 node and 123 node distribution test systems. This study aimed towards restoring critical loads 

after disaster proves the effectiveness of DERs and micro-grids towards improvement of power 

system resiliency. 

1.2.6 Limitations with State of the art 

Most of the previous studies focus on utilization of EMS for cost optimization, supply-demand 

management, integration of DER, power quality maintenance, and improvement of reliability and 

resilience of the entire grid. Significantly less amount of research has been performed on 

improving power availability to the critical loads of the community during disasters and prolonged 

outages. With higher frequencies of high magnitude natural disasters and increasing human life 

dependencies on electric power, it is important to realize that providing power to critical loads can 

possibly be an objective of higher significance than any other goal of EMSs. While it might not be 

possible to provide power to all the load at all times, it might be feasible to create a power 

distribution system that ensures power to critical loads at all times. The research included here 

within is a step towards this direction.  

Among the literatures reviewed, the load curtailing concept presented in [7] and micro-grid 

formation concept presented in [35] share the closest objective with this study. However, the 

equation (5), obtained from [7], is a dynamic equation that requires continuous update, which can 

be computationally expensive. More importantly, one of the parameters essential for accurate 

calculation of curtail load is TTR (Time To Recover). An estimated TTR can either be obtained 

from the DSO or estimated using additional prediction algorithm. The former assumes that the 
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communication between DSO and the disaster location is still intact, while the later introduces 

additional computational needs and complexity. In [35], authors have used MILP to optimally 

create micro-grids within the existing grid infrastructure using connection points that already exist. 

This study presents effective solution but considers a different approach of system level solution 

rather than focusing on the functionality of the micro-grid and respective EMS/optimization 

technique. Also, the initial capacity of each DER in this model can cause significant change in the 

formation patterns. 

The conventional and proposed EMSs utilize Model Predictive Controls (MPCs). While MPCs 

have proven effectiveness, they rely on deterministic system models. The occurrence, magnitude, 

and after effect of natural disasters cannot be estimated by deterministic models. Moreover, with 

significant DER infiltration at different power levels, the deterministic model of power system 

itself can suffer inaccuracies. Hence, model free probabilistic methods can provide solutions 

required for improvement of reliability of the future grid. The Machine Learning Algorithms 

(MLAs) like MPCs solve optimal control problems but rather than depending on deterministic 

models, they utilize the sample of trajectories gathered from interaction with real system or 

simulation [36]. In [36], authors prove that Reinforcement Learning (RL) can have comparable 

performance with MPCs even when the good deterministic models are available but address the 

issues associated with RL when the dimension of state space is large and the system is continuous. 

Conventionally, MGMS is implemented in centralized fashion with SCADA [7]. In a centralized 

framework, the multi-objective optimization for all the units are performed in the MGCC, 

significantly increasing the computational requirements. Furthermore, this model assumes that 

during contingencies, the communication of the micro-grids with MGCC is intact. To eliminate 



 

14 

such problems, different variations of purely distributed multi-agent systems have been suggested 

but performance of such systems are verified through simulations or proven mathematically, 

physical implementation in real micro-grid system is rare. 

The conventional EMSs and those suggested in literatures are constrained multi-objective 

optimization problem are most often mixed-integer non-linear programming problems that have 

been solved using computation heavy evolutionary algorithms in past such as genetic algorithm 

and particle swarm methods [7]. These methods are computationally intensive and require 

considerable resources. Furthermore, conventional process involves calculation of a long-term 

load scheduling, a day in advance, followed by short-term forecast calculation during the operation 

to compensate for forecast errors and unpredicted events [7]. While the redundant calculations call 

for better prediction methods, the short-term forecast requires access to high performance 

computation devices at all times. 

1.3 Objective and System Description 

The goal of this study is to develop a micro-grid system with Energy Management System (EMS) 

and Power Electronics (PE) that can be used to improve the “Critical Reliability”. The loads that 

have direct effect on human lives such as kidney dialysis machine, oxygen generator, air 

conditioning units at old age homes etc. are considered as critical loads, and the reliability of power 

to such loads has been termed as Critical Reliability in this study. This research includes two parts: 

system development and multi-unit setup with communication. The system development involves 

design and development of micro-grid PE interface, development of an EMS that can be used to 

maximize critical reliability, and integration of EMS and PE. Once the system development and 

EMS integration is completed, a multi-unit test setup is created with two such micro-grid systems. 
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The PE modules have been replicated, and EMS has been scaled to include the additional unit. 

This multi-unit test setup enables conducting tests related to power sharing and testing capability 

of EMS to control multiple agents. The secondary goals of this research consider scalability of the 

EMS and self-learning ability to adjust with environmental, structural, or generation related 

changes. The system characteristics, EMS algorithms, reliability metrics, and limitations of this 

study are listed in this section.  

1.3.1 System Description  

The micro-grid PE interface has been designed and developed based on Multiport Power 

Electronics Interface (MPEI) technology [37], [38]. The MPEI technology allows integration of 

PE modules that behave as interfaces to different DERs. Power conversions are performed in these 

modules with the goal of maintaining a constant DC bus voltage. The loads are provided with 

power by the load side converters that extract power from the DC. This has been discussed in more 

detail in Chapter 2.  

The synchronized operation of the different power conversion modules in the MPEI executes the 

secondary goals of the micro-grid systems that are supervised by the EMSs. Hence, in an essence, 

the role of an EMS is to dictate the modes of operation of each of the PE module in a MPEI or a 

micro-grid to get to an optimal result. The EMS that has been considered in the study utilizes 

Machine Learning Algorithms (MLAs). As discussed earlier, the MLAs do not require 

deterministic models, however, data from the performance of the system under considered scenario 

is needed to form policies using MLAs. Such interaction data have been created using simulations 

and through controlled laboratory experiments. The MLAs that have been considered are Support 

Vector Machine (SVM), and Q-learning which can be categorized as Lagrangian multiplier and 
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asynchronous dynamic programming based algorithms respectively. These are discussed in more 

details in Chapter 3. 

As shown in Figure 1.3, the MPEI based micro-grid also uses three tier control structure. However, 

since the objective of the study is to develop critical reliability focused EMS and verify its 

performance with implementation in micro-grid systems, tertiary controls have not been 

considered. The hierarchical control included in this research is shown by blocks under the red 

divider in Figure 1.3.  

Primary control involves the converter controls and power sharing. Each MPEI consists of four 

different converters for grid, battery, DER, and load interface. These converters have been 

controlled using a mix of voltage mode controllers, current mode controllers, and cascaded 

voltage-current mode controllers discussed in more details in Chapter 2. Since only two agents are 

present in the system, the power sharing has been attained through current sharing with one of the 

converters operating is cascaded mode to control voltage. 

Secondary control is comprised of the EMS that utilizes MLAs – SVM and Q-learning. The 

objective of the EMS is to maximize the power availability to the critical loads during 

contingencies, and to operate normally in other scenarios. The MLAs have been selected such that 

scaling of both objectives and agents can be easily achieved for successive studies. The EMS has 

been implemented in a centralized fashion with a global objective. Effective implementation of 

distributed control will require a test setup with higher number of agents. For current setup, the 

only other agent in the system is the direct neighbor, hence a truly distributed control like DCC 

cannot be realized.  
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Lastly, the communication between two agents and the MGCC is an essential part of this system. 

Although the means of communication and effect of communication failures and delays are beyond 

the scope of the study, rudimentary communication system must be established to implement the 

EMS. The 802.15.4 based Zigbee wireless communication protocol was chosen and was 

implemented using Xbee modules.  

1.3.2 Application of MLAs in Micro Grid systems 

Literature review reveals that a significant amount of work has been performed towards utilization 

of MLAs for improvement of reliability of power distribution systems. In [39] and [40], authors 

have implemented k Nearest Neighbor (kNN), k means clustering, and Decision Trees together 

with feature extraction techniques such as Discrete Wavelet Transform and Matching Pursuit 

Decomposition to detect, categorize and locate the fault in a distribution system. In [41] power 

quality issues such as voltage sags, swells, flicker, temporary interruption, and harmonic 

distortions have been classified through utilization of Extreme Learning Machine, a derivation of 

Single Layer Feed Forward Neural Network. Fuzzy c-means based algorithms have been used in 

[42] to predict and categorize load profile. SVM, anomaly detection, kNN, and Perceptron

algorithms have been used in [43] and [44] to detect cyber-attacks in a distributed grid network. 

One of the most extensive application of MLAs towards improvement of grid reliability was 

directed towards reducing the numbers of manhole failures in New York, as documented in [45] – 

[47].   The main difference between the above listed studies and presented work is motivation and 

the manner of implementation of MLAs. The focus of the previous studies have been mainly 

towards recognizing and categorizing the grid related problems, while the motivation of thi 
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research work is to utilize MLAs to design EMSs that takes best possible course of action to 

maximize the power availability to the critical loads [48].  

1.3.3 Reliability 

The reliability is often measure in terms of metrics such as SAIFI, SAIDI, and CAIFI in power 

systems, as shown in equations (1) – (3). These metrics are the measure the frequency and duration 

of outage with respect to the number of customers. Since the number of customers is not relevant 

to the current study, the reliability improvement will be measured in terms of frequency and 

duration of outage. Moreover, since the study focuses on critical reliability, the metric of interest 

will be frequency and duration of outage experience by the critical load.  

1.3.4 Limitations and estimations of this study 

1. The motivation of the study is to build a system with MLA based EMS that has capacity of

improving the critical reliability of distribution system. Hence, the main objective of the EMS

is to maximize the power availability to the critical load, other objectives have been included

but not optimized for best response.

2. The final experimental test bed contains two MPEI units, hence it is not ideal for testing the

advantages of distributed control schemes. The implementation of distributed controls such as

DCC requires communication with the direct neighbors, in this case, the only other unit is the

direct neighbor. Assessing the challenges and advantages of distributed controls is beyond the

scope of this study.

3. The tertiary control level is used by the DSO for purposes such as market participation, and

communication with other DMSs, and DERMSs. This layer of control is not relevant to this

study and is hence not included. This can be seen in Figure 1.3.



19 

4. Analysis of pros and cons of communication methods are not a part of this study. The reliability

study does not take into account the star and mesh type communications. Furthermore, the

effects of bad data, mis-communication, and communication delays are not considered.

5. Cyberattack is one of the growing concerns that can lead to contingencies. Improving resilience

of the grid infrastructure against cyberattack requires a more detailed study and is not included

in this research.

Lastly, it is rare to find a literature that performs a wholesome study of all the underlying 

disciplines of AMGs. This research project makes an attempt towards that direction at basic level 

by designing and developing micro-grid PE interface, creating a multi-unit test bed, establishing 

multi-tier controls, implementing wireless communication, designing and implementing novel 

EMSs, integrating all the sub-systems, and performing the experiments with real power 

conversion.  

1.4 Summary 

This chapter has provided the problem description, defined the important terms such as “Critical 

Load” and “Critical Reliability”. It has also provided the metric of measurement of reliability, 

similar to SAIDI and SAIFI, using frequency and duration of outage. The literature review and 

state of the art have been mentioned, the research objectives have been outlined, and brief system 

description along with limitations have also been provided.  

A journal publication related to this study has been published in IET Smart Grid in December 

2018, cited as [48]. This dissertation will share some material including equations, tables, figures, 

and results. 
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1.5 Outline of Dissertation 

This dissertation has been divided in to seven major parts. The first part is this chapter where 

introduction has been provided. 

The second chapter discusses the fundamentals of the MPEI along with modeling and stability 

analysis. 

The two MLAs that have been considered are SVM and Q-learning. The basics of SVM, its 

implementation in micro-grid system, and its effect in characteristics and dynamics of MPEI are 

in Chapter 3. Similarly, Chapter 4 provides basics of Q-learning, details for implementation of Q-

learning, and its effect in MPEI’s behavior and dynamics with simulation result. 

The fifth chapter describes the simulation model and process on creating multi-domain simulation 

with PE, controls, communication, and MLA. 

The experimental setup and results with Q-learning based EMS are presented in Chapter 6, and 

lastly, Chapter 7 includes conclusion and future work.   
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CHAPTER 2 

POWER ELECTRONICS – FUNDAMENTALS OF MPEI 

 

 

The foundation of the presented grid interface is based on Multi-port Power Electronics Interface 

(MPEI) described in [49] and [50], by W. Jiang and P. Shamsi respectively. MPEI facilitates 

effective integration of DERs in the grid infrastructure and calls for additional DC power sharing 

between the members of target microgrid system in order to improve reliability through 

redundancy. MPEI is discussed in detail in [49] and [50]. Few variations have been introduced to 

traditional MPEI as a part of this study. The system considered is a single-phase system whereas 

previous studies have explored three phase solutions. The control strategies and algorithms are 

different compared to previous implementations as the presented model incorporates the outputs 

of the Machine Learning Algorithms (MLAs), described in following sections. The final 

significant variation is inclusion of load categorization which is described in this chapter. 

Traditional MPEIs allow for integration of multiple energy sources of different nature to power 

conventional loads. However, it does not account for the fact that load prioritization is required to 

ensure uninterrupted operation of critical loads during disastrous situations and prolonged outages.  

For example; in case of a prolonged outage and low SOC scenario, a kidney dialysis machine in 

one house should be chosen to stay on while the television sets in neighboring houses might be 

turned off. To address such issues, loads have been divided into critical and non-critical categories 

depending on their effect on human life. The MPEI has been restructured to contain different 

output ports for loads of different categories, as opposed to same port for all the loads, as presented 

in Figure 2.1. The only additional component introduced is a relay, and the state of the relay is 

determined by the MLA output. 
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Fig.  2.1.  System level schematic of MPEI 

2.1 Grid Side converter 

Grid Side Converter (GSC) is a bidirectional converter which operates as a boost Power Factor 

Correction (PFC) rectifier when grid power is consumed and as an inverter with grid voltage based 

PLL when power is injected into the grid. The mode of operation is determined by MLA output. 

The topology utilized is single phase H bridge rectifier as shown in Figure 2.1. The grid side 

converter, during operation as a boost PFC, can be reduced to the equivalent circuits presented in 

Figure 2.1, and the duty cycle weighted average state space equation can be written as equations 

(2.1) [51], [52]. Similarly, during inverting operation, the circuit behaves as a single-phase current 

controlled Voltage Source Inverter (VSI). The inverter has been simulated as two level four mode 

inverter, the dead band is neglected. The equivalent circuits for two modes of operation during the 

positive half cycle is presented in Figure 2.3.  The duty cycle weighted state space equation is 

presented in equations (2.2). 
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A controller with mode detection functionality has been designed to facilitate the operation of the 

GSC as the PFC boost and the inverting circuit. The controller block diagram with control 

parameters is presented in Figure 2.4. While operating as boost PFC, the GSC utilizes a cascaded 

outer voltage inner current loop. The end goal is to maintain the DC bus voltage as dictated by the 

reference voltage while ensuring that the input power factor is close to unity. The PFC is performed 

by providing the current reference that has same phase as the grid voltage. The angle information 

can be provided either by using Phased Locked Loop (PLL) or through grid voltage normalization, 

the latter has been used in the GSC. The equations for controller state space parameters (𝜓11, 𝜓12)

and duty cycle can be derived using the controller block diagram, included as equation (2.3)-(2.5).  

During power injection, the GSC utilizes a current controlled loop, as shown in Figure 2.4. The 

current injected into the grid is forced to match a sinusoidal current reference where the angle 

information (θ) is provided by using PLL or normalization of the grid voltage. The direction of of 

𝐼𝐿𝑔 has been flipped in Figure 2.2 and 2.3, hence matching the phase angle of 𝐼𝐿𝑔 with 𝑉𝑔 ensures

power injection in inverter mode operation. Similar to the rectifier mode, the controller state space 

parameters and duty cycle equations for the inverter mode can be derived using the controller block 

diagram, the equations are included as equation (2.6), (2.7). 

Using the duty cycle averaged state space model from equations (2.1), (2.2), and the controller 

block parameters from equations (2.3)-(2.7), linearized small signal model equations can be 

derived for each operating mode. The small signal analysis has been carried out following the 

procedures adopted by P. Shamsi and M. McDonough in [50] and [53], the system is considered 

to be in steady state with large DC bus capacitor and the switching frequency (12.5 kHz) is much 

larger than the AC power frequency of 60 Hz. This allows considering the system as a DC system, 
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thereby ignoring the perturbations related to the angle of the sinusoid (𝛥𝜃). The small signal 

equations for the rectifier mode, after implementing the assumptions, is presented in equation (2.8). 

Similarly, the small signal equation for the power injection mode can be derived as equation (2.9).  

The small signal equations are used to perform the stability analysis for the GSC in corresponding 

mode of operation, and eventually used to perform stability analysis of the cumulative system as 

discussed in Section 2.5. The transfer function of the GSC is derived using the small signal model, 

and the location of system poles and zeros are observed along with the sensitivity analysis for 

confirmation of stable performance. Considering the rectifier mode of operation, equation (2.10) 

presents the transfer functions of GSC. The values used for capacitance, inductance, peak current, 

DC bus resistance, grid impedance, and DC bus voltage are 𝐶 = 1.1 𝑚𝐹, 𝐿𝑔 = 2 𝑚𝐻, 𝐼𝑔 = 15 𝐴, 

𝑅 = 300 𝛺, 𝑍𝑔 = 2.7 𝛺, and 𝑉𝑑𝑐 = 300𝑉 respectively [54]. The steady state duty cycle has been 

calculated using duty cycle equations of boost and buck converter for rectifier and inverter modes 

respectively, 𝐷𝑟𝑒𝑐𝑡 = 1 − (𝑉𝑔𝑟𝑖𝑑_𝑝𝑘/𝑉𝑑𝑐), 𝐷𝑖𝑛𝑣 = (𝑉𝑔𝑟𝑖𝑑_𝑝𝑘/𝑉𝑑𝑐).  Peak voltage and current 

values have been used to design the controllers. The gain values and corresponding poles are listed 

in Table 2.1. The  𝐾𝑝𝑣, 𝐾𝑝𝑖 values in Table 2.1 represent the proportional gain, 𝐾𝑝,  of the voltage 

and current loop respectively (𝐾𝑝11 and 𝐾𝑝12), and the 𝐾𝑖𝑣, 𝐾𝑖𝑖 values represent the integral gain, 

𝐾𝑖,  of the voltage and current loop (𝐾𝑖11 and 𝐾𝑖12). (Similar nomenclature is followed for rest of 

the converter gains in this chapter as well.) The corresponding poles are all real and negative 

indicating the stability of the GSC in rectifier mode. The dominant poles are at -22.32 and -24. 

Furthermore, sensitivity analysis has been conducted by varying the DC bus voltage from 250 V 

to 350 V and the inductance from 1 mH to 3 mH. The results are presented in Figure 2.5 and 2.6. 

The poles remain in the negative half of the S-plane ensuring stability for such variations.   
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Similarly, equation (2.11) presents the closed loop transfer function for GSC in power injection 

mode. The controller gain values are included in Table 2.1, the dominant pole is at -332.4. As seen 

from Figures 2.7 and 2.8, the sensitivity analysis confirms the stability of the converter for 

variation of DC bus voltage from 250 V – 350V, and inductance from 1 mH – 3 mH. 
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𝐻 = 
1.233𝑒07 𝑠2 + 1.364𝑒10 𝑠

𝑠4 + 2.626𝑒05 𝑠3 + 3.04𝑒08 𝑠2 + 1.56𝑒011 𝑠 
(2.10) 

 𝐻 =  
6.06𝑒04 𝑠

𝑠3 + 1.2𝑒05 𝑠2 + 1.16𝑒08 𝑠 + 2.52𝑒10 
(2.11) 

Fig.  2.2.  Grid Side PFC boost rectifier equivalent circuit (a) S2+S3 on (b) S1+S4 on 

Fig.  2.3. Equivalent circuit grid tied inverter (a) S1+S4 on (b) S3+S2 on 
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Fig.  2.4. Controller block diagram for Grid Side Converter 

Table 2.1. Controller gain values and corresponding system poles 

Kpv Kiv Kpi kii  Pole 1 Pole 2  Pole 3  Pole 4 

GSC 
Rectifier 0.3 4.3 0.9 1000 -2.62E+05 -1116.1 -24 -22.32

Inverter - - 0.4 250 -1.19E+05 -636.4 -332.4 -

BI 
Discharge 0.3 3 5 100 -3.84E+06 -36.8 -11.8 -11.2

Charge - - 0.7 100 -4.40E+05 -2.99E+05 -142.9 -

DER - 0.3 3 5 100 -3.84E+06 -36.8 -11.8 -11.2

LSC - 0.05 3 - - -13.5+5742.6i -13.5-5742.6i -62 -

Fig.  2.5. GSC rectifier mode poles with varying DC voltage 
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Fig.  2.6.  GSC rectifier mode poles with varying inductance (L) 

 

Fig.  2.7.  GSC inverter mode poles with varying DC voltage 

 

Fig.  2.8.  GSC inverter mode poles with varying inductance (L) 
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2.2 Battery Interface – Bi-directional DC-DC converter 

The Battery Interface (BI) is also a bi-directional converter that behaves as a boost converter during 

discharge mode to allow power flow from battery towards the MPEI DC bus and acts as a buck 

converter during charge mode. The topology utilized for battery interface is the single legged 

switching DC-DC converter presented in Figure 2.1. The equivalent circuit of the battery interface 

during discharge and charge modes are presented in Figure 2.9 and 2.10 respectively. The 

similarity of the equivalent circuit with boost converter during discharge mode and with buck 

converter during charge mode allows utilization of the corresponding large signal state space 

equations as presented in equations (2.12) and (2.13). 

The controller block diagram used to control the BI is presented in Figure 2.11. As observed from 

Figure 2.13, the MLA output determines the control algorithm to be used during the corresponding 

scenario represented by the mode detection switch. Similar to GSC, the BI also utilizes a cascaded 

outer voltage and inner current loop during discharge mode and utilizes current controlled loop 

while charging. The voltage reference during the discharge mode is the DC bus voltage and the 

direction of 𝐼𝐿𝑏𝑎𝑡𝑡 is flipped during charge and discharge mode. Following the process described

in section 2.1, the small signal model of the BI can be determined and used to find gain values for 

PI controller that ensure stability of the converter. The equations for controller parameters are 

included as equations (2.14) – (2.18). The small signal equations thus derived are presented as 

equations (2.19) and (2.20) for discharge and charge mode respectively. The transfer function of 

the BI for discharge and charge mode are included as equation (2.21) and (2.22). The values used 

for battery voltage, DC bus capacitance, battery capacitance, inductance, battery current, DC bus 

resistance, battery internal resistance, and DC bus voltage are 𝑉𝑏𝑎𝑡𝑡 = 48𝑉, 𝐶 = 1.1 𝑚𝐹, 𝐶𝑏𝑎𝑡𝑡 =
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470 𝜇𝐹, 𝐿𝑏𝑎𝑡𝑡 = 0.7 𝑚𝐻, 𝐼𝐿𝑏𝑎𝑡𝑡 = 4 𝐴, 𝑅 = 300 𝛺, 𝑅𝑏𝑎𝑡𝑡 = 0.0048 𝛺 and 𝑉𝑑𝑐 = 300𝑉 

respectively. The steady state duty cycle can be calculated using duty cycle equations of boost and 

buck converter for discharge and charge modes respectively, 𝐷𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒 = 1 − (𝑉𝑏𝑎𝑡𝑡/𝑉𝑑𝑐),

𝐷𝑐ℎ𝑎𝑟𝑔𝑒 = (𝑉𝑏𝑎𝑡𝑡/𝑉𝑑𝑐). The controller parameters, and pole locations are listed in Table 2.1. 

Figures 2.12 – 2.15 show the movement of the poles as the inductance and DC bus voltages are 

varied from 0.5 mH – 0.9 mH and 250 V – 350 V respectively. The location of the converter poles 

in left half of the S-plane confirms the stability of the designed converter. 

 

Fig.  2.9.  Equivalent circuit BI in discharge mode 

 

Fig.  2.10.  Equivalent circuit BI in charge mode 
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Fig.  2.11.  Control block diagram for BI 

[

𝑑𝐼𝐿𝑏𝑎𝑡𝑡
𝑑𝑡

⁄

𝑑𝑉𝑑𝑐
𝑑𝑡

⁄
] =  [

0
(𝐷 − 1)

𝐿
⁄

(1 − 𝐷)
𝐶

⁄ −1
𝑅𝐶⁄

] [
𝐼𝐿𝑏𝑎𝑡𝑡

𝑉𝑑𝑐
] +  [

1
𝐿⁄

0
] 𝑉𝑏𝑎𝑡𝑡 (2.12) 

[

𝑑𝐼𝐿𝑏𝑎𝑡𝑡
𝑑𝑡

⁄

𝑑𝑉𝑏𝑎𝑡𝑡
𝑑𝑡

⁄
] =  [

0 −1
𝐿⁄

1
𝐶⁄

−1
𝑅𝐶⁄

] [
𝐼𝐿𝑏𝑎𝑡𝑡

𝑉𝑏𝑎𝑡𝑡
] +  [

𝐷
𝐿⁄

0
]𝑉𝑑𝑐 (2.13) 

𝜓31
̇ = (𝑉𝑟𝑒𝑓 − 𝑉𝑑𝑐) 𝐾𝐼31 (2.14) 

𝜓32
̇ = (𝐼𝑟𝑒𝑓 − 𝐼𝐿𝑏𝑎𝑡𝑡) 𝐾𝐼32 (2.15) 

𝐷 = (𝐼𝑟𝑒𝑓 − 𝐼𝐿𝑏𝑎𝑡𝑡)𝐾𝑝32 + 𝜓32 (2.16) 

𝜓41
̇ = (𝐼𝑟𝑒𝑓 − 𝐼𝐿𝑏𝑎𝑡𝑡) 𝐾𝐼41 (2.17) 

𝐷 = (𝐼𝑟𝑒𝑓 − 𝐼𝐿𝑏𝑎𝑡𝑡)𝐾𝑝41 + 𝜓41 (2.18) 

[

𝛥𝜓31
̇

𝛥𝜓32
̇

𝛥𝐼𝐿𝑏𝑎𝑡𝑡

𝛥𝑉𝑑𝑐
̇

̇

]

=

[

0
𝐾𝐼32

(𝑉𝑑𝑐𝐾𝑝32)/𝐿𝑏𝑎𝑡𝑡

−(𝐼𝐿𝑏𝑎𝑡𝑡𝐾𝑝32)/𝐶

0
0

𝑉𝑑𝑐/𝐿𝑏𝑎𝑡𝑡

−𝐼𝐿𝑏𝑎𝑡𝑡/𝐶

0 −𝐾𝐼31

−𝐾𝐼32 −𝐾𝑝31𝐾𝐼32

−(𝑉𝑑𝑐𝐾𝑝32)/𝐿𝑏𝑎𝑡𝑡 (𝐷 − 1 − 𝑉𝑑𝑐𝐾𝑝31𝐾𝑝32)/𝐿𝑏𝑎𝑡𝑡

(𝐼𝐿𝑏𝑎𝑡𝑡𝐾𝑝32 + 1 − 𝐷)/𝐶 (𝐾𝑝31𝐾𝑝32𝐼𝐿𝑏𝑎𝑡𝑡 − (1/𝑅))/𝐶 ]

 [

𝛥𝜓31

𝛥𝜓32

𝛥𝐼𝐿𝑏𝑎𝑡𝑡

𝛥𝑉𝑑𝑐

] +

 [

0
0

1/𝐿𝑏𝑎𝑡𝑡

0

]𝛥𝑉𝑏𝑎𝑡𝑡 

(2.19) 
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[

𝛥𝜓41
̇

𝛥𝐼𝐿𝑏𝑎𝑡𝑡
̇

𝛥𝑉𝑏𝑎𝑡𝑡
̇

] =  [
0

𝑉𝑑𝑐/𝐿𝑏𝑎𝑡𝑡

0

−𝐾𝐼41 0
−𝑉𝑑𝑐𝐾𝑝41/𝐿𝑏𝑎𝑡𝑡 −1/𝐿𝑏𝑎𝑡𝑡

1/𝐶𝑏𝑎𝑡𝑡 −1/(𝑅𝑏𝑎𝑡𝑡𝐶𝑏𝑎𝑡𝑡)
] [

𝛥𝜓41

𝛥𝐼𝐿𝑏𝑎𝑡𝑡

𝛥𝑉𝑏𝑎𝑡𝑡

]

+ [
0

𝐷/𝐿𝑏𝑎𝑡𝑡

0
]𝛥𝑉𝑏𝑎𝑡𝑡

(2.20) 

𝐻 = 
4.7𝑒07 𝑠2 + 5.2𝑒08

𝑠4 + 3.85𝑒06 𝑠3 + 2.30𝑒08 𝑠2 + 3.77𝑒09 𝑠 + 1.87𝑒10 
(2.21) 

𝐻 = 
 228.6 𝑠2 + 1.01𝑒08 𝑠

𝑠3 + 7.43𝑒05 𝑠2 +  1.33𝑒11 𝑠 + 1.9𝑒13 
(2.22) 

Fig.  2.12.  BI discharge mode poles with varying DC voltage 

Fig.  2.13.  BI discharge mode poles with varying inductance (L) 
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Fig.  2.14.  BI charge mode poles with varying DC voltage 

Fig.  2.15.  BI charge mode poles with varying inductance (L) 

2.3 DER Converter 

Similar to the BI, the DER Converter (DERC) also uses a single legged switching DC-DC 

converter topology. However, since bi-directional power flow is not required, the control scheme 

has been designed to permit unidirectional power flow only. The circuit topology and equivalent 

circuit for DERC is identical to Figure 2.9 for BI with battery replaced by the DER, hence 𝑉𝑏𝑎𝑡𝑡

replaced by 𝑉𝑑𝑒𝑟. The DER considered in this study is solar panels, while the MPEI has been tested

with 240 W solar array with 4 panels each rated for 60 W and 24 V, most of the experiments have 

been conducted in lab environment with a solar simulator.  

The control block diagram is presented in Figure 2.16, which is a cascaded outer voltage, inner 

current loop, also similar to control implemented for the discharge mode of the BI. The values 

used for DER voltage, DC bus capacitance, DER inductance, DER current, DC bus resistance, and 
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DC bus voltage are 𝑉𝑑𝑒𝑟 = 300𝑉, 𝐶 = 1.1 𝑚𝐹, 𝐿𝑑𝑒𝑟 = 0.7 𝑚𝐻, 𝐼𝐿𝑑𝑒𝑟 = 4 𝐴, 𝑅 = 300 𝛺, and

𝑉𝑑𝑐 = 300𝑉 respectively. Since the passive elements used for the DER converter and the current

limitation are also identical to that of BI in discharge mode, the small signal model and the pole 

locations for DER converter are same as that of BI, as seen in Table 2.1. The state space equation 

for the DER converter is presented in equation (2.23), equations (2.24) – (2.26) are the DER 

controller equations, and small signal model is shown in equation (2.27). The sensitivity analysis 

for the DER converter can be represented by Figures 2.12 and 2.13 due to similarity between BI 

and DERC. 

Fig.  2.16.  Control block diagram DERC 

[

𝑑𝐼𝐿𝑑𝑒𝑟
𝑑𝑡

⁄

𝑑𝑉𝑑𝑐
𝑑𝑡

⁄
] =  [

0
(𝐷 − 1)

𝐿
⁄

(1 − 𝐷)
𝐶

⁄ −1
𝑅𝐶⁄

] [
𝐼𝐿𝑑𝑒𝑟

𝑉𝑑𝑒𝑟
] + [

1
𝐿⁄

0
] 𝑉𝑑𝑒𝑟 (2.23) 

𝜓51
̇ = (𝑉𝑟𝑒𝑓 − 𝑉𝑑𝑐) 𝐾𝐼51 (2.24) 

𝜓52
̇ = (𝐼𝑟𝑒𝑓 − 𝐼𝐿𝑑𝑒𝑟) 𝐾𝐼52 (2.25) 

𝐷 = (𝐼𝑟𝑒𝑓 − 𝐼𝐿𝑑𝑒𝑟)𝐾𝑝52 + 𝜓52 (2.26) 

[

𝛥𝜓51
̇

𝛥𝜓52
̇

𝛥𝐼𝐿𝑑𝑒𝑟

𝛥𝑉𝑑𝑐
̇

̇

]

=  

[

0
𝐾𝐼52

(𝑉𝑑𝑐𝐾𝑝52)/𝐿𝑑𝑒𝑟

−(𝐼𝐿𝑑𝑒𝑟𝐾𝑝52)/𝐶

0
0

𝑉𝑑𝑐/𝐿𝑑𝑒𝑟

−𝐼𝐿𝑑𝑒𝑟/𝐶

0 −𝐾𝐼51

−𝐾𝐼52 −𝐾𝑝51𝐾𝐼52

−(𝑉𝑑𝑐𝐾𝑝52)/𝐿𝑑𝑒𝑟 (𝐷 − 1 − 𝑉𝑑𝑐𝐾𝑝51𝐾𝑝52)/𝐿𝑑𝑒𝑟

(𝐼𝐿𝑑𝑒𝑟𝐾𝑝52 + 1 − 𝐷)/𝐶 (𝐾𝑝51𝐾𝑝52𝐼𝐿𝑑𝑒𝑟 − (1/𝑅))/𝐶 ]

 [

𝛥𝜓51

𝛥𝜓52

𝛥𝐼𝐿𝑑𝑒𝑟

𝛥𝑉𝑑𝑐

]

+ [

0
0

1/𝐿𝑑𝑒𝑟

0

]𝛥𝑉𝑑𝑒𝑟 

(2.27) 
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2.4 Load Side Converter 

The Load Side Converter (LSC) is an inverter that provides AC power to the consumer loads. A 

single phase inverter has been considered in this study since most of the residential appliances use 

single phase AC input. However, the LSC can be a 3 phase inverter or a DC-DC step down 

converter as required by the application. The small signal analysis and stability analysis has been 

conducted for a single phase inverter.  

The schematic and equivalent circuit of LSC is identical to power injection mode of GSC as 

presented in Figure 2.3 with grid block and corresponding parameters replaced by load and load 

parameters. The state space equations can be represented by equation (2.28). The controller for 

LSC is presented in Figure 2.17, and the equations for controller parameters are included as 

equation (2.29) and (2.30). The small signal model equation is presented in equation (2.31), and 

the closed loop transfer function is shown in equation (2.32). The values used for DC bus 

capacitance, load inductance, peak load voltage, load resistance, and DC bus voltage are 𝐶 =

1.1 𝑚𝐹,  𝐿𝑙𝑜𝑎𝑑 = 0.7 𝑚𝐻, 𝑉𝐿𝑙𝑜𝑎𝑑 = 170 𝑉, 𝑅 = 300 𝛺, 𝑅𝑙𝑜𝑎𝑑 = 25 𝛺, and 𝑉𝑑𝑐 = 300𝑉

respectively. The controller gain values and pole locations are listed in Table 2.1. Figures 2.18 and 

2.19 present the movement of the system poles with changes in DC bus voltage and load 

inductance respectively, the poles are confined to the negative half of the S-plane confirming the 

stability of the converter. 

One of the main features added to the electronics, as a part of this study, is load categorization and 

variable load system. The variable loads can be connected via independent inverters, but that 

requires redundant electronics. Hence, implementation of relays actuated via commands from the 

MLAs will save cost, space, and allow ML integration at the same time. However, turning non-
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critical loads on and off can cause drastic changes in current demand.  This should be taken into 

account during stability analysis and determination of control parameters. 

 

 

Fig.  2.17.  Control block diagram for LSC 

[

𝑑𝐼𝑠
𝑑𝑡

⁄

𝑑𝑉𝑙𝑜𝑎𝑑
𝑑𝑡

⁄
] =  [

0 −1
𝐿⁄

1
𝐶𝑙𝑜𝑎𝑑

⁄
−1

𝑅𝑙𝑜𝑎𝑑𝐶𝑙𝑜𝑎𝑑
⁄

] [
𝐼𝐿𝑙𝑜𝑎𝑑

𝑉𝑙𝑜𝑎𝑑
] + [

(2𝐷 − 1)
𝐿

⁄

0
] 𝑉𝑑𝑐 (2.28) 

𝜓61
̇ = (𝑉𝑟𝑒𝑓 − 𝑉𝐿𝑙𝑜𝑎𝑑) 𝐾𝐼61 (2.29) 

𝐷 = (𝑉𝑟𝑒𝑓 − 𝑉𝐿𝑙𝑜𝑎𝑑)𝐾𝑝61 + 𝜓61 (2.30) 

[

𝛥𝜓61
̇

𝛥𝐼𝐿𝑙𝑜𝑎𝑑
̇

𝛥𝑉𝑙𝑜𝑎𝑑
̇

] =  [
0

2𝑉𝑑𝑐/𝐿𝑙𝑜𝑎𝑑

0

0 −𝐾𝐼61

0 −(1 + 2𝑉𝑑𝑐𝐾𝑝61)/𝐿𝑙𝑜𝑎𝑑

1/𝐶𝑙𝑜𝑎𝑑 −1/(𝑅𝑙𝑜𝑎𝑑𝐶𝑙𝑜𝑎𝑑)

] [
𝛥𝜓61

𝛥𝐼𝐿𝑙𝑜𝑎𝑑

𝛥𝑉𝑙𝑜𝑎𝑑

]

+  [
0

(2𝐷 − 1)/𝐿𝑙𝑜𝑎𝑑

0
]𝛥𝑉𝑑𝑐 

(2.31) 

    𝐻 =  
1.42𝑒05 𝑠

𝑠3 + 85.11 𝑠2 + 3.3𝑒07 𝑠 + 1.92𝑒09  
 (2.32) 
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Fig.  2.18. LSC poles with varying DC voltage 

Fig.  2.19.  LSC poles with varying Inductance (L) 

2.5 Complete MPEI modelling 

The complete small signal model of the MPEI can be generated by diagonally concatenating the 

individual matrices and combining the equations for the perturbations on DC bus voltage, 𝛥𝑉𝑑𝑐. 

This has been performed in [55], by eliminating 𝛥𝑉𝑑𝑐 from the individual equations and generating

the equation of 𝛥𝑉𝑑𝑐 by summing all the currents flowing towards or away from the DC bus. These

two methods result in identical solution. The state space of the complete system can be represented 

in the form of standard state space solution presented in equation (2.33).  



 

38 

It is to be noted that the small signal model of each converter varies depending upon the mode of 

operation. The GSC can behave as a rectifier directing power from AC grid to DC bus or as an 

inverter with current mode control while feeding power to the grid. Similarly, GSC, BI and LSC 

can also be in different operational states, the possible states for all the converters are listed in 

Table 2.2. The combination of the operational states of all four converters at a given instant is 

termed as the “Mode” of the MPEI. From Table 2.2, there are 36 different combinations of 

converter functionalities, hence there are 36 different modes for MPEI. The final small signal state 

space model for MPEI will be different for different modes. 

Considering “Mode1” where the GSC is in rectifier mode, BI is charging the battery, DERC is on, 

and LSC is on, as shown by the highlighted cells in Table 2.2, the state vector and input vector can 

be represented by equation (2.34) and (2.35). The corresponding state matrix 𝐴𝑀𝑜𝑑𝑒1, can then be 

derived as equation (2.36). The input, output, and feedthrough matrices (𝐵𝑀𝑜𝑑𝑒1, 𝐶𝑀𝑜𝑑𝑒1, and 

𝐷𝑀𝑜𝑑𝑒1) are shown in equation (2.37). 

The stability analysis has been performed for the MPEI in mode1. Figure 2.20 presents the location 

of all the poles of the MPEI in mode1, and Figure 2.21 is the root locus diagram. The pole locations 

for 𝐼𝐿𝑔 = 15𝐴, 𝐼𝐿𝑏𝑎𝑡𝑡 = 4𝐴, 𝐼𝐿𝑑𝑒𝑟 = 4𝐴 are given in Table 2.3. All the poles are located in negative 

half of the S-plane and the movement of the poles do not include migration to the right hand plane 

in S-domain. This ensures the stability of the MPEI under given operational scenario. Similar 

stability analyses can be conducted for all the possible modes. 
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�̇� = 𝐴𝑥 + 𝐵𝑢 

𝑦 = 𝐶𝑥 + 𝐷 
(2.33) 

𝑥𝑀𝑜𝑑𝑒1 =  

[𝛥𝜓11 𝛥𝜓12 𝛥𝐼𝐿𝑔 𝛥𝜓41 𝛥𝐼𝐿𝑏𝑎𝑡𝑡 𝛥𝑉𝑏𝑎𝑡𝑡 𝛥𝜓51 𝛥𝜓52 𝛥𝐼𝐿𝑑𝑒𝑟 𝛥𝜓61 𝛥𝐼𝐿𝑙𝑜𝑎𝑑 𝛥𝑉𝑙𝑜𝑎𝑑 𝛥𝑉𝑑𝑐]′ 

(2.34) 

𝑢𝑀𝑜𝑑𝑒1 = [𝛥𝑉𝑔 𝛥𝑉𝑑𝑒𝑟]′ (2.35) 

𝐴𝑀𝑜𝑑𝑒1 =  

 

(2.36) 

𝐵𝑀𝑜𝑑𝑒1 = 

 

 

𝐶𝑀𝑜𝑑𝑒1 = [  0  0  0  0  1  0  0  0  0  0  1  1] 

 

𝐷𝑀𝑜𝑑𝑒1 = [ 0  0 ] 

 

(2.37) 
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Table 2.2. Modes of operation 

  State 1 State 2 State 3 

GSC Rectifier Inverter Off 
BI Discharge Charge Off 

DERC Boost Off - 
LSC Inverter Off - 

 

Table 2.3. Pole location for MPEI operating in Mode1 

Pole # Location 

1 -2.14E+06 

2 -4.43E+05 

3 -2.99E+05 

4 -2.61E+05 

5 -13.52-5742.6i 

6 -13.52+5742.6i 

7 -1116.1 

8 -142.92 

9 -84.92 

10 -58.07 

11 -19.99 

12 -11.62 

13 -1.29E-11 

 

 

Fig.  2.20.  Pole Zero map for Mode 1 of MPEI 
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Fig.  2.21.  Root locus of State 1 of MPEI 

2.6 Summary 

The designed MPEI consists of four different power electronics modules, which interact with each 

other through the DC bus. The small signal models for each of these modules have been generated 

and independent stability analysis has been performed in sections 2.1 – 2.4. The small signal state 

space model for the entire MPEI can then be generated by concatenation of individual models and 

combination of DC bus voltage equation, this has been performed in section 2.5 along with the 

stability analysis. It is to be noted that the final state space model generated in section 2.5 will vary 

according to the mode of operation of each converter module, and equations (2.34)-(2.37) present 

the MPEI model for mode1 highlighted in Table 2.2. 

This research involves integration of MLA with traditional micro-grid power electronics. 

Assigning modes to the MPEI facilitates such integration. The MLA takes different system 

parameters and external features to detect the appropriate mode of operation for the corresponding 

scenario. This mode information is communicated to the MPEI electronics and translated to 

operational command for each converter module that leads to the selection of appropriate control 

scheme, and hence leads to change in MPEI system characteristics and dynamics. This process is 

discussed in more details in Chapter 4.  
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CHAPTER 3 

FUNDAMENTALS OF MACHINE LEARNING – SVM AND Q-LEARNING 

Recent improvements in data science, Artificial Intelligence (AI), and Machine Learning (ML) has 

found applications on diverse fields of science from patient care and genetics to electric vehicles 

and power systems [56], [57], [58], [45]. This research aims to improve the critical reliability of 

the power distribution system using micro-grids and DERs. Recognizing the stochastic behavior 

of the contingencies, and the complexity associated with modelling distribution system with high 

DER infiltration, the ML techniques have been considered for model free optimization as opposed 

to deterministic optimization using MPCs. The MLAs that have been selected and tested are 

Support Vector Machines (SVMs) and Q-Learning. This chapter describes the fundamentals of 

SVM and Q-learning, process of integrating MLAs with MPEI, and their effect on MPEI system 

characteristics. It is to be noted that there are multitude of other MLAs that may have comparative 

performance, the purpose of this study is to prove the possibility of improving critical reliability 

using model free, data-based optimization techniques rather than finding the most optimal 

algorithms. That will be considered as a part of future study. 

3.1 Support Vector Machine 

3.1.1 Theory of SVM 

Support Vector Machine (SVM), is a widely used classification algorithm that is simple to 

implement, consequentially faster computational time, and yet effective in performance. For a 

system that can be linearly classified using a hyper plane defined by equation (3.1), hard margin 

SVM can be formulated as an optimization problem presented in equation (3.2) which is a convex, 
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quadratic, primal problem. Lagrangian function can be used to convert this constrained 

optimization problem to an unconstrained one, the Lagranigan function with Lagrange multiplier 

α is shown in equation (3.3). Differentiating Lagrangian function with respect to the primal 

variables w,b allows formulation of dual problem as equation (3.4). The optimization problem can 

now be expressed in terms of Lagrangian variables only. The dual has fewer constraints with sparse 

solution, which is computationally lighter to solve. Furthermore, misclassification and margin 

violation can be introduced in equation (3.2) as ξ, as shown in equation (3.5).  The variable C is 

the user determined regularization constant, which translates to upper boundary for the value of α 

in dual problem formulation as presented in (3.6) [59]. The SVM classification method can be 

extended to higher dimensions by replacing the inner product of the features by corresponding 

kernels.  Gaussian kernels have been used for this application as they have capability of 

representing polynomials of every degree. 

The SVM algorithm can be developed and implemented following procedures presented in [60]. 

The similarity between the structural implementation of logistic regression and SVM has been 

utilized in [60]. This is apparent in equations (3.7) and (3.8). The SVM can be viewed as a 

modification of logistic regression, where the cost function of the classical logistic regression is 

replaced by SVM cost function with large margin intuition to allow better separation, and hence 

more effective classification. 

𝑓(𝑥) =  𝑤𝑇𝑥 + 𝑏 

where 𝑤 is the matrix of weights, 𝑥 is the input, 𝑏 is the constant, and 𝑦 is the output 

(3.1) 
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min 
𝑤,𝑏

1

2
(𝑤𝑇𝑤) 

Subject to:  𝑦𝑖 .  (𝑤
𝑇𝑥𝑖 + 𝑏) ≥ 1,   ∀𝑖 = 1, 2,… , 𝑛 

(3.2) 

𝐿(𝑤, 𝑏, 𝛼) =  
1

2
 𝑤𝑇𝑤 − ∑𝛼𝑖 .  [

𝑛

𝑖=1

𝑦𝑖 . (𝑤
𝑇𝑥𝑖 + 𝑏) − 1] (3.3) 

max  −
1

2
 ∑∑ 𝛼𝑖𝛼𝑖𝑦𝑖𝑦𝑗𝑥𝑖

′𝑥𝑗

𝑛

𝑗=1

𝑛

𝑖=1

+ ∑𝛼𝑖

𝑛

𝑖=1

 

Subject to:   ∑ 𝛼𝑖𝑦𝑖 = 0,   𝛼𝑖 ≥ 0, ∀𝑖 = 1, 2,… , 𝑛𝑛
𝑖=1  

(3.4) 

min 
𝑤,𝑏

1

2
(𝑤𝑇𝑤) + 𝐶 ∑𝜉𝑖

𝑛

𝑖=1

 

Subject to:  𝑦𝑖 .  (𝑤
𝑇𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖 ,   ∀𝑖 = 1, 2,… , 𝑛,   𝜉𝑖 ≥ 0 

(3.5) 

max  −
1

2
 ∑∑ 𝛼𝑖𝛼𝑖𝑦𝑖𝑦𝑗𝑥𝑖

′𝑥𝑗

𝑛

𝑗=1

𝑛

𝑖=1

+ ∑𝛼𝑖

𝑛

𝑖=1

 

Subject to:   ∑ 𝛼𝑖𝑦𝑖 = 0,   0 ≤ 𝛼𝑖 ≤ 𝐶, ∀𝑖 = 1, 2, … , 𝑛𝑛
𝑖=1  

(3.6) 

𝑚𝑖𝑛𝜃

1

𝑚
[∑𝑦𝑖 (−𝑙𝑜𝑔 ℎ𝜃(𝑥𝑖)) + (1 − 𝑦𝑖) (( − log (1 − ℎ𝜃(𝑥𝑖)))

𝑚

𝑖=1

] + 
𝜆

2𝑚
 ∑𝜃𝑗

2

𝑛

𝑗=1

 

Where 𝜃 is the matrix of weights, 𝑥𝑚∗𝑛+1 is the matrix of inputs, 𝑦 is the matrix of 

outputs, 𝑚 is the number of training examples, and 𝑛 is the number of features 

(3.7) 

𝐶𝑚𝑖𝑛𝜃 [∑𝑦𝑖 ( 𝑐𝑜𝑠𝑡1(𝜃
𝑇𝑥𝑖)) + (1 − 𝑦𝑖) ( 𝑐𝑜𝑠𝑡0(𝜃

𝑇𝑥𝑖))

𝑚

𝑖=1

] + 
1

2
 ∑𝜃𝑗

2

𝑛

𝑗=1

 (3.8) 

ℎ𝜃(𝑥) =  
1

1+𝑒−𝜃𝑇𝑥
                                                                               (3.9) 
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𝑓𝑖 = 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 (𝑥, 𝑙𝑖) = exp (−
||𝑥 − 𝑙𝑖||

2

2𝜎2
) (3.10) 

𝐶𝑚𝑖𝑛𝜃 [∑𝑦𝑖 ( 𝑐𝑜𝑠𝑡1(𝜃
𝑇𝑓𝑖)) + (1 − 𝑦𝑖) ( 𝑐𝑜𝑠𝑡0(𝜃

𝑇𝑓𝑖))

𝑚

𝑖=1

] +  
1

2
 ∑𝜃𝑗

2

𝑚

𝑗=1

 (3.11) 

The ℎ𝜃(𝑥) represents the sigmoid hypothesis function of logistic regression included as equation 

(9). The terms −𝑙𝑜𝑔 ℎ𝜃(𝑥𝑖) and − log (1 − ℎ𝜃(𝑥𝑖)) establish hypothesis to predict: 𝑦 =

1 𝑓𝑜𝑟 𝜃𝑇𝑥 ≫ 0, and 𝑦 = 0, 𝑓𝑜𝑟 𝜃𝑇𝑥 ≪ 0. In equation (8) the terms with 𝑙𝑜𝑔 ℎ𝜃(𝑥) are replaced 

with 𝑐𝑜𝑠𝑡(𝜃𝑇𝑥). The 𝑐𝑜𝑠𝑡(𝜃𝑇𝑥) is obtained from equation (6),  which introduces larger margin 

by setting a decision boundary that assigns 𝑦 = 1 𝑓𝑜𝑟 𝜃𝑇𝑥 ≫ 1, and 𝑦 = 0, 𝑓𝑜𝑟 𝜃𝑇𝑥 ≪ −1 

instead of 𝜃𝑇𝑥 = 0 

The order in which classification is performed using SVM is listed in following paragraph. 

•  Determination of landmarks: From given training data, landmarks are determined. The 

landmark points are often chosen to be same as the training data points. 

𝑙 =  

[
 
 
 

 

𝑙1

𝑙2.
.

𝑙𝑚]
 
 
 

=

[
 
 
 

 

𝑥1

𝑥2
.
.

𝑥𝑚]
 
 
 

 

•  Kernels: An important feature of SVM is use of kernels. Kernels are defined as similarity 

between chosen landmark points and the system input. The similarity can be mathematically 

represented using several relations such as linear kernels, gaussian kernels, polynomial kernels, 

string kernels, chi-square kernels, and so on. The choice of kernels should be made according to 

the data available. For example, linear kernel or no kernel tends to work better with a data set with 

small number of training examples and large number of features, whereas gaussian kernel works 
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better when a large number of training examples are available. The kernels are calculated using 

corresponding equations, the equation for gaussian kernel is presented in (3.10). Feature scaling, 

if necessary, should be performed prior to using kernel.  

The choice of 𝜎  is important for calculation of the kernels since this parameter plays an 

important role in determining the width of the kernel. The Gaussian kernel is derived from 

Gaussian probability density function where 𝜎, often called inner scale or scale of the Gaussian, is 

standard deviation and 𝜎2  is the variance [61].  The shape of a Gaussian kernel is a bell curve

where the value of 𝑓𝑖 is maximum when the 𝑥 overlaps 𝑙𝑖, and it decreases with increase in the

distance. 𝜎2 determines the rate of decay of 𝑓𝑖 as 𝑥 deviates from 𝑙𝑖 as presented in Figure 3.1(a),

which in turn effects the Gaussian distribution shown in Figure 3.1(b) [62]. Large 𝜎2 value

corresponds to higher bias and lower variance and vice versa. 

(a) (b) 

Fig.  3.1.(a) Effect of σ on Gaussian Density, (b) Effect of σ on Gaussian Distribution 

• Train the model: Training the model involves determination of the weight matrix θ by

minimizing the cost function. The cost function of SVM with gaussian kernels is presented in 
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equation (3.11) where 𝑓𝑖 values are obtained from equation (3.10). Prior to training, feature scaling 

must be performed if needed.  

The most common problems in regression type classification algorithms are overfitting/high 

variance and underfitting/high bias problems. Introducing and adjusting regularization term, 

represented by λ in equation (3.7), is an effective solution. The parameter C in equation (3.11), is 

also a regularization term analogous to 1⁄λ. Large C corresponds to hypothesis with lower bias and 

higher variance, which is more prone to overfitting, and small C corresponds to higher bias and 

lower variance, making the hypothesis more prone to underfitting. Hence, adjusting the value of 

C can help solve the over/underfitting problems. 

•  Hypothesis: For test data, use the trained model, and thus generated weight matrix θ to predict   

𝑦 = 1 𝑓𝑜𝑟 𝜃𝑇𝑓 ≫ 0 

3.1.2 Training and Implementation of the SVM 

For the current application, SVM is responsible for predicting the modes of operation for MPEI, 

which is translated into functional commands for each of the converter modules within the MPEI. 

The system parameters such as grid voltage and State of Charge (SOC) of the battery, and external 

parameters such as weather, time, and neighbor’s SOC have been used as input features for the 

SVM. The input features have been discretized to binary values using threshold detection and are 

presented in column 1-5 of Table 3.1. While discretization simplifies the calculation and provides 

effective solution, the resolution of discretization needs further study. Binary features have been 

used in this study for simplicity and simulation efficiency.  The labels used for training the SVM 

are the mode outputs that have been manually decided using the system knowledge and 

requirements. The last column of Table 3.1 lists the corresponding labels. It is important to note 
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that Table 3.1 was created to prove the possibility of implementation of MLAs with a goal to 

improve critical reliability at an assumed location and time. Although the presented system can be 

universally applied, the table does not contain all related features and does not represent the all 

possible scenarios. The number of scenarios have been reduced to just what is required for this 

application for simplification and simulation speed. Furthermore, upon verification of feasibility, 

the final implementation will have to consider the historical data specific to the location for training 

purposes in order to recognize the types of grid faults and their frequency of occurrence. 3.1.2 

Training and Implementation of the SVM 

Table 3.1. Training table for SVM 

Row Weather Time Grid Voltage 

SOC 

self 

SOC 

neighbor Mode 

1 Normal 4pm-7pm >110V Good Good 3 

2 Normal 4pm-7pm >110V Good Bad 1 

3 Normal 4pm-7pm <110V Good Good 2 

4 Normal 4pm-7pm <110V Good Bad 4 

5 Normal Not (4-7) >110V Good Good 3 

6 Normal Not (4-7) >110V Good Bad 1 

7 Normal Not (4-7) <110V Good Any 4 

8 Normal Any Bad Any 5 

9 Severe Any >110V Good Good 5 

10 Severe Any <110V Good Good 6 

11 Severe Any >110V Good Bad 5 

12 Severe Any <110V Good Bad 6 

13 Severe Any Bad Good 7 

14 Severe Any Bad Bad 6 

Modes Description 

1 Keep SOC full 

2 Grid Fault mitigation - Droop controls 

3 Economic Dispatching 

4 Charge battery + Prep for islanded mode operation 

5 Charge battery through grid + DER 

6 Emergency mode + Supply + Shut down NC loads 

7 Emergency mode + Charge + Shut down NC loads 
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The SVM has been trained for the seven modes defined in Table 3.1 using the classification learner 

application made available by Matlab. The model has been trained using gaussian kernels with one 

vs. all technique for multi-class classification. After training the trained algorithm has been tested 

using randomly generated inputs. The expected response and the response of the SVM are 

presented in Figure 3.2. The accuracy of the response concludes the successful generation of SVM 

based MLA for implementation with grid electronics.  

Fig.  3.2. Response of SVM 

From the training Table 3.1, we can notice that for the same location, at peak hour between 4-7pm, 

the output mode command is different based on grid voltage, weather, battery SOC, and neighbor’s 

SOC, indicated by rows 1-4. Under normal scenario, the output mode is 3 which commands MPEI 

to focus on economic dispatching (rows 1 and 5). The deviation of grid voltage/frequency leads to 

engaging droop controls for grid fault mitigation (mode 2), the reduction of self SOC beyond 

threshold results in charging the battery (modes 5 and 7), and neighbor’s battery SOC drop leads 

to keeping the self SOC full (mode 1). Severe weather together with grid voltage drop and 

neighbor’s SOC drop results in emergency mode operation with non-critical load shut down 

(modes 6 and 7). Hence, the state of the input features internal and external to the power system, 
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dictate the output of the SVM and consequentially the operational mode of the corresponding 

MPEI. 

 

Fig.  3.3. System block diagram 

After training, when the trained ML tool receives a test sample, it classifies the test data to one of 

the modes and communicates this mode back to the MPEI. The mode information is translated 

internally within the MPEI and communicated to each of the converters as operational command. 

The converters then select the corresponding control strategy to carry out commanded power 

conversion. This flow of command is shown in Figure 3.3. 

3.1.3 Integrated design process 

In this study, the MLA is used as design tools rather than additional supportive feature. The 

considered MPEI is a collection of 4 different power modules with common DC link that allows 

bidirectional flow of power. This results in 36 possible modes of operation, the combinations are 
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presented in Table 3.2. As seen from Chapter 2, the system characteristics of the MPEI varies with 

the mode of operation of each converter and the mode information is generated by the MLA. 

Hence, an integrated design process is required that ensures that each mode output of the MLA is 

accompanied by appropriate power electronics response with acceptable stability and dynamic 

behavior. This section describes such integrated design process. 

Table 3.2. Modes of operation 

GSC Rectifier (𝑄𝐺1
̇ ) Inverter (𝑄𝐺2

̇ ) Off (𝑄𝐺3
̇ ) 

Batt conv. Discharge (𝑄𝐵1
̇ ) Charge (𝑄𝐵2

̇ ) Off (𝑄𝐵3
̇ ) 

DER conv. Boost (𝑄𝐷1
̇ ) Off (𝑄𝐷2

̇ ) - 
Load inv. Inverter (𝑄𝑙1

̇ ) Off (𝑄𝑙2
̇ ) - 

The operational state of each converter determines the control strategy and the control parameters, 

which in-turn determines the system characteristic poles and zeros. Since the MLA output 

determines the mode of operation, a relationship can be established between the MLA and power 

electronics control and stability. This relation has been explained in equations (3.11) and (3.12). 

The 𝑄𝑥𝑛
̇  values used in matrix Q of equation (3.11) are the system equations for the corresponding

converter in that particular mode, listed in Table 3.2 and equation (3.13). 𝑄𝐺1
̇  represents the system

equations for the GSC when it is in rectifier mode, 𝑄𝐺2
̇  represents the GSC equations in inverter

mode, and 𝑄𝐺3
̇  indicates that the GSC is turned off. Similar nomenclature has been used for rest

of the converters as shown in Table 3.2. Each of the four columns of the Q matrix corresponds to 

one converter module. Each of the seven rows of matrix Q represents the corresponding state of 

all the MPEI converter modules in the respective mode. Row 1 represents the operational state of 

converters in mode 1, row 2 corresponds to mode 2 and so on. The output modes of the MLA are 

represented by vector Y. After being trained, when the SVM receives a test sample x, it generates 
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feature vector 𝑓 as shown in leftmost column of (3.11). Following this, 𝜃𝑇𝑓 is calculated for the

feature vector, as shown in middle column. Then decision boundary for each mode is used to 

classify the sample using one vs all mechanism, determined by the value of 𝜃𝑇𝑓. Once the mode

is recognized, represented by n in (3.11), the corresponding element of Y, 𝑦𝑛 is assigned 1 while

rest of the elements of the vector Y remain 0. The product of the Y vector with Q matrix gives the 

system equation for that particular mode as shown in the right most column of equation (3.11). 

The elements of the resultant 𝑌.𝑄 vector equation can be added and rearranged to obtain the state 

space model of the complete MPEI to observe the system characteristics and stability. The process 

of generation of SVM output vector Y in equation (3.11) can be further simplified to equation 

(3.12) by utilizing signum function or any other heaviside step function. 

For instance, consider that weather is normal, time in non-peak hours, grid voltage is good, SOC 

self is low, and neighbor’s SOC is adequate. The output of the SVM is mode 5, which corresponds 

to 𝑦5 = 1 and 𝑦𝑛  = 0 ∀ 𝑛 ≠ 5 . The product of Y vector and Q matrix results in a vector with row

5 of matrix Q. Adding the four elements of the row 5 of Q matrix and substituting the value of 

each 𝑄𝑥𝑛
̇  from equations (2.8) - (2.32) gives the system equation for the complete MPEI. This

equation can be rearranged to get the small signal model for the MPEI. For mode 5, the resultant 

MPEI system equation is presented in equation (3.14). The stability of this MPEI at mode one can 

be seen from Figure 3.4(a) and (b), all the poles lie in the negative half of the S-plane and 

movement of poles are confined to right hand plane. 

Considering change in scenario to an extreme case where the weather is severe, grid power is not 

available, the battery SOC is at a good level, and neighbor SOC is low. The corresponding SVM 

mode output is mode 6, which sets 𝑦6 = 1 and 𝑦𝑛  = 0 ∀ 𝑛 ≠ 6. The small signal model equation
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for MPEI now changes from equation (3.14) to equation (3.15), changing the corresponding 

characteristic poles and zeros.  Hence, the change of SVM output mode leads to the change in the 

MPEI system characteristics and dynamics. The stability analyses have to be performed for all the 

possible changes. 

Most applications of data analytics tools, like machine learning, involve utilization of such tools 

as additional features to a pre-developed system. This method has been proven to be effective 

enough for most applications, however, considering ML tools as a part of overall design process 

enables better utilization and seamless integration. This provides the flexibility of making 

modifications on primary system if necessary. As shown in Figure 3.3 and Table 3.1, the output 

of the ML system is mode of operation information. This mode information is translated to 

respective function for each converter of the MPEI, listed in Table 3.2. The mode changes can 

occur from any one of the modes to another. Consequently, changing the power electronics system 

behavior as discussed in previous section. Furthermore, the communication and calculation delays 

also effect the MPEI responses. The proposed integrated design process allows assessing stability 

of individual converters and the complete system during the mode changes, hence allowing 

effective integration of ML system with traditional electronic controls. 
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(3.11) 

 
𝒚𝒏 = 𝟏 

 

𝑤ℎ𝑒𝑟𝑒, 𝒏 =  ∑ 𝑗[
1
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∗ (1 + 𝑠𝑔𝑛
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𝜃𝑇

[
 
 
 
 
 
 
 
 
 
 
 
𝑒𝑥𝑝 (−

||𝑥𝑖 − 𝑙1||
2

2𝜎2
)

𝑒𝑥𝑝(−
||𝑥𝑖 − 𝑙2||

2

2𝜎2
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.

𝑒𝑥𝑝(−
||𝑥𝑖 − 𝑙𝑚||

2

2𝜎2
)

]
 
 
 
 
 
 
 
 
 
 
 

)

 
 
 
 
 
 
 
 
 

)]

7

𝑗= 1

 

 

(3.12) 

𝑄𝐺1
̇ =      

[
 
 
 
 
𝛥𝜓11

̇

𝛥𝜓12
̇

𝛥𝐼𝐿𝑔

𝛥𝑉𝑑𝑐
̇

̇

]
 
 
 
 

, 𝑄𝐺2
̇ = [

𝛥𝜓21
̇

𝛥𝐼𝐿𝑔
̇

𝛥𝑉𝑔̇

], 𝑄𝐵1
̇ =

[
 
 
 
 

𝛥𝜓31
̇

𝛥𝜓32
̇

𝛥𝐼𝐿𝑏𝑎𝑡𝑡

𝛥𝑉𝑑𝑐
̇

̇

]
 
 
 
 

, 𝑄𝐵2
̇ = [

𝛥𝜓41
̇

𝛥𝐼𝐿𝑏𝑎𝑡𝑡
̇

𝛥𝑉𝑏𝑎𝑡𝑡
̇

], 

𝑄𝐷1
̇ =

[
 
 
 
 
𝛥𝜓51

̇

𝛥𝜓52
̇

𝛥𝐼𝐿𝑑𝑒𝑟

𝛥𝑉𝑑𝑐
̇

̇

]
 
 
 
 

, 𝑄𝑙1
̇ =  [

𝛥𝜓61
̇

𝛥𝐼𝐿𝑙𝑜𝑎𝑑
̇

𝛥𝑉𝑙𝑜𝑎𝑑
̇

],  

 𝑄𝐺3
̇ = 𝑄𝐵3

̇ =  𝑄𝐷2
̇ = 𝑄𝑙2

̇ =  0 

(3.13) 
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�̇� = 𝐴𝑥 + 𝐵𝑢 (3.14) 

where, 

𝑢𝑀𝑜𝑑𝑒5 =  [𝛥𝑉𝑔 𝛥𝑉𝑑𝑒𝑟]′

𝑥𝑀𝑜𝑑𝑒5 = 

[𝛥𝜓11 𝛥𝜓12 𝛥𝐼𝐿𝑔 𝛥𝜓41 𝛥𝐼𝐿𝑏𝑎𝑡𝑡 𝛥𝑉𝑏𝑎𝑡𝑡 𝛥𝜓51 𝛥𝜓52 𝛥𝐼𝐿𝑑𝑒𝑟 𝛥𝜓61 𝛥𝐼𝐿𝑙𝑜𝑎𝑑 𝛥𝑉𝑙𝑜𝑎𝑑 𝛥𝑉𝑑𝑐]′

𝐴𝑀𝑜𝑑𝑒5 = 

𝐵𝑀𝑜𝑑𝑒5 =
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�̇� = 𝐴𝑥 + 𝐵𝑢 (3.15) 

where, 

𝑢𝑀𝑜𝑑𝑒6 = [𝛥𝑉𝑏𝑎𝑡𝑡 𝛥𝑉𝑑𝑒𝑟]′ 

𝑥𝑀𝑜𝑑𝑒6 = 

[𝛥𝜓31 𝛥𝜓32 𝛥𝐼𝐿𝑏𝑎𝑡𝑡 𝛥𝜓51 𝛥𝜓52 𝛥𝐼𝐿𝑑𝑒𝑟 𝛥𝜓61 𝛥𝐼𝐿𝑙𝑜𝑎𝑑 𝛥𝑉𝑙𝑜𝑎𝑑 𝛥𝑉𝑑𝑐]′ 

𝐴𝑀𝑜𝑑𝑒6 = 

 

𝐵𝑀𝑜𝑑𝑒6 = 
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3.2 Q-Learning 

3.2.1 Theory of Q-learning 

Q-learning first presented by Watkins in 1989 is a form of model-free reinforcement learning [63]. 

As presented in [63], the Q-learning follows Markov decision making process for the systems that 

adhere to Markov Property: the current state of the considered system depends only on the current 

state and is completely independent of the past states or actions. According to the Q-learning 

process, the MPEI becomes an agent that implements the controlled Markov process with the goal 

of selecting optimal action for every possible state. 

Q learning works by recognizing the state, selecting and implementing an action, observing the 

successive state, calculating and assigning immediate reward, and adjusting the corresponding Q 

value in Q-table. The calculation of Q values, as presented by Watkins is shown in equation (3.16) 

where 𝑥𝑛 is the current state, 𝑎𝑛 is the action performed, 𝑦𝑛 is the subsequent state, 𝑟𝑛 is the

immediate reward, 𝑄𝑛 is the new Q value, 𝑄𝑛−1 is the previous Q value, and 𝛼𝑛 is the learning

factor. Equation (3.16) also implies that only the Q value respective to a particular action 

performed for a particular state is updated every time that action is selected for that state, the Q 

value is not altered otherwise. 

For the given application of MPEI and power distribution control, the input features considered 

are: weather, time, grid voltage, self-battery SOC, neighbor’s battery SOC. For simplification, 

binary states of “good” or “bad” have been chosen for each of these features. Hence, the total 

number of possible states with given features is 25 (32). It is to be noted that in actual 

implementation, the number of features might vary, and hence the number of states may vary as 

well. Similarly, the number of converters in the considered MPEI with grid connection, battery, 
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solar, and load (critical and non-critical) is 4. The operational states for each converter can again 

be represented by Table 3.2. However, for Q-learning, it is considered that the battery is either 

charged or discharged but is never turned off. This reduces the number of possible combinations 

from 36 to 24. Hence, the Q-table will have dimensions of 24 x 32 where number of rows indicate 

the states determined by the features, and the columns for each row indicates all the possible 

operational combinations of the MPEI converters for the state represented by the row. The Q-table 

can therefore be represented by the matrix presented in Table 3.3. 

(3.16) 

a = argmax(𝑄𝑛) 

 𝑤ℎ𝑒𝑟𝑒, 𝑎𝑟𝑔𝑚𝑎𝑥  𝑓(𝑥) ≔ {𝑥 |∀ 𝑦: 𝑓(𝑦) ≤ 𝑓(𝑥) 

(3.17) 

𝜀 = 𝛼𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 # 

𝑤ℎ𝑒𝑟𝑒, 𝛼 = 𝑒
𝑡𝑜𝑙

𝑡𝑜𝑡𝑎𝑙 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠⁄

(3.18) 

(3.19) 

(3.20) 

𝑄𝑛(𝑥, 𝑎) =
(1 − 𝛼𝑛)𝑄𝑛(𝑥, 𝑎)+ 𝛼𝑛[𝑟𝑛 + 𝛾𝑉𝑛−1(𝑦𝑛)]   𝑖𝑓 𝑥 = 𝑥𝑛 and 𝑎 = 𝑎𝑛

𝑄𝑛−1(𝑥, 𝑎)                                                                  otherwise, { 

𝑎 = 

𝑎𝑛_𝑚𝑎𝑥  if ε < rand(0,1) 

𝑎𝑛_𝑟𝑎𝑛𝑑𝑜𝑚   otherwise, { 

𝑄𝑛(𝑥, 𝑎) =
(1 − 𝛼𝑛)𝑄𝑛(𝑥, 𝑎)+ 𝛼𝑛𝑟𝑛   𝑖𝑓 𝑥 = 𝑥𝑛 and 𝑎 = 𝑎𝑛

𝑄𝑛−1(𝑥, 𝑎)                         otherwise, 
{ 



59 

Table 3.3. Matrix representation of Q-table 

1 2 3 … … 24 

00000 𝑄1,1 𝑄1,2 𝑄1,3 … … 𝑄1,24 

00001 𝑄2,1 𝑄2,2 𝑄2,3 … … 𝑄2,24 
00011 𝑄3,1 𝑄3,2 𝑄3,3 … … 𝑄3,24 

… … … … … … … 
… … … … … … … 

11111 𝑄32,1 𝑄32,2 𝑄32,3 … …  𝑄32,24 

Initially, all the elements of the Q-table are assigned as 0s. The learner starts by choosing random 

states and starts assigning the Q values. Once the Q-table is populated, for each state (row) the 

action (column) with the highest reward is chosen using argmax function as shown in equation 

(3.17). If a Q value in a particular row receives a positive reward prior to complete population, the 

rest of the actions will not be tested. This has been prevented by assigning an exponentially 

decaying probability function that chooses between the selected and random action, presented by 

ε in equation (3.18). A random number between 0 and 1 is generated and compared with ε. If ε is 

greater than the generated random number, then a random act is selected rather than the one chosen 

by the learner, as shown in equation (3.19). As iteration number increases, ε approaches 0 

exponentially, indicating close to 0 probability of choosing a random action for infinite iterations. 

Therefore, introducing this probability function will have no effect for higher iterations while 

ensuring well populated Q table. 

Furthermore, for the chosen application of power distribution, the subsequent state denoted by 𝑦𝑛

in equation (3.16) depends on weather, time, and grid voltage which are independent of the current 

state or action chosen. The self-SOC and neighbor SOC are dependent on the current action, 

however these are slow changing parameters and it can be assumed that the SOC values do not 
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change significantly between two successive iterations. The independent nature of the subsequent 

state reduces the equation of Q value generation to equation (3.20) where  𝑎 is generated by using 

equation (3.19) and 𝜀 is generated by using equation (3.18). 

3.2.2 Implementation of Q-learning 

The software implementation of the Q-learning system requires communication between the power 

electronics system and the Q-learning script. The simulated communication model and the 

communication protocols used in experimental setup are described in Chapter 4 and 5 respectively. 

It is also important to address that recent developments in the field of communication and IOT has 

enabled remote relocation of computing resources. This provides access to computing and storage 

resources capable of running complicated algorithms and collecting long term field data. Such data 

along with reinforcement learning can lead to novel solutions that have not been recognized yet. 

In addition to communication, several mathematical techniques have been used to interpret the 

information in the forms required by the power electronics modules and the ML script. The 

implementation of Q-learning in the complete system simulation has been described in this section. 

The flow diagram of implementation of Q-learning script is presented in Figure 3.4. The Q table 

is first initialized with zeros for all components, then the scenario is identified based upon the state 

of various input features. The input features used in this study are weather, time, grid voltage, 

battery SOC, and neighbor’s battery SOC. The state of each of these input features are randomly 

chosen. Once, the state is determined, the algorithm searches for the Q table entry respective to 

the particular state represented by Q(state). The state value is the 32 different possible 

combinations if 0s and 1s represented by the first column of Table 3.3 and Q(state) is the row 

corresponding to the state. The Q(state) is an array of length equal to the total number of 
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operational combinations. The algorithm creates a Q(state) entry initialized with all zeros if the 

entry does not exist. An example of completely populated 24 element Q(state) vector obtained 

from the simulation results is presented as equation (3.21). Once the Q(state) vector is found, it is 

scanned for the location of the highest reward. In equation (3.21), the highest reward is 1.3043 

which is the 7th element of the array. This location of the highest reward is the important output of 

the Q-learning algorithm which is determined by using argmax function as shown in equation 

(3.22). The output location parameter a is then used along with the heaviside step function 

presented in equation (3.23) to get the converter commands kg, kl, kb, and kd. It is to be noted that 

the position of first element of the Q(state) is considered as 0th position, hence the value of a ranges 

from 0 to 23. For the GSC, kg is determined by using equation (3.24). As seen, kg = 1 for a < 8, kg 

= 2 for 8 <= a <= 16, and kg = 3 for a >=16. This value of kg determines the operation of GSC 

where kg = 1,2,3 refer to GSC operating in rectifier mode, inverter mode, and turned off 

respectively.  

Similarly, the mode of operation of rest of the converters have been determined by using modular 

arithmetic on the location parameter a obtained from the Q learning algorithm. As shown in 

equation (3.25), m is the modulo of a with respect to c. The value of c is varied, and the resulting 

m is used with corresponding heaviside step function to generate corresponding k values that 

determine the mode of operation of each converter. Equations (3.24) and (3.26) incorporate all 

possible operational combinations of the included converters. Considering only charge or 

discharge option for the battery converter (eliminating the option to turn off), the results of 

equation (3.24) and (3.26) for all the elements of Q(state) can be viewed in Table 3.4. Hence, for 

the instant presented in equation (3.21), when  𝑎 = 7,𝑘𝑔 =  𝑘𝑙 = 𝑘𝑑 = 1 , and 𝑘𝑏 = 2, the grid is in
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rectifier mode, NC load is connected, battery is charging, and DER is turned on, as observed from 

Tables 3.4 and 3.5. This explains the process of interpretation of location parameter from Q table 

to mode of operation for each converter. 

Q(00101) = [-1.291  -1.9499  -1.0736  -1.7189  -1.1982  -1.0898  - 1.1882  1.3043  -

3.0617  -12.532  -40.116  -39.804    -2.1306  -4.4411  -37.971  -38.788  -6.9283  -9.0269  -39.226  -

39.784  -40.546  -1.7079  -40.673   -38.586 ]  

(3.21) 

a = argmax(Q(state)) 

where 𝑎𝑟𝑔𝑚𝑎𝑥  𝑓(𝑥) ≔ {𝑥 |∀ 𝑦: 𝑓(𝑦) ≤ 𝑓(𝑥) 
(3.22) 

      0 𝑓𝑜𝑟 𝑥 < 0
 ℎ(𝑥)  = 0 𝑓𝑜𝑟 𝑥 = 0

      1 𝑓𝑜𝑟 𝑥 > 0
 

(3.23) 

𝑘𝑔  =  ℎ(𝑎 –  7)  +  ℎ(𝑎 −  15) + 1 (3.24) 

𝑚 = 𝑎 − 𝑐 ∗ 𝑞 

𝑤ℎ𝑒𝑟𝑒 𝑚, 𝑐, 𝑞 ∈ ℤ+ & 0 ≤ 𝑚 ≤ (𝑏 − 1)
(3.25) 

LSC 

𝑐 = 2,𝑚 =  𝑎 − 𝑐 ∗ 𝑞 

𝑘𝑙 = 𝑚 + 1 

Batt. conv. 

𝑐 = 4,𝑚 =  𝑎 − 𝑐 ∗ 𝑞 

𝑘𝑏 = ℎ(𝑚 − 1) + 1

DER conv. 

𝑐 = 8,𝑚 =  𝑐 − 𝑏 ∗ 𝑞 

𝑘𝑑 = ℎ(𝑚 − 3) + 1
(3.26) 

𝑅𝐷𝐶_𝑏𝑢𝑠 = 𝑅𝑖𝑛𝑖𝑡 − 40 𝑖𝑓 𝐷𝐶 𝑏𝑢𝑠 < 173
−0.25 ≤ 𝑅𝑖𝑛𝑖𝑡 ≤ 0.25

(3.27) 

𝑅𝑆𝑂𝐶 = (𝑅𝑖𝑛𝑖𝑡 + 𝑅𝐷𝐶_𝑏𝑢𝑠) ∗ ((𝑠𝑒𝑙𝑓𝑠𝑜𝑐 − 0.6) ∗ (𝑠𝑒𝑙𝑓𝑠𝑜𝑐 − 1)) ∗ (−300) − 13) (3.28) 

𝑅𝑡𝑜𝑡𝑎𝑙 = 𝑅𝑆𝑂𝐶 (3.29) 

𝑄(𝑘) = (1 − 𝛼) ∗ 𝑄(𝑘 − 1) + 𝛼 ∗ 𝑅𝑡𝑜𝑡𝑎𝑙 (3.30) 

a = 7 
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After the determination of mode of operation for each converter, the corresponding converter 

actions occur. The values of interest, DC bus voltage and SOC of the battery, are observed and 

transmitted to ML script for calculation of reward. The reward r is a function of average DC bus 

voltage, SOC of the battery, and power to Non-Critical (NC) load. The considered Q-learning 

algorithm is a penalty based algorithm, so rewards assigned are mostly negative values. The first 

parameter for reward calculation is the average DC bus voltage. The component of reward related 

to DC bus voltage is calculated based on threshold detection, as shown in equation (3.27). The ML 

system is penalized with -40 points, if the average DC bus voltage falls below the threshold voltage 

of 173 V, as shown in Figure 3.5(a). Similarly, the component of the reward related SOC of the 

battery is an inverse parabolic function represented by equation (3.28) and shown in Figure 3.5(b). 

The maximum reward of 0 is assigned when the SOC is optimal at 80%, and the maximum penalty 

of -28 is assigned when the SOC is below 50%. The last component considered for reward 

calculation is power to NC load which is also determined using voltage threshold detection method 

similar to DC voltage reward calculation. The NC load power has the least priority with maximum 

penalty of -10 points 

The reward hence calculated is used to generate a Q-value. The Q-value depends on the reward 

calculated in current step and the Q-value for the selected state prior to the iteration, represented 

by Q(k-1) in Figure 3.4, as described in section 3.2.1. The Q value is obtained using equation 

(3.30), which has been derived using equation (3.20), where α is the learning factor. Finally, as the 

last step of the reinforcement learning the Q-value is updated in the Q-table. Hence, for the 

following iteration where the same state k is selected,  𝑄(𝑘′ − 1) = 𝑄(𝑘).  
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Fig.  3.4. Flow chart – implementation of Q-

learning 

 

(a) 

 

(b) 

Fig.  3.5.(a) Reward for DC bus voltage, 

(b) Reward for final battery SOC 

Another important observation is that the input state corresponding to equation (3.21) is 00101, 

indicating that the weather is normal, time in non-peak hours, grid voltage is good, SOC self is 

low, and neighbor’s SOC is adequate, as explained in Table 3.6. Considering that the simulation 

is carried out with the assumption that solar is available if the weather is not severe, the response 

determined by the Q-learning algorithm (a = 7) is optimal. The battery SOC is low, but the 

neighbor SOC is good and solar is available. At the same time, the weather is good, so, the outage 

must be a temporary obstruction that will probably result in a few hours of outage at maximum. 

Hence, the selection, a = 7, of charging the battery and keeping the non-critical load on is sensible. 

 



65 

Table 3.4. Possible operational combinations of converters 

a GSC LSC BI DERC 

0 0 0 0 0 
1 0 1 0 0 
2 0 0 1 0 
3 0 1 1 0 
4 0 0 0 1 
5 0 1 0 1 
6 0 0 1 1 
7 0 1 1 1 
8 1 0 0 0 
9 1 1 0 0 

10 1 0 1 0 
11 1 1 1 0 
12 1 0 0 1 
13 1 1 0 1 
14 1 0 1 1 
15 1 1 1 1 
16 2 0 0 0 
17 2 1 0 0 
18 2 0 1 0 
19 2 1 1 0 
20 2 0 0 1 
21 2 1 0 1 
22 2 0 1 1 
23 2 1 1 1 

Table 3.5. Converter function definition 

Value GSC LSC Batt DER 

0 Consume NC disconnected Discharge Off 
1 Provide NC connected Charge On 
2 Off - - - 

Table 3.6. State variable definitions 

Value Weather Time 
Grid 
Volt. 

Self 
SOC 

Neighbor 
SOC 

0 Normal Non-peak Bad Low Low 
1 Severe Peak Good High High 

3.2.3 Integrated Design Process 

As discussed in section 3.1, the system equations for the converters and therefore the entire system 

differs according to the mode of operation of each converter, and the mode of operation is 

determined by the ML output. The output of the Q-learning output will change the system 

characteristic of each individual converter, thereby changing the characteristics of the MPEI 

system as a whole. This has been described with equations in this section.  

Sections 2.1-2.4 derive the characteristic equations for each converter while operating in each of 

the given modes. The possible modes of operation for all the converters are listed in Table 3.7, 
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where corresponding converter small signal model equations 𝑄𝑥𝑛
̇  are similar to those presented in 

equation (3.13). 𝑄𝐺1
̇  represents the system equations for the GSC when it is in rectifier mode and 

𝑄𝐺2
̇  represents the GSC equations in inverter mode. Similar nomenclature is followed for the 

remaining converters as described in section 3.1.3. The combination of these individual equations, 

𝑄𝐺𝑘
̇ , 𝑄𝐵𝑙

̇ , 𝑄𝐷𝑚
̇ , 𝑄𝐿𝑛

̇ , determines the total system equation. This can be represented as equation 

(3.31), where the components of the leading matrices g1, g2, g3, b1, b2, b3, d1, d2, l1, l2 have values 

of 1 or 0 depending on the output of the Q-learning. The ML output, for Q-learning algorithm, are 

the a and k values from equations (3.32), (3.34), and (3.36). The leading matrices are first 

initialized with all zeros in each iteration, and then updated using k values as shown in equations 

(3.33) and (3.19). 

Furthermore, for the scenario represented in equation (3.21), the system equation presented in 

equation (3.31) can now be reduced to (3.34), expanded form of which is presented in equation 

(3.14). The stability of the system can be confirmed by observing the pole locations from Figure 

3.4. The change in location parameter a will change the k values for the converters, and 

consequently alter the system equation (3.14) along with system roots and characteristics. Similar 

to the case considered for SVM, considering change in scenario where the weather is severe, grid 

power is not available, the battery SOC is at a good level, and neighbor SOC is low, state 10010, 

the Q-learning algorithm will predict action a = 20, which corresponds to equation (3.35). The 

small signal state space model of the complete MPEI for this mode of operation can be represented 

by equation (3.15). Therefore, the change of action output from Q-learning changes the MPEI 

system characteristics and it is important to ensure stability of the power electronics in all possible 

combinations.  
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Table 3.7. Modes of operation for Q-learning 

GSC Rectifier (𝑄𝐺1
̇ ) Inverter (𝑄𝐺2

̇ ) Off (𝑄𝐺3
̇ ) 

Batt conv. Discharge (𝑄𝐵1
̇ ) Charge (𝑄𝐵2

̇ ) Off (𝑄𝐵3
̇ ) 

DER conv. Off (𝑄𝐷1
̇ ) Boost (𝑄𝐷2

̇ ) - 
Load inv. Off (𝑄𝑙1

̇ ) Inverter (𝑄𝑙2
̇ ) - 

(3.31) 

Initialize: 𝑔 = [0 0 0];  𝑔𝑛 = 1 𝑖𝑓 𝑛 = 𝑘𝑔, 𝑤ℎ𝑒𝑟𝑒

𝑘𝑔  =  ℎ(𝑎 –  7)  +  ℎ(𝑎 −  15) + 1 
(3.32) 

LSC 

𝑘𝑙 = 𝑚 + 1 
𝑙𝑛 = 1 𝑓𝑜𝑟 𝑛 = 𝑘𝑙

Batt. conv. 

𝑘𝑏 = ℎ(𝑚 − 1) + 1
𝑏𝑛 = 1 𝑓𝑜𝑟 𝑛 = 𝑘𝑏

DER conv. 

𝑘𝑑 = ℎ(𝑚 − 3) + 1
𝑑𝑛 = 1 𝑓𝑜𝑟 𝑛 = 𝑘𝑑

(3.33) 

𝑆𝑦𝑠𝑡𝑒𝑚 𝑒𝑞 =  [1 0 0] [

𝑄𝐺1
̇

𝑄𝐺2
̇

𝑄𝐺3
̇

] + [0 1 0] [

𝑄𝐵1
̇

𝑄𝐵2
̇

𝑄𝐵3
̇

] + [1 0] [
𝑄𝐷1

̇

𝑄𝐷2
̇
] + [1 0] [

𝑄𝐿1
̇

𝑄𝐿2
̇
] (3.34) 

𝑆𝑦𝑠𝑡𝑒𝑚 𝑒𝑞 =  [0 0 1] [

𝑄𝐺1
̇

𝑄𝐺2
̇

𝑄𝐺3
̇

] + [1 0 0] [

𝑄𝐵1
̇

𝑄𝐵2
̇

𝑄𝐵3
̇

] + [1 0] [
𝑄𝐷1

̇

𝑄𝐷2
̇
] + [0 1] [

𝑄𝐿1
̇

𝑄𝐿2
̇
] (3.35) 

3.3  Summary 

The fundamentals behind two MLAs – SVM and Q-learning, have been explained in this chapter. 

The interaction of MLA outputs with the system equations of MPEI has been investigated and 

corresponding equations have been formulated. The method of determination of small signal state 

space model of the MPEI for corresponding outputs of the MLA has been formulated for SVM 

and Q-learning. An example scenario has been considered where weather is normal, time in non-

System eq. = [𝑔1 𝑔2 𝑔3] [

𝑄𝐺1
̇

𝑄𝐺2
̇

𝑄𝐺3
̇

] + [𝑏1 𝑏2 𝑏3] [

𝑄𝐵1
̇

𝑄𝐵2
̇

𝑄𝐵3
̇

] + [𝑑1 𝑑2] [
𝑄𝐷1

̇

𝑄𝐷2
̇
] + [𝑙1 𝑙2] [

𝑄𝐿1
̇

𝑄𝐿2
̇
] 
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peak hours, grid voltage is good, SOC self is low, and neighbor’s SOC is adequate. The response 

of the SVM is mode = 5 and response of Q-learning is a = 7, both results correspond to the same 

response from the MPEI and same state space model as presented by equation (3.14). Hence, power 

electronics modules and MLAs have been integrated and two algorithms have been used to 

determine the response of the MPEI for given scenario along with the stability analysis. The 

consistency of the results between the two considered MLAs confirms the effectiveness of the 

algorithms.  
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CHAPTER 4 

INTEGRATED SIMULATION OF THE COMPLETE SYSTEM  
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Fahimi 
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Richardson, Texas 75080-30211 

This chapter explains the simulation model built to test the feasibility and performance of the 

proposed MPEI with MLA based EMS. This step will also help to determine the challenges and 

problems likely to surface during experimental setup development and testing. The simulation has 

been performed in Matlab/Simulink. The individual power modules of the MPEI were first 

independently designed with the corresponding control algorithm. Once the independent stability 

and performance was verified the modules were put together to form the MPEI. The Machine 

Learning Interface (MLI) was then created in the Simulink that took different manually or software 

generated inputs and gave MPEI mode information as the output. The mode information from 

MLA was converted into commands for each module in MPEI using a script named mode detector. 

                                                 

1 This is an Author’s Original Manuscript of an article published by Institution of Engineering 
and Technology in IET smart grid on 26 Dec. 2018, available online at 10.1049/iet-
stg.2018.0043 
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A TCP/IP based communication block was included between the MLI and the mode detector to 

emulate the real scenario more accurately. The complete simulation includes all these sub-systems 

working in unison, shown in Figure 4.1. Each of the sub-systems of this multi-disciplinary 

simulation and the complete simulation results have been presented in this chapter. Some portions 

of this chapter has been published as a journal article in IET Smart Grid, cited as [64]. 

4.1 Power Electronics 

As explained in Chapter 2, the MPEI consists of 4 individual modules, each of these modules have 

been designed independently and tested for stability and performance. Once, verified, the modules 

were integrated to test the collective performance as MPEI. The simulation models and results for 

each module and complete MPEI are included in this section. 
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Fig.  4.1. Complete Simulation Model 

4.1.1 Grid Side Converter 

As described in Chapter 2, the Grid Side Converter (GSC) is a bidirectional converter which 

operates as a boost Power Factor Correction (PFC) rectifier when grid power is consumed and as 

an inverter with grid voltage based PLL when power is injected into the grid. The simulation model 

for the GSC is presented in Figure 4.2(a), where the rectifier and inverter enable command comes 

from the mode detector presented in Figure 4.1. Depending on the command signals, the control 

block for rectifier or inverter is chosen to perform the corresponding power conversion. 
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(a) 

(b) 

Fig.  4.2.(a) Simulation model of GSC, (b) Simulation results of GSC 

The results of GSC’s independent simulation are presented in Figure 4.2(b). Figure 4.2(b) includes 

grid voltage, grid current, and voltage at the GSC terminals connected to the grid before the RL 
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filter and the grid capacitor. The GSC functionality of switched from rectification for power 

injection at 0.3 seconds, the grid current changes the phase 180 degrees and peak current amplitude 

from 4A to 2A as dictated by the controller. The GSC is turned off at 0.7 seconds but the grid 

power is still available, so as the DC bus voltage drops below peak sinusoidal grid voltage, diode 

rectification starts. The GSC is turned back on at 0.9 seconds. Hence, all the possible states of GSC 

has been tested. The circuit parameters and controller gains have been listed in Chapter 2, the only 

parameter that is different from those mentioned in Chapter 2 is the DC bus voltage. Vdc considered 

for simulation and experimental results is 190 V not 300 V, the theoretical analysis was performed 

with 300 V to ensure the compatibility of MPEI with 220 V AC grid voltage if needed. 

4.1.2 Battery Interface 

The Battery Interface (BI) is also a bi-directional converter that behaves as a boost converter during 

discharge mode to allow power flow from battery towards the MPEI DC bus and acts as a buck 

converter during charge mode. The simulation model for the BI is presented in Figure 4.3(a), where 

the charge and discharge enable command comes from the mode detector presented in Figure 4.1. 

Depending on the command signals, the control block for buck and boost is chosen to perform the 

corresponding power conversion. 

The results of the BI’s independent simulation are presented in Figure 4.4(b). Figure 4.4(b) 

includes battery current, battery voltage, and the voltage at the BI terminals connected to the DC 

bus. The BI functionality of switched from discharge to charge at 0.2 second, the battery current 

changes polarity form around -2 A to 5 A indicating reversal of current flow as expected. Slight 

variation is seen in battery voltage from 51.94 V to 51.98 V, and the DC bus voltage stays constant 

at demanded 190 V. Hence, both the operational modes of the BI along with mode changing 
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transience has been tested. The simulation starts at the DC bus voltage of 180 V, as the initial 

charge of the DC bus capacitor was set at 180V to see the transience at the discharge mode. The 

battery model for Lithium-ion battery provided by Simulink has been used with nominal voltage 

of 48 V, capacity of 100 Ah, and initial State of Charge (SOC) of 80%. 

(a) 

(b) 

Fig.  4.3.(a) Simulation model of BI, (b) Simulation results of BI 
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4.1.3 DER converter 

The DER Converter (DERC) is a unidirectional converter that allows power flow from DER to the 

DC bus. The simulation model of DERC is presented in Figure 4.4. The DERC, as presented in 

Chapter 2, is identical to the boost mode of BI both in terms of controls and power conversion 

circuit. The passive components, input and output voltages, load impedance, circuit parameters, 

and controller gains for BI and DERC are the same. Hence, the behavior of the DERC can also be 

represented by 0-0.2 s of Figure 4.3(b). However, during combined operation with another source 

(grid or battery), the power sharing could not be controlled adequately while both the source 

converters operated in voltage or cascaded control mode. Since DER can be considered as the 

secondary power source, it was modified to operate in current control mode. The passive 

components and circuit parameters remain the same, the control scheme now has current loop only. 

The new controller gain values used are Kpi 30, Kii 100. 

The performance of the current controlled DERC is shown in Figure 4.4(b), the reference current 

in the beginning of the simulation is 5 A, which changes to 25 A at 0.1 s, then turned off at 0.25 s. 

The converter operates with acceptable stability and transience. 

(a)
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(b) 

Fig.  4.4.(a) Simulation model of DERC, (b) Simulation results of DERC 

4.1.4 Load Side Converter 

The Load Side Converter (LSC) is an inverter that provides power to the load. The LSC is an 

unidirectional converter but it has to be stable for a range of loads as the Non-Critical (NC) load 

can be connected and disconnected as commanded by the MLA. The simulation model of LSC 

and the critical and NC load connections are presented in Figure 4.5 (a) and (b) respectively. 

The results of the LSC’s independent simulation are presented in Figure 4.5(c). Figure 4.5(c) 

consists of total load current, load voltage, and NC load current. The NC load is disconnected at 

the beginning of the simulation and is connected in parallel to critical load using a relay at 0.2 s. 

This can be seen in total load current and NC load current waveforms, the voltage across the load 

experiences no noticeable disturbance during the change in load.  
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(a) 

 

 
(b) 

 

Fig.  4.5.(a) Simulaiton model of LSC, (b) Critcal and NC load connections, 

(c) Simulation results of LSC 
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4.1.5 Complete MPEI 

Upon verification of satisfactory performance of all the individual converters, the PE modules 

were integrated to share the common DC bus as shown in Figure 4.1. The mode detector was 

included in the model and manual response for each converter was created using if, elseif, else 

statements to test the performance of the entire MPEI in different modes and dynamics during 

mode changes. The modes that have been considered are the modes listed in Table 3.1 that were 

used to test the response of the SVM. The results are presents in Figure 4.6. 

As apparent from Figure 4.6, the performance of the MPEI is stable in all the considered modes.  

The transient behavior during mode transition can be detected by fluctuations in DC bus voltage 

and load voltage. As seen from load voltage and current waveforms, the end load sees very small 

distortions during the transitions. The only fluctuation visible in DC bus voltage is a dip to 84% 

of rated voltage for 0.075s at 0.3s during the change from mode 1 to 2. This can be explained by 

the simultaneous changes in source and load connected to the DC bus. In mode 1, battery acts as 

the load to the system and grid is the source, whereas, mode 2 changes battery to source and grid 

to load. Stability and acceptable transience during this extreme transition guarantees rigid 

performance of the system. The drop in DC bus and load voltage observed in mode 7 is due to the 

current limitation of 25A in DER converter.  

This concludes the development and analysis of simulation model of the MPEI.  
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Fig.  4.6. Simulation results for entire MPEI 

4.2 Communication Block 

To emulate the real application scenario as closely as possible, a communication block was 

introduced to the model. The communication is established using echoed TCP/IP signal where a 

local host port is assigned for communication, a packet is sent out and received using the same 

port for real but echoed response, the communication block is shown in Figure 4.7. Hence, the 

delays and faults associated with communication could be studied using this model. It is important 

to note that a robust communication system is one of the fundamental requirements of the proposed 

system. This research recognizes that communication faults can cause severe reliability issues and 

introduces a method to include communication as a part of complete system simulation but does 



80 

not study the effects of communication delays and failures in detail, this will be considered as a 

part of future study.   

Fig.  4.7. Echoed TCP/IP communication block 

A rudimentary analysis of communication delays on a multi-agent system has been performed to 

visualize the possible effects of delays in a distributed system. A communication model has been 

developed, as presented in Figure 4.8, the communication directed graph is shown in Figure 4.9. 

Each unit communicates only with its direct neighbor as suggested for DCC in [1.23]. The created 

model consists of a four MPEI units but only rectification capability is utilized for this portion due 

to simulation time. TCP/IP protocol has been utilized to transmit an enable data to local host using 

Big Endian byte order. This information is received with sampling rate of 300us to start 

rectification in each MPEI, as presented in Figure 4.8.  The sampling rate of TCP/IP receiving 

block determines the delay of the transmitted signal. However, the resultant communication delays 

are of variable magnitudes, and as reported in [65], the expected delay while using 802.11b 

wireless communication is a random amount between 3 and 17ms in real systems. At the same 

time, the simulation software allows usage of only one communication port per simulation, while 

the model consists of 4 agents. To address these problems, TCP/IP communication link was 

replicated using a variable delay generator with maximum and minimum limitations of 3 and 17ms 
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respectively. Since no other deviation (other than delays) were observed in communicated data, 

this model can successfully replicate the TCP/IP communication link assuming that there is no 

data drop or miscommunication.  

Fig.  4.8. Communication System 

Fig.  4.9. Communication Digraph 
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Fig.  4.10. Effects of delay in communication 

The simulation results are presented in Figure 4.10. Figure 4.10(a) shows the delay experienced 

by the primary TCP/IP communication link without delay generators. The random delays 

generated in MPEI 1,2,3, and 4 and their effects on the operation of rectifier electronics are shown 

in Figure 4.10(b) and (c). Figure 4.10 confirms that the communication delays cannot be ignored 

specially for distributed networks. Such communication models have been included in the 

complete simulation model design presented in following sections of this chapter. 

4.3 Machine Learning 

This section provides the details involved in integrating MLAs in the Simulink model that contains 

the PE and communication. The two sections, 4.3.1 and 4.3.2, explain the process of 

implementation of SVM and Q-learning respectively. The results are included in section 4.4. 
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4.3.1 Support Vector Machine (SVM) 

The SVM was implemented in Simulink to make live predictions simultaneously with PE 

simulations. However, the iteration time for the PE simulation is 1 μs and calling MLA every μs 

requires significant simulation time.  Hence, the SVM is called every 100 ms using a sawtooth 

signal. The SVM has been implemented through a Level-2 S-Function block available in Simulink 

library. The S-function block has been used to send the input features to the SVM, to call the SVM 

for classification, and to obtain the predicted results which are translated into operational 

commands by the mode detector. The S-function block and the corresponding ML timer blocks 

are shown in Figure 4.11(a) and (b) respectively. The code for the S-function block has been 

included in the appendix. 

The SVM has been trained using the Classifier app provided by Matlab. The training table 

presented in Table 3.1 has been used to create random training data set with 10000 examples. This 

training set is imported to the classification tool as shown in Figure 4.12 and is used to train the 

SVM classifier with gaussian kernel. The training data consists of six columns where columns 1 – 

5 are the input features: weather, time, grid voltage, self SOC, and neighbor SOC, respectively. 

The column 6 is the label, which serves as mode information for the PE. The Medium Gaussian 

SVM with kernel scale of 2.2 and One Vs All (OVA) multiclass classification technique has been 

utilized with 5 fold cross validation. The accuracy of the resultant classifier is 97.2%. The training 

time is 16.78 s, and the prediction speed is 14000 predictions/sec approximately. 
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(a) 

 

(b) 

Fig.  4.11.(a) Level-2 S-Function block used for MLA integration , (b) ML timer block 

 

Fig.  4.12. SVM training using Matlab Classification app 
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The confusion matrix for the trained SVM is shown in Figure 4.13, and the Receiver Operating 

Characteristics (ROCs) for mode 1-7 are presented in Figure 4.14(a) – (g). The confusion matrix 

reveals that the most dominant prediction error is the false prediction of mode 2 when the correct 

mode is 4. The total count for this prediction error is 141, which accounts for 55.5% of the total 

errors. This can be explained by looking at the distribution of labels corresponding to mode 2 and 

4 with respect to features 2 and 5 included as Figure 4.15(a). While most of the classification tasks 

for this application can be separated linearly, like modes 1 and 2 in Figure 4.15 (b), the decision 

boundary between modes 4 and 2 is non-linear. Hence, more errors are made during separation of 

these two modes. Moreover, considering the narrow band of time between 4pm and 7pm that 

results in mode 2, the data points at the margin are incorrectly classified as mode 2 instead of 4. 

This can be seen in Figure 4.15(c) where “o” and “x” are correct and incorrect predictions 

respectively. Figure 4.15(d) provides the distribution of labels corresponding to modes 4 and 5 

with respect to features 3 and 4. Although non-linear, this decision boundary is simpler than that 

required in Figure 4.15(c), therefore, less prediction errors are made. 

 

Fig.  4.13. Confusion Matrix for the trained SVM 



 

86 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

 

(f) 

 

(g) 

Fig.  4.14. ROC curves for SVM (a) Mode 1, (b) Mode 2, (c) Mode 3, (d) Mode 4, (e) Mode 5, 

(f) Mode 6, (g) Mode 7 
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(a) (b) 

(c) (d) 

Fig.  4.15. Distribution of labels with respect to different features (a) Mode 2 and 4, (b) Mode 1 

and 2, (c) Mode 2 and 4, (d) Mode 4 and 5 

After verification of an effective SVM classification tool, the trained model is exported to the 

workspace and saved as a .mat file that is referred to in the S-function code. The steps required to 

link the trained SVM to S-function block are also included in the appendix. 
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4.3.2 Q-learning 

Unlike SVM, the code for Q-learning algorithm has been self-written using Matlab. The complete 

code is included in the appendix. Using the Q-learning code eliminates the need of using the S-

function block and ML timing block. The Q-learning code generates the state depending on each 

of the features as discussed in Chapter 3, initializes the Simulink model with these states, generates 

the corresponding label (mode), runs the simulation, and retrieves the DC bus voltage, final SOC, 

and NC load voltage for reward calculation. After completion of a simulation, a new state is 

randomly generated, the mode is predicted, and the new simulation is started with these new 

parameters. The SVM is a static algorithm that is trained once, and the trained model is used to 

predict the results. The SVM can be tested in a single simulation by changing modes as shown in 

Figure 4.17 and 4.18. On the other hand, Q-learning is a reinforcement based iterative learning 

process that requires multiple iterations to learn, and never stops learning. Each simulation is hence 

considered an iteration and 2550 iterations have been performed to observe the training capability 

of the Q-learning algorithm. The training is complete when the Q-table is completely filled, 

therefore, the number of required training iterations depends on the dimension of Q-table. For the 

considered Q-table of size 32 x 24, at least 768 iterations are required assuming that there are no 

redundancies during random state selection. The number of training iterations used during 

simulation is 2550, due to requirement of such large number of iterations, the 15 out of 16 available 

cores of the workstation have been used in parallel using “parfor” command. The specification of 

the workstation is: processor speed – 2.4 Ghz, RAM – 64 GB, number of cores – 16. 

The grid voltage drop, when commanded, happens after 0.1 s of the simulation start time. This 

delay has been included to emulate the real application more accurately as we expect the MLA to 
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predict and prepare for outages before they occur. Section 4.4 presents the simulation results of 

the complete system using SVM and Q-learning. 

4.4 Complete System modelling 

After designing and testing of each of the sub-systems, the complete model is simulated together. 

First the state is generated either randomly or manually, the state forms the feature vector for MLA, 

and initializes the PE simulation parameters. The MLA takes the state and determines the mode 

which is communicated using the echoed TCP/IP block. The mode is then translated into 

operational commands by the mode detector, the PE modules receive the commands and perform 

corresponding power conversions to complete the functionality of the MPEI for that particular 

scenario. The results obtained using SVM and Q-learning are included in this section as 4.4.1 and 

4.4.2.  

4.4.1 Support Vector Machine 

The micro grid systems have varying specifications and functionalities which is highly dependent 

on geographical location. Hence, for product implementation, the MLAs for the units should be 

trained with local utility data and equipped with reinforcement learning. The definitions such as 

peak hours, voltage sag, etc. should be established based on the local data. For this study, the SVM 

has been trained using fabricated data where following considerations have been made: 

1. The peak hours considered is between 4pm-7pm, grid voltage below 110V rms is

considered as voltage sag, SOC below 60% is considered low. 

2. The location considered is a heavily populated residential area where it is not abnormal to

experience voltage sag during peak hours. 
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3. Voltage sags experienced during peak hours and normal weather conditions will be fixed

by grid fault mitigation. 

4. During severe weather, voltage sags are usually followed by outages.

5. During non-peak hours, it is unusual to experience voltage sags. And if they occur, the

cause is assumed to be some anomalous obstruction such as tress branches in transmission lines. 

These sags are usually followed by short outages that require utility repair work. 

6. The considered unit and neighbor both have critical load.

Moreover, the focus of this study is improvement of critical reliability. To achieve this, the ML 

system is trained with limited scenarios presented in Table 3.1 and tested for different conditions 

illustrated in Figure 4.16 and 4.17 for normal and severe weather.  

The results for normal weather are presented in Figure 4.16. The simulation starts at 2pm and each 

hour is represented by 0.3s of simulation time. As presented in the Figure, the system starts at an 

operating point which is perfectly normal, the battery SOC is full, so it discharges along with DER 

converter to provide power to the load and feed power back to the grid, following economic 

dispatching algorithm (economic dispatching is represented by active power injection). The first 

change in scenario occurs at 0.3s (3pm) where the grid voltage drops to below 110V rms. The 

SVM outputs mode 4 which considers assumption 5 to get the system ready for short outage by 

charging the battery and keeping SOC full. The grid converter changes functionality from inverting 

mode to rectification in order to provide power and maintain DC bus voltage. The grid voltage 

rises back to normal at 0.6s (4pm), however, the time priority has changed from normal to peak 

hour. Since the grid voltage has not dropped and the SOCs are full, the system operates at mode 3 

with economic dispatching. At the time mark of 0.9s (5pm), the grid voltage drops, since both 
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SOCs remain above 60%, the mode of operation changes mode 2 where storage and DER attempt 

to perform grid fault mitigation using droop control based algorithms, simulated as active power 

injection in this study. No change is seen at 0.9s because previous mode was already commanding 

active power injection through economic dispatching. However, it is to be noted that economic 

dispatching can command grid power injection or consumption. If the functionality was power 

consumption during the mode transition, the operational changes would have occurred. At 

simulation time of 1s (5:20pm) the SOC of the neighbor starts dropping below 60%, the system is 

designed to react by storing any power available from the grid and preparing for islanded mode 

operation in case of an outage. This was the preferred response considering assumption 6, and 

objective of the study. 

Fig.  4.16.  Response of MPEI with ML for normal weather 
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In absence of SVM based EMS system, droop controls alone would not have taken such corrective 

action, hence further depleting the SOC of neighboring battery unit. Eventually, leading to early 

power cut off, and life-threatening situations. At 1.2s (6pm), the SOC of the unit itself drops to 

below 60%. The system is trained to react by charging the storage with any power available from 

the grid and DER, no operational changes occur because the system was already performing the 

same function. An important observation is that, despite all the changes, the maximum voltage 

ripple and transience that DC bus experiences is 5.2%−
+  and there are no significant fluctuations 

in load voltage and current waveforms. Also, the system responds differently to same problem of 

grid voltage sag (mode 4 and mode 2), depending on the peak demand period to ensure reliable 

power to the consumer loads. 

Fig.  4.17.  Response of MPEI with ML for severe weather 
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The simulation for severe weather and grid outages is presented in Figure 4.17. As in the case of 

normal weather, this simulation starts at 2pm with every parameter being normal. However, since 

the weather is bad, the system behaves differently by preparing for outage and charging the battery. 

At simulation time of 0.3s (3pm), the outage occurs. The ML output changes to mode 6 which 

commands battery to provide power to the load, GSC to turn off, and Non-Critical (NC) load to 

disconnect in LSC. Disconnecting NC load can be a function of battery SOC rather than a hard 

turn off/on. Unlike mode 2 and droop controls, the system does not inject power into the grid while 

discharging the battery in mode 6 as it can lead to disastrous situations. The grid power comes 

back at 0.6s (4pm), the system goes back to mode 5 to charge the battery and NC loads are turned 

on. At 0.9s (5pm), the grid suffers an outage again, the system goes back to operating in mode 6. 

The SOC of the neighboring unit decreases to less than 60% at 5:20pm. The battery keeps 

discharging to maintain DC bus voltage, assuming that the neighboring unit is attempting to charge 

its battery. The NC loads are disconnected. At 1.2s (6pm), the SOC of the considered unit falls 

below 60% as well. Since the SOCs of both neighbor and self is low, the system reacts by 

continuing battery discharge to ensure continuous power to critical loads.  

The final scenario occurs at 1.3s where the neighbor SOC rises above 60%. The system operates 

at mode 7 where the unit attempts to draw the power from the DC link to charge the battery 

assuming that the neighboring unit can provide the compensating energy. But the neighboring unit 

is not connected in the simulation, resulting in DC bus voltage drop to 160V. Here, the DC link 

voltage is maintained by DER which has the current limitation of 25A, hence a voltage drop is 

experienced. The load experiences a voltage drop to 111Vrms (drop of 9Vrms) during this 

operational cycle, which is within acceptable range even in given inadequate setting. This 
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operation mode also considers a point where the GSC switches are turned off, but the grid is 

physically connected to MPEI ports. If the DC bus voltage drops below the grid voltage, the 

freewheeling diodes of the full bridge circuit form a diode rectifier to provide some power to the 

DC link, which can be utilized in favorable conditions. This phenomenon can be seen in Figure 

4.17. Aside from mode 7, the DC bus experiences maximum transient drop of around 10.5% during 

transition from mode 5 to 6 and ripple of less than 5%. The transience experienced during mode 

shift from 5 to 6 can be explained by simultaneous changes that occur in all the functioning 

converters in the MPEI system, hence making this transition the worst-case scenario. The 

acceptable performance of electronics during this transience ensure seamless and rigid operation 

of proposed system with SVM integrated MPEI. 

It is important to note that the SVM can be trained for significantly more scenarios with acceptable 

computational time. Also, SVMs can be trained for a single or a group of MPEI units. For multiple 

units, the output of the machine learning will be a matrix rather than a vector where each column 

refers to each unit. Implementation of single algorithm for a group of units will either require star 

type communication from the computation center to each unit or the number of units will be limited 

by the delays in distributed systems as described in section 4.2.  

This portion of the research has been published in IET smart grid, cited as [64]. 

4.4.2 Q-learning 

The Q-learning algorithm used in this study is a penalty based algorithm, hence the rewards 

generated are mostly negative quantities. If positive rewards are generated, they have very small 

magnitude. The training process described in section 3.3 and implementation described in section 

4.3.2 have been followed. The results of two Training Simulation processes, TS-1 and TS-2, are 
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presented in Figures 4.18 and 4.19 respectively. While the training processes, the reward values, 

and simulation times are identical for TS-1 and TS-2, the simulation time has been scaled in TS-2 

to amplify the effect of SOC and hence, make its effect in more visible, this is discussed in more 

details in following paragraphs. As discussed in section 4.3.2, the Q-learning algorithm has been 

written such that the state parameters are determined randomly, the Simulink model is initialized 

with these parameters, and the Simulink model is called from within the code. Hence, the complete 

system simulation is run from the Q-learning code rather than from Simulink model like in the 

case of SVM. The results of complete system simulations with Q-learning code are discussed in 

this section. 

Since, the PE Simulink model used for both Q-learning and SVM is the same, the stability and 

dynamics of the converters at different modes can be verified using the results for SVM, presented 

in Figures 4.16 and 4.17. The more important outcomes of Q-learning based simulations are the 

results at the end of iterations that confirm the learning capability and performance of the Q-

learning algorithm.  Fig. 4.18 (a), (b), and (c) show the total rewards, minimum DC bus voltages, 

and the SOC of the battery at the end of the iterations for TS-1. As mentioned in section 4.3.2, 

2550 iterations have been performed.  As seen from Figure 4.18 (a), the frequency of severely 

negative rewards, referred to as penalty from here on, decreases with increase of iterations. As 

iterations increase beyond 2000, there are no instances with the most severe penalty of -70, and 

instances with -40 penalty are rare. This implies that the system is taking correct actions more 

frequently for the randomly generated modes as iterations increase, in other words, the Q-table is 

being populated correctly. The effective learning of the Q-learning algorithm can also be verified 

by observing the minimum DC bus voltages for each iteration shown in Figure 4.18 (b). The 
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simulation has been carried out at the resolution of 1 μs for a duration of 0.3 s, the total number of 

simulation points is 300,000. To calculate the minimum DC bus voltage a moving average of the 

DC bus voltage values has been calculated for a window of 100 simulation points, and the 

minimum average value has been selected as the DC bus voltage value for reward generation.  The 

least possible value for DC bus voltage that can be obtained using the current simulation model is 

40V. From Figure 4.18(b), there are no iterations with DC bus voltage below 100 V after 2000 

iterations and drops below 160V are very rare.  

The final SOCs for all the interations are shown in Figure 4.18 (c), the initial SOC for TS-1 was 

chosen randomly but limited between 50% and 100%. Furthermore, the battery considered has the 

capaity of 100 Ah, the battery charge current is 5 A, and the simulaiton time is 0.3 s. Therefore, 

the effect that charging the battery has in the total SOC is an increase of around 0.00042%, which 

is undetectable. Hence, the final SOCs presented in Figure 4.18(c) are almost equal to the initially 

assigned SOCs. This has been corrected throough time scaling in TS-2. 

(a)
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(b) 

(c) 

Fig.  4.18. Results for TS-1 
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Fig.  4.19. Reward for final SOC of the battery 

As presented in section 3.3.2, the reward should be generated by considering a step function for 

DC bus voltage and a quadratic equation with lower limit for final SOC, presented in Figure 4.19. 

For TS-1 the objective was verification of the performance of the developed Q-learning code, 

therefore, threshold detection method was used for both DC bus voltage and final SOC for 

simplification. This is the cause of four distinct values for the cumulative reward presented in 

Figure 4.18(a). The SOC distribution has been corrected in TS-2. The threshold detection method 

penalizes an action with -40 points if the DC bus voltage falls below 170V, and with -28 points if 

the SOC falls below 65%. The resultant reward can hence have a values of -40 (when the DC bus 

voltage is low but SOC is over 65%), -28 (when SOC is low but DC bus voltage is above 170 V), 

0 (when both DC bus Voltage and SOC are above threshold values), and -68 (when both the values 

are below threshold). This can be seen in the reward distribution in Figure 4.18 (a). More 

importantly, the negative rewards start disaapearing as iterations increase. The -28 point penalty 

associated with final SOC cannot be completely eliminated because the charge and discahrge of 

the battery for 0.3 s has no significant impact on the battery SOC. Even if there was an impact, in 
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the situations where grid is off and the battery SOC is low, the Q-learning commands DC bus 

voltage regulation while sacrificing battery SOC resulting in -28 points. Such situations are not 

avoidalble and are integral part of this study. 

After the initial performance analysis of Q-learing algortihm in TS-1, the limitations related to 

SOC reward calculations were recognized and improved in TS-2. The inverse parabolic reward 

with lower limit was introduced as suggeseted in section 3.3.2, shown in Figure 4.19, and the effect 

of SOC was amplified such that 0.3 s of charging or discharging the battery could increase or 

decrease the SOC by up to 6%. The upper and lower limit of the SOC was set to 100% and 0%. 

The result of TS-2 are presented in Figures 4.20 (a) - (c). As obeserved from Figure 4.20 (a), the 

cumulative reward is no longer a step distribution between four values, it is rather continuous 

determined by the quadratic SOC reward curve. The step between -28 and -40 points is beacues of 

the lower limit of the inverse parabolic reward function of the final SOC. The DC bus voltage 

distribution is similar to Figure 4.18 (b), as the the reward assignment algorithm and threshold is 

kept the same. Finally, a signfincant change can now be noticed in the final SOC, a scaling factor 

has been introduced in the SOC such that the 0.3 s of simulation time is considered to be 1.2 hrs 

of real time (0.075 s simulation time = 1 hr real time). Resulting in SOC variation of up to 6%. 

The Battery Interface (BI) has only two options of charging or discharging (no turn off). The final 

SOC reward distribution has lower limit of -28 starting at 50% SOC, which imples that for the Q-

learning algorithm the penalty of maitaining the battery SOC at 50% is same as depleting it to 30% 

or lower. Hence, at 50% initial SOC, the Q-learning algorithm commands the NC load to stay on 

even though the battery SOC is low. In practical applications the discharge is turned off when SOC 

is dropped below certain level, such protection has not been implemented in the simulation. The 
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lack of such low SOC protection along with lower limit of the final SOC reward allows SOC to 

drop all the way to 0%. Respective corrections have been implemented during experimentation. 

More importantly, the objective of the simulations is to prove the integrated performance of the 

system and to display the effective learning capability of the MLA. This can be seen from  Figure 

4.20 (a) – (c). Towrds the the end of the training iterations, the DC bus voltage is maintained at a 

level higher than 170 V, and rewards are maximized under given constraints. The Q-table for the 

last 15 iterations of  TS-2 is presented as Table 4.1, each row of the table corresponds to an 

iteration. There are 24 different combinations of the converter operations as discussed in section 

3.3 and represented by columns 2-25 of the Q-table. The first column of the table displays the state 

that was randomly predicted in the respective iteration. Since, Table 4.1 shows the Q-table 

corresponding to the final 15 iterations, we can expect the algorithm to be completely trained, and 

we can expect all the preidcted actions to be optimal for the respective state. The first observation 

to validate this is that the Q-table is fully populated (there are no zeros), and the second obervation 

can be made by using Table 4.2. Table 4.2 presentes the randomly generated states and 

corresponding actions taken for the 15 iterations mentioned in Table 4.1. For a particular chosen 

state, the action listed in Table 4.2 should have the highest reward in the Q-table, Table 4.1. The 

first random state is 101, and as seen from Table 4.2, the predicted action is action 2. If we check 

the Q-table for the same state 101 (represented by the same row) the maximum value is -29.5 at 

column 2. Hence, the result of the argmax command is 2, suggesting that the action to be taken is 

2. This is true for the remaining of the predicted states as well. The highlighted cells in Table 4.1

represent the maximum rewards in Table 4.1. The column labels of the highlighted cells can be 



101 

matched with the action results in Table 4.2, thereby validating the learning capability and effective 

performance of the proposed Q-learning algorithm. 

4.5 Summary 

The simulation process for the proposed system is a multi-disciplinary simulation with four distinct 

sub-systems: Power Electronics, Controls, Communication, and Machine Learning. The sub 

systems have been modelled independently and analyzed for satisfactory behavior. Upon 

completion of individual sub-system designs, the models have been integrated to create the 

simulation of the proposed micro-grid with ML based EMS. The two MLAs explored are SVM 

and Q-learning, the MLAs share the same PE and communication models but require different 

methods of implementation. This chapter describes the design process of each independent sub-

system in sections 4.1 – 4.3 and explains the integration along with final results for SVM and Q-

learning in section 4.2. 

(a)
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(b) 

(c) 

Fig.  4.20. Results for TS-2 
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Table 4.1. Q-table generated in TS-2 

State\Action 1 2 3 4 5 6 7 8 9 10 11 12 

101 -29.7 -29.5 -29.7 -29.7 -29.7 -29.7 -29.8 -29.7 -69.4 -69.3 -69.6 -69.3

10001 -40.2 -40.0 -40.1 -40.0 -39.9 -39.8 -40.0 -39.9 -0.2 -0.2 -39.8 -39.8

1000 -29.8 -29.7 -29.8 -29.6 -29.8 -29.7 -29.8 -29.8 -69.3 -69.3 -69.4 -69.5

1100 -29.8 -29.7 -29.7 -29.7 -29.7 -29.7 -29.8 -29.7 -69.2 -69.5 -69.1 -69.6

111 -29.4 -29.5 -29.4 -29.4 -29.4 -29.4 -29.5 -29.4 -69.1 -69.3 -69.3 -69.4

10 -69.1 -69.2 -69.2 -69.2 -69.2 -69.0 -69.0 -69.3 -29.5 -29.5 -69.1 -69.0

11 -69.3 -69.4 -69.2 -69.4 -69.4 -69.4 -69.0 -69.0 -29.5 -29.0 -69.4 -69.4

11110 0.2 -0.2 -0.2 -0.2 -0.1 -0.2 -0.1 -0.1 -0.2 -39.9 -39.9 -39.8

101 -29.7 -29.5 -29.7 -29.7 -29.7 -29.7 -29.8 -29.7 -69.4 -69.3 -69.6 -69.3

1 -69.6 -69.1 -69.4 -69.6 -69.1 -69.4 -69.5 -69.6 -29.6 -29.6 -69.6 -69.3

100 -29.7 -29.3 -29.7 -29.6 -29.6 -29.6 -29.7 -29.7 -69.6 -69.4 -69.3 -69.4

10000 -39.8 -40.1 -40.2 -39.9 -40.1 -39.9 -39.9 -39.7 -0.2 -0.2 -39.9 -40.0

10001 -40.2 -40.0 -40.1 -40.0 -39.9 -39.8 -40.0 -39.9 -0.2 -0.2 -39.8 -39.8

1011 -29.4 -29.5 -29.4 -29.5 -29.1 -29.4 -29.5 -29.5 -29.6 -69.5 -69.2 -69.4

11101 -0.2 -0.2 -0.1 -0.1 -0.2 -0.1 -0.2 -0.1 -40.1 -40.1 -39.9 -40.0

State\Action 13 14 15 16 17 18 19 20 21 22 23 24 

101 -29.8 -29.7 -69.3 -69.4 -29.7 -29.6 -69.3 -69.2 -69.5 -69.7 -69.7 -69.5

10001 -0.2 -0.2 -40.0 -40.1 -0.2 -0.2 -39.8 -40.0 -0.2 -0.1 -39.7 -40.0

1000 -29.7 -29.6 -69.5 -69.4 -29.6 -29.5 -69.4 -69.6 -69.3 -69.2 -69.5 -69.5

1100 -29.8 -29.5 -69.5 -69.2 -29.6 -29.6 -69.5 -69.6 -69.5 -69.4 -69.5 -69.6

111 -29.5 -29.4 -69.3 -69.1 -29.4 -29.4 -69.0 -69.3 -69.0 -69.4 -69.2 -69.3

10 -29.5 -29.2 -69.3 -69.4 -29.5 -29.6 -69.0 -69.1 -69.5 -69.0 -69.2 -68.9

11 -29.5 -29.4 -69.2 -69.3 -29.4 -29.6 -69.3 -69.3 -69.2 -69.0 -69.4 -69.2

11110 -40.1 -39.7 -39.8 -40.2 -0.2 -0.2 -39.7 -40.0 -0.2 -0.2 -40.0 -40.0

101 -29.8 -29.7 -69.3 -69.4 -29.7 -29.6 -69.3 -69.2 -69.5 -69.7 -69.7 -69.5

1 -29.6 -29.7 -69.6 -69.3 -29.7 -29.6 -69.2 -69.4 -69.3 -69.3 -69.5 -69.5

100 -29.7 -29.7 -69.6 -69.3 -29.8 -29.7 -69.3 -69.6 -69.6 -69.2 -69.2 -69.5

10000 -0.2 -0.2 -39.9 -40.0 -0.2 0.0 -40.0 -39.9 -0.2 -0.2 -39.9 -39.9

10001 -0.2 -0.2 -40.0 -40.1 -0.2 -0.2 -39.8 -40.0 -0.2 -0.1 -39.7 -40.0

1011 -29.5 -29.5 -68.9 -69.3 -29.5 -29.5 -69.1 -69.2 -69.1 -69.3 -69.2 -69.3

11101 -39.9 -39.9 -39.9 -40.0 -0.2 -0.2 -39.8 -39.8 -0.1 -0.2 -39.7 -39.9
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Table 4.2. Action and states for last 15 iterations 

Actions State 

2 101 

22 10001 

18 1000 

14 1100 

4 111 

14 10 

10 11 

1 11110 

2 101 

10 1 

2 100 

18 10000 

22 10001 

5 1011 

4 11101 
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CHAPTER 5 

EXPERIMENTAL SETUP AND RESULTS 

This chapter explains the experimental setup development process, presents the experimental 

results, and provides discussion for the obtained results. The test bed development process includes 

power electronics development and testing, inclusion of wireless communication, and finally 

development and integration of MLA codes. The simulation process and results suggest that the 

reinforcement based dynamic learner, Q-learning algorithm, is more suitable for the presented 

application than static SVM. Hence, Q-learning has been utilized for experimental setup, and the 

term MLA from here on refers strictly to the Q-learning algorithm. After development and 

integration of all the Power Electronics (PE) modules, one complete micro-grid system is created 

by including the communication and MLA. The MLA is trained using the experimental setup. 

Upon completion of the training, a single unit is tested, and effectiveness of the EMS is verified. 

The second unit is then developed in the same manner. The combined performance of the system 

with two MPEIs has been tested and the results are presented here within. This chapter provides 

the details for each of the experimental test bed development steps along with test results that 

verify the effective performance of the MLA. Lastly, additional test results that support the claim 

of critical reliability improvement have also been presented and discussed. 

5.1 Power Electronics 

Following the Power Electronics (PE) simulations described in Chapter 4, the Printed Circuit 

Board (PCB) for the PE has been built. Section 2.1.1 includes the details related to the PCB. 

Similar to the simulation process described in Chapter 4, the Power Electronics (PE) has been 
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developed in a modular fashion where each of the modules are built and tested individually. 

Then the integration is performed one module at a time. The combination of two modules is 

tested first, necessary tweaks are made, and then the third module is introduced, and same 

process is followed. 

5.1.1 Schematic, PCB, and Components 

As mentioned in Chapter 3 and 4, the MPEI designed in this study consists of 4 different PE 

modules. The PCB includes the power part that consists of these converters, the controls part that 

consists of the sensors, the MCU, and the gate driver circuitry, and the communication part that 

contains of communication module and corresponding circuitry. 

Two different versions of the board have been built, version 1 does not include the J-tag connection 

for the MCU and does not include board mounted connection for the communication device. These 

improvements have been made in version 2 along with elimination of some unnecessary 

components. Both the board schematics and PCB layouts have been included in appendix. In 

addition to the main board, auxiliary voltage sensing modules and 15 to 5V converter chip have 

been designed with modular plug and play type PCBs. These have also been included in the 

appendix. 

The PCB layout for the version 1 of the MPEI is shown in Figure 5.1. The IGBT modules used are 

STGIPS30C60 – 30 A, 600 V Integrated Power Modules (IPMs). Each module consists of three 

legs targeted for 3 phase applications, two such modules have been used as shown in Figure 5.1. 

The MCU used is the TI manufactured TMS320F28335, the gate drivers utilize ACSL-6400 

optocouplers, the current sensor circuits use ACS723-20AB for 20 A AC current measurement,  

Mean well EPS-35 and SKM15 have been used to convert 120 VAC to 15 V and 15 V to isolated5 
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V respectively. The voltage sensor and 5 V non-isolated circuits are described in following 

paragraphs. 

 

Fig.  5.1. PCB layout for MPEI version 1 

The voltage sensor circuits are modular plug-in type PCBs that use fully differential isolation 

amplifier AMC1200 for voltage measurement. The voltage measurement board takes 5 VDC input 

and creates isolated voltage required by the differential amplifier using a transformer driver 

(SN6501), a transformer (Wurth Electronics 760390011), and rectifying diodes. One of the 

differential input ports of the AMC 1200 is tied to the ground since our voltage measurement signal 

is single ended. The output differential signal of AMC 1200 is converter to single ended signal 

Current Sensors 

Voltage Sensors 

Comm. 
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using LMV721 op-amp circuit. The schematic of the voltage measurement board is presented in 

Figure 5.2. The front, back of the PCB, and PCB layout are shown in Figure 5.3 (a), (b), and (c) 

respectively. For resistor values of R1 – R4 = 6.8 kΩ, R5 = 10 kΩ, R6 = 2.15 kΩ, and R7 = 2.7 

kΩ, the voltage measurement board scales the input voltage by 8 times. Moreover, when the input 

voltage is 0 V, the output is set to have a DC offset voltage of 1.5 V in order to be able to measure 

AC voltages. Considering the input voltage limit of the F28335 MCU’s ADC pin to be 3 V (3.3 V 

actual, 3V for safety), the maximum allowable change in output voltage is 1.5 V. This corresponds 

to the peak input voltage limit of 187.5 mV (1.5/8 V) for the designed voltage measurement board. 

Introducing some safety margin, the maximum input voltage is limited to 180 mV in this project. 

Hence, in order to measure the grid voltage (170 Vpk), 200 Vpk measurement capability is set as 

the requirement. A voltage divider circuit is created with resistances of 399 kΩ and 360 Ω, 200 V 

across the total resistance (399 kΩ + 360 Ω) results in 180.4 mV across the 360 Ω resistor, which 

is as the input signal for the grid voltage measurement board. Similar, voltage divisions have been 

performed for all other voltage measurements as well. 

Fig.  5.2. Schematic of the Voltage measurement board 
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(a) (b) (c) 

Fig.  5.3. Voltage sensor PCB (a) Front, (b) Back, (c) Layout 

The signal conditioning circuit for the current sensor ACS723-20AB, has been developed using 

the design notes presented in [66]. The signal conditioning circuit is presented in Figure 5.4. The 

value of Vshifted in Figure 5.4 can be calculated using equation (5.1) where the value of A and B 

depend on the resistances R1 – R4, as shown in equation (5.2). The Vcc for the current sensors is 

5 V. Since the current sensor is required to measure AC current, the Viout is required to be the mid-

point between Vcc and ground, 2.5 V, when the input current Iin = 0 A. At the same time, the 

maximum input voltage for the F28335 ADC pin is 3 V, hence Vshifted is required to be 1.5 V when 

Iin = 0. At the same time, the resolution of ACS723-20AB is 100 mV/A, i.e., 20 A of current will 

result in 2 V of change in Viout. Hence, when Iin is 20 A, Vshifted = 3 V, Viout = 4.5 V, and Vcc 

remains 5 V. Taking these two scenarios under consideration, two equations can be formulated to 

solve two unknowns A and B, as shown in equation (5.3). The value of A and B can be used to 

calculate the resistor values. The resistor values have been determined to be R1  = R3 = 100 kΩ, 

R2 = 43.33 kΩ, and R4 = 7.5 kΩ for measurement of 20 A peak AC current. 

Fig.  5.4. Signal conditioning circuit for current sensor ACS723-20AB [1] 
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𝑉𝑠ℎ𝑖𝑓𝑡𝑒𝑑 = 𝐴. 𝑉𝑜𝑢𝑡 − 𝐵.𝑉𝑐𝑐 (5.1) 

𝐴 = 
(𝑅4 + 𝑅1)𝑅3

(𝑅3 + 𝑅2)𝑅1
 , 𝐵 =  

𝑅4

𝑅1
(5.2) 

1.5 = 2.5𝐴 − 5𝐵 

3 = 4.5𝐴 − 5𝐵 

(5.3) 

Lastly, the MPEI version 2 has been developed with J-tag connection for the MCU, and the baord 

mounted connection for communication device. The control, sensor, and gate driver circuits for 

both versions are identical. The unused relays and components have been removed from the power 

circuits, but the working PE modules are identical in both versions. The PCB layout for MPEI V2 

is presented in Figure 5.5. The PCB layout details and schematics are included in the appendix. 

Fig.  5.5. PCB layout for MPEI version 2 
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5.1.2 Power Electronics test results 

After completion of gate driver, sensor circuit designs, and PCB layout, the PCBs have been 

printed, populated, and tested. The populated MPEI-V1 and V2 are presented in Figures 5.6 (a) 

and (b) respectively. As mentioned earlier, the PE modules have been tested independently, and 

have been integrated one module at a time followed by corresponding testing. This section 

discusses the test results in following paragraphs.   

 

(a) 
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(b) 

Fig.  5.6.(a) MPEI V1 board populated (b).  MPEI V2 board populated  

 

Fig.  5.7. GSC test results 

The Grid Side Converter (GSC) is limited to providing power to the DC bus through PFC rectifying 

circuit and turning off. The power injection functionality has not been considered as a part of this 

study, since the objective is to improve the critical reliability during outages and disasters and the 
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proposed MPEI systems utilize the shared DC bus during such contingencies.  The rectification 

using the designed PFC circuit is shown in Figure 5.7. The rise time of the DC bus voltage to reach 

(a) (b) 

(c) (d) 

Fig.  5.8. Response of BI and GSC (a) BI charge-discharge and GSC on-off, (b) BI discharge-

charge and GSC off-on, (c) Ibatt transient time, (d) Ibatt transient time and GSC PFC 

the steady state of 270 V is 109 ms. The PFC functionality can be seen from Figure 5.8 (d), the PF 

between the grid voltage and current is almost unity. Figure 5.8 also shows the integrated testing 

of GSC and Battery Interface (BI). Figure 5.8(a) and (b) show the stable performance of the system 

during simultaneous changes in BI and GSC. In Figure 5.8(a), the GSC turns off as indicated by 

Igrid and the battery current, Ibatt, changes from negative to positive. Negative Ibatt indicates flow of 

current towards the battery terminals (charge), and positive Ibatt indicates flow of current towards 
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the DC bus (discharge). Figure 5.8(c) and (d) show the respective transitions times. It is to be noted 

that soft start algorithms have been introduced to prevent the harsh switching between the charge 

and discharge modes of the BI. The transition time including soft start is 250 ms for change from 

charge to discharge and 40 ms for change from discharge to charge. The slower transition time 

during change from charge to discharge mode is due to the longer soft start time applied when the 

BI changed modes from buck (charge) to boost (discharge) converter.   

After confirming the combined operation of GSC and BI, solar was introduced to the system 

through DER converter (DERC). The DC bus voltage reference for tests performed in Figure 5.8 

was 250 V, this has been changed to 170 V to match the peak value of the single-phase AC grid 

voltage. Since the experiments have been conducted inside the laboratory, the solar panel have 

been substituted by battery banks. The voltages of the solar panel battery banks used in MPEI-V1 

and V2 are 24 V and 36 V, respectively. The tests in this section have been performed with 24V 

input voltage. The input voltage variation tests the capability of the DERC. The DERC has been 

programmed to operate in current control mode unless the grid is off and battery is not discharging, 

then the control scheme switches to cascaded voltage-current loop. The maximum limit of the 

outer voltage loop, which produces reference for the inner current loop, has been set to 5 A. With 

this limitation, solar DERC cannot maintain the DC bus voltage when the DC load (critical load) 

is connected, and battery is charging simultaneously. This can be verified by performing the power 

balance analysis. The maximum power that can be extracted from solar battery bank is 120 W (24 

V x 5 A). The critical load is 300 Ω and the DC bus voltage is 170 V, therefore the DC load power 

is 96.3 W. For this test, the battery charge current is set to 1 A, considering 50 V terminal voltage 

of the battery bank, the charging power is 50 W. The power consumed is 146.3 W which is greater 
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than input power of 120 W, which is not possible.  Hence, assuming that the battery charging 

power is constant, the theoretical DC bus voltage limit is 122.5 V in this scenario for a lossless 

system. 

The results of the test with solar DERC are presented in Figure 5.9 (a) – (f). Figure 5.9 (a) and (b) 

present the situation where the solar DERC is turned on while the GSC and BI are operating. In 

Figure 5.9 (a), the DERC starts injecting power when the battery is charging and GSC is operating 

as a PFC rectifier. As expected, the grid current decreases when DERC is turned on. In Figure 5.9 

(b), the solar is turned off while the GSC operates as a PFC, and battery is discharging. As a result, 

the grid input power increases in magnitude. More importantly, the system is stable when the solar 

DERC is turned on and off while other converters are operating. In Figure 5.9 (c) and (d), the GSC 

is turned on and off while other converters are operating. As seen from Figure 5.9 (c), the solar 

DERC is unable to maintain the DC bus voltage when grid power is not available and the battery 

is charging. In this scenario, DERC operates in cascaded voltage-current loop as described in 

previous paragraph. In Figure 5.9 (d), the battery discharge current decreases as the GSC starts 

providing power. The DC bus voltage references for BI and GSC have been set to different values 

for this test to observe the transition, this can also be noticed in Figure 5.9 (d). Furthermore, the 

increase in harmonic noise is apparent in both battery and solar current when the GSC turns on, 

hence, the PFC circuit can be concluded as the main source of noise in the MPEI circuit. Lastly, 

in Figure 5.9 (e) and (f), the functionality of the BI has been switched between charge and 

discharge while other converters are on. The soft start times have been varied for the BI from the 

previous tests presented in Figure 5.8, and the soft start time for the charge mode is significantly 

high as can be seen from Figure 5.9 (f), this can be corrected with minor changes in soft start code. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

 

(f) 

Fig.  5.9. Response of BI, GSC, and DERC (a) Solar off-on while GSC is on and BI is charging, 

(b) Solar off-on while GSC is on and BI is discharging, (c) GSC on-off while  BI is charging, 

and solar is on, (d) GSC off-on while BI discharging and solar on, (e) BI charge-discharge while 

GSC and solar are on, (f) BI discharge-charge while GSC and solar are on. 
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The purpose of these PE tests is to verify the stable performance of the MPEI while all the modules 

alter the power flow to the commonly shared DC bus and DC load. The stability of the three 

converters GSC, BI, and DERC can be concluded with test results resented in Figure 5.9. 

The last converter to be integrated is the Load Side Converter (LSC) that connect Non-Critical 

(NC) load to the DC bus and performs respective conversion. In Chapter 4, the simulation has 

considered the LSC to be a single-phase inverter. However, since the NC loads considered for the 

experiment are resistive not RL, DC-DC buck converters have been used for steady voltage and 

current signals and ease of power calculation. Figure 5.10 (a) – (f) prove the stable operation of 

MPEI with all four converters operating simultaneously and changing the operation modes during 

the iterations. Figure 5.10 (a) and (b) show the instances where the LSC is turned off while rest of 

the converters are on, battery is charging in Figure 5.10 (a) and discharging in Figure 5.10 (b). The 

solar DERC is turned on and off while rest of the converters are operating and battery is charging 

in Figure 5.10 (c). Similarly, the BI is turned off and on while charging in Figure 5.10 (d). Lastly, 

the stability of the MPEI while grid is turned on and off is tested while the BI is in charge and 

discharge mode, shown in Figures 5.10 (e) and (f). The drop in LSC current in Figure 5.10 (f) is 

due to the drop in DC bus voltage, solar alone cannot maintain the DC bus voltage when the GSC 

is off and battery is charging. 
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(a) (b) 

(c) (d) 

(e) (f) 

Fig.  5.10. Response of complete PE with GSC, BI, DERC and LSC, (a) LSC off-on while and 

BI is charging, (b) LSC off-on while and BI is discharging, (c) Solar on-off, (d) BI on-off, (e) 

GSC turned off while BI is discharging, (f) GSC turned off while BI is charging 
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(a) 

 

(b) 

Fig.  5.11.  Transience of the MPEI when the GSC is turned on 

Since the GSC is the converter with the highest power rating, the transience of the MPEI when the 

GSC is turned on is shown in Figures 5.11 (a) and (b). The BI is in charge mode for both, the load 

in on, solar is available in Figure 5.19 (a) but not available in Figure 5.11 (b). As seen from Figure 

5.11 (a), the transience of all the converters are acceptable when the GSC turns on, and a delay has 

been introduced in LSC to prevent transient spikes in the load. In Figure 5.11(b), the current 

demand for GSC is higher since the solar is not available. The higher harmonics can be noticed at 

the peak of the sinusoidal grid currents during transience, these sharp fluctuations are caused by 

the current protection which turns the IGBT switches off when respective threshold is breached. 

Also, prominent current flow from grid can be noticed in Figure 5.11 (b) even when the GSC is 

turned off. Although the GSC switches are turned off, the grid power is still available, and the 

modules are still connected to the grid terminals. This along with presence of freewheeling diodes 

enables diode rectification when the DC bus voltage is lower that the grid voltage magnitude, as 

shown in Figure 5.11 (b).  

The PE modules have hence been built, integrated and tested. The test results have been presented 

in this section. Figure 5.10 proves the stable performance of MPEI under the all possible variations. 
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During testing, the BI and the DERC experienced instability in some occasions. The main reason 

for instability was the soft start algorithm used in each of the converters. The soft start algorithms 

have been included along with current protection to prevent the sharp rise in current during 

transience. These algorithms limit the maximum current during transience along with assigning a 

lower reference value. Upon testing it was realized that the improperly assigned current limits 

forced the converters to enter the unstable zone. Hence, such limits in soft start algorithms for BI 

and DERC had to be tweaked to be able to avoid instability during all operational conditions. 

5.2 Communication 

Communication is one of vital parts of any EMS based micro-grid control systems. The 

communication failures, bad data, and attacks on communication systems can have fatal 

consequences in power distribution system. This study is critical and will require dedicated 

detailed research which is out of the scope of this project. However, establishing a communication 

system is essential to realize a micro-grid system with EMS. The communication protocol that has 

been considered in this study is Zigbee protocol. The Zigbee protocol is based on IEEE 802.15.4 

physical radio specifications and is ratified by the members of Zigbee Alliance [2]. The XBee S2C 

modules manufactured by DIGI International have been used which have range of up to 200 ft in 

indoor environment. The MPEI – V1 does not have the board mounted footprint for the Xbee, 

hence, Xbee has been connected externally using the development board. The Xbee is mounted on 

the PCB of MPEI -V2 as shown in Figure 5.12. The Xbee is connected to the server computer 

using development boards connected to the USB ports. 
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(a) 

 

(b) 

 Fig.  5.12.(a) Xbee connection in MPEI – V1, (b) Xbee connection in MPEI – V2 

The communication between the server and each of the two MPEIs starts with synchronization 

process. The Xbee modules use conventional serial communication commands. The MLA is 

written in Matlab which has some delay associated with opening the serial ports, hence it is 

important to synchronize the communication between the MPEIs and the server during 

initialization/startup process. The synchronization has been attained by creating a start command 

which is communicated from the MPEIs to the server. Once the serial ports have been opened, the 

Matlab displays a command to start the MPEIs. The MPEIs are started manually, and the MCUs 

send start command to the MLA. The MLA waits for the start command from both the MPEIs and 

proceeds only if it receives the start command from both the units. If not, the MLA does not enter 

the calculation loop and stops running the MLA. 

Once the synchronization has been attained the MLA loop starts, the randomly generated modes 

and the corresponding commands are sent from MLA to the MPEIs, and the parameters required 

for reward calculation are communicated from the MPEIs to the MLA. Occasional mis-
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communication and data drop was experienced during the communication. Three distinct steps 

have been taken to mitigate the effects of such communication faults. The first step ensures that 

the data communicated from MLA is correctly received by the MCU of each MPEI. This has been 

done through redundant confirmation, where the MCU receives a character sent by MLA, 

represented by ‘x’ in Figure 5.13. This character is temporarily stored as variable in the MCU, X1, 

and the variable is transmitted back to the MLA. The MLA code compares the data that it 

transmitted and received and continues only if they are identical. If not, the process is repeated. 

This has been shown using a flow chart in Figure 5.13.  

Fig.  5.13. Flow chart of communication verification 

The second technique used is targeted towards missing data or data drop. The flow chart shown in 

Figure 5.13 eliminates data drop as well. However, the process is redundant and requires 

communicating twice for same amount of data transfer, and hence, is appropriate only for 

occasionally sent critical data like mode and command information. For the regularly sent sampled 
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system data like DC bus voltage, NC load voltage and SOC of the battery, the data drop is mitigated 

by assigning the previous value to the current sample if the communication results in an empty 

cell. Assuming that the DC voltage value and SOC of the battery does not change significantly 

between the two samples, this method is effective way to address data drop.  

Finally, at the end of an iteration, the DC bus voltage, NC load voltage, and SOC information is 

pre-processed for reward calculation. The minimum value in DC bus voltage array and NC load 

voltage array are used as DC bus voltage and NC load voltage value respectively, and final SOC 

is calculated by adding the change in SOC to the initial SOC. During pre-processing, threshold is 

set for maximum and minimum for each of the values. If any of the value is beyond the threshold, 

the reward calculation and Q-table update is skipped to prevent false reward generation. The least 

possible DC bus voltage for each MPEI setup is 40 V and the max is 200 V, similarly, the upper 

and lower threshold for NC load voltage is 30 V and 0 V, for SOC is 100% and 0%. If the NC bus 

voltage array is populated with DC bus voltage value of 170 V, the upper threshold is breached, 

and reward generation and Q-table update is skipped.  

These preventive techniques have helped towards eliminating all the communication related 

problems experienced during the experiment. While these methods work satisfactorily for the 

given purpose of proving the applicability of MLAs for critical reliability improvement, these 

might not be the ideal solutions to communication problems. As mentioned previously, the effect 

of communication faults on reliability and corresponding solution will require more detailed study 

and is beyond the scope of this research. 
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5.3 Complete System with Q-learning 

After including the wireless communication described in section 5.2, the Q-learning algorithm is 

written, trained, and tested. The Q-learning algorithm used for experimental setup is a modification 

of the code developed during the simulation process described in Chapter 4. In Chapter 3 and 4, 

each of the input features are randomly generated and the state is the combination of these features. 

The state is converted into mode number for experimental testing and is a single integer rather than 

combinations of 1s and 0s with 5th order of magnitude. This simplifies communication process 

without compromising the accuracy of the algorithm. The mode is randomly generated at the 

beginning of each iteration. Furthermore, the weather, time, and grid voltage information are the 

input features for Q-learning algorithm presented in Chapter 4. When an outage occurs, the GSC 

and DERC respond to the scenario in a reactive manner by taking the most suitable action 

suggested by the Q-learning output. However, in lab environment, a grid outage and solar cycles 

need to be created. Hence, the GSC and DERC have been used to create the scenarios rather than 

to take corrective actions. This limits the range of the study, however, since the focus of the study 

is to improve the critical reliability using DC power sharing during contingencies, the grid power 

is not available and GSC is expected to stay off. Moreover, an optimal Q-learning algorithm will 

command the solar DERC to stay on at any instant the solar power is available and will charge the 

battery or turn the LSC on accordingly, following the action with highest reward. Hence, 

commanding the solar DERC on and off as a mode rather than action along with GSC is equivalent 

to considering the state of DER or solar to generate individual DERC command. This simplifies 

the Q-learning for each MPEI to a table with 4 modes as shown in Table 5.1. Considering the 3 

possible states of BI (charge, discharge, and off) and 2 states for LSC, the total number of possible 
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actions is 6, as shown in Table 5.1. Therefore, the Q-learning table has been reduced to 24 cells 

for a single MPEI unit. 

Table 5.1. Converter functions for Mode and Action 

Mode 1 2 3 4 

GSC On Off Off On 

DERC Off On Off On 

Action 1 2 3 4 5 6 

BI Charge Discharge Off 

LSC On Off On Off On Off 

The main challenge associated with implementing Q-learning is training data and/or process. The 

MLA in this study has been trained using the experimental test setup while connected to the power 

sources, and real power conversion failures/successes have been used to determine the 

corresponding rewards. This has been made possible without damaging the PE modules by 

following two design steps. The first is rigorous testing and tweaking, where the performance of 

the each of the converter has been tested under all possible scenario of operations before 

integrating the MLA. The undesirable behaviors, such as high transient current, have then been 

corrected iteratively. The second design step is implementation of strict protection. Each PE 

module has strict software protection that turns the corresponding switches off when the threshold 

is exceeded, and a second layer of global protection has also been include where violating the 

limits causes all the circuits to shut down. The first protection layer with lower severity has been 

implemented with safety factor of more than 2 in order to ensure the wellbeing of the PE modules 

and the power switches in all possible circumstances. 
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The Q-learning has been trained and tested for a single MPEI unit first. The simulation presented 

in Chapter 4 has been modified to represent the experimental setup with 1 unit, and comparisons 

between the simulation and experimental results have been made. The second MPEI unit has been 

introduced to the system. The MLA has been re-trained to accommodate the second MPEI, and 

the tests have been conducted. Finally, the Q-learning algorithm has been trained and tested at 

different initial SOC points for reliability analysis and to verify the improvement in critical 

reliability. This section discusses all the test results in following sections. 

5.3.1 System with a single MPEI 

The experimental results for the Q-learning training session are presented in Figure 5.14 (a) – (d). 

During each experimental iteration, the MLA initializes the MPEI with default modes and action 

commands, and a count variable is assigned. When the count exceeds certain threshold, named 

‘flip count’, the MLA generates random mode, Q-table is scanned, and action with maximum 

reward is chosen. The new mode and action values are then communicated to the MPEI and MLA 

starts recording the DC bus voltage, SOC, and NC load voltages. At the end of the count (‘break 

count’), the loop ends, and the minimum DC bus voltage, the final SOC, and the minimum load 

voltage values are obtained from the stored parameter arrays. The initial SOC has been fixed to 

65% for this experiment. Lastly, the MLA reward is calculated, and the Q-table is updated if the 

communication fault filtering criteria are satisfied. The iteration is then complete, and next 

iteration begins where the MLA starts by initializing the MPEI with the default mode and action 

commands. 

Figure 5.14 (a) – (d) show the minimum DC bus voltage, final SOC, minimum NC load voltage, 

and total rewards respectively. The reference DC bus voltage for GSC and BI have been set to 170 
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V and 160 V respectively, the difference in references has been maintained to observe the 

transience during operational changes. The critical load is connected directly to the DC bus and a 

DC bus voltage below 150 V is considered too low. Hence, the primary goal of the MLA is to 

maintain the DC bus voltage above 150 V. From Figure 5.14 (a), while the MLA starts by taking 

random actions that allows DC bus voltage below 150 V, the algorithm learns quickly, and no DC 

bus voltage drop is observed after 40th iteration.  

Maintaining optimal SOC is the objective with second highest priority of the MLA, the SOC 

reward is maximum at 80% and decreases quadratically as shown in Figure 4.19. The SOC reward 

values have been slightly varied in this portion of the research to amplify the effect of SOC in total 

reward calculation, shown in Figure 5.15. Following this SOC reward curve, the SOC of 50% 

corresponds to a penalty of -45. Since the SOC does not fall severely below 50% during the 

iteration period, the SOC reward accounts for approximately -45 points of the total reward. Figure 

5.14 (c) shows the change in final SOC with iterations. The final SOC values are randomly 

scattered when the iteration values are low, however, when as the iteration numbers increase, the 

final SOC values settle at two distinct values of approximately 50% and 75%. This can be justified 

by considering two functions of BI – charge and discharge. When the grid power is available, the 

battery charges with referenced input current. Since the all the iterations are approximately of the 

same length, the final SOC for all the iterations corresponding to BI charge mode is around 75%. 

Similarly, the final SOC for all iterations with BI in discharge mode is around 50%.  

Lastly, the final objective of the MLA with least priority is the NC load voltage. The LSC used in 

this part of experiment is a buck converter powering the resistive load of 30Ω. Although, the LSC 

output voltage is commanded to be 20 V, some discrepancies have been recorded in Figure 5.14 
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(c) due to sensor reading and communication irregularities. More importantly, as noticed from 

Figure 5.14 (c), the load voltage is maintained to a value over 20 V more consistently towards the 

end of training. It is also important to realize that keeping the NC load on is not always the best 

course of action to take, hence even after the training is complete, it is not unusual to observe some 

instances where NC load voltage drops below the threshold voltage. 

The total reward learned by the MLA is presented in Figure 5.14 (d). At the beginning of the 

training session, the MLA tries random actions and generates corresponding reward values. As 

iterations increase, Q-table is populated and the MLA starts choosing the actions with highest 

reward. This can be seen by the decreasing frequency of high penalties as the number of iterations 

increases. After 40th iteration, the severe penalties over -90 are eliminated, indicating that the 

actions that result in these high penalties are never chosen after the 40th iteration. Hence this 

confirms that the MLA is learning effectively. For verification of the sampled results in Figure 

5.14, the response of the MPEI has been recorded while using the trained MLA. The results are 

shown in Figure 5.16 (a) – (c) for modes 1 – 3 respectively, the DC bus voltage never falls below 

the threshold voltage of 150 V, thereby confirming the results of Figure 5.14 (a) – (f). 
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(d) 

 

(h) 

Fig.  5.14. Results of Q-learning (a) DC bus voltage – experimental results, (b) Final battery 

SOC – experimental results, (c) NC load voltage – experimental results, (d) Total rewards – 

experimental results, (e) DC bus voltage – simulation results, (f) Final battery SOC – simulation 

results, (c) NC load voltage – simulation results, (d) Total rewards – simulation results, 

 

 

Fig.  5.15. SOC reward curve 
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(a) Mode 1 

 

(b) Mode 2 

 

(c) Mode 3 

Fig.  5.16. MPEI response for different mode outputs 
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Furthermore, the simulation model presented in Chapter 4 has been modified to represent the 

experimental setup where the GSC and DERC generate the faults and are controlled by the mode 

command while BI and LSC respond through action command. The Q-table has been reduced to 

the 4 x 6 matrix from a 24 x 32 matrix presented in Chapter 4. This step has been performed to 

verify the accuracy of the simulation model. There are some differences between the simulation 

and experimental models, the most significant ones are difference in reference currents and 

voltages, and the converter type for LSC. The LSC is an inverter in the simulation while is a buck 

converter in the experiment. However, these differences do not affect the objective and the final 

results of the MLA. The simulation results have been presented as Figure 5.14 (e) – (h). The DC 

bus voltage presented in Figure 5.14 (e) can be compared to the experimental results presented in 

Figure 5.14 (a). At the first glance the pattern of the DC bus voltage value distribution for the 

simulation and the experiment match closely. The simulation takes higher number of iterations to 

learn because an exponentially decaying randomness factor (α) has been included in simulation 

which was later deemed unnecessary while using strictly negative rewards, hence has been 

removed from the experimental MLA. The voltage references are slightly different and the 

minimum possible voltage values are also different for the two models.  

The final SOC values for the simulation are shown in Figure 5.14 (f), this can be compared with 

experimentally obtained results in Figure 5.14 (b). The final SOC values of the trained model, 

represented by the samples towards the end of the training session, have two distinct values of 

around 50% and 75% for experimental results while there are three values for the simulation results 

approximately at 52%, 62%, and 75%. This can be explained by comparing the energy provided 

by the battery and DER/solar when the GSC is off. The comparison has been provided in Table 
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5.1. When the GSC is off, the power is provided by battery and DERC. In simulation model, when 

solar is available, battery only provides 16.67% of the total energy required. This results in SOC 

drop of around 2.2% forming the third distinct cluster at the SOC value 62%. On the other hand, 

during the experiment when the mode value is 2 (solar is available), battery still accounts for 

75.09% of the total energy, resulting in around 11% SOC drop. The resultant SOC drop in mode 

3 when solar is not available is 15%. The closeness of the final SOC values, 54% for mode 2 and 

50% for mode 3, along with communication noise makes it appear as if they make one cluster with 

larger margin of error, while they are the results of optimal actions at two different modes. The 

fluctuations of more than 4% can be noticed in Figure 5.14 (b).  

Table 5.2. Power distribution when  

  

Load Solar Battery 

Voltage Resistance Power Current Voltage  Power Power % power 

Simulation 120 10 1440 25 48 1200 240 16.67 

Experiment 170 300 96.33 1 24 24 72.33 75.09 

 

The distribution for simulated NC load voltage provided in Figure 5.14 (g) matches closely with 

that of experimental results provided in Figure 5.14 (c). The NC load voltage reference values and 

LSC types are different in simulation and experiment, however, this has no effect on the objective 

of the MLA. The communication disturbances are apparent in experimental results as NC load 

voltages appear to fluctuate when LSC is on. The MLA strives to keep LSC on more frequently as 

the number of iterations increases, this results in higher rewards for most modes when the initial 

battery SOC is 65%. 

Lastly, the total rewards for simulation and experimental results can be compared from Figures 

5.14 (d) and (h). The reward values are equal, and distribution is similar. The reward points 
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obtained from experiment are more scattered than those from simulation, this is the result of 

difference in SOC as discussed above, communication disturbances, and other anomalies. More 

importantly, the total reward decreases in magnitude as the number of iterations increases in both 

experiment and simulated results. This verifies the accuracy of the simulation model and hence 

validates the extensive simulation based analysis provided in Chapter 4. 

Table 5.3. Q-Table for Simulated and Experimental results 

Simulation 

State 
Action 

1 2 3 4 5 6 

10 (mode 1) -1.3735 -30.548 -11.925 -40.953 -11.482 -40.983 

1 (mode 2) -98.54 -127.79 -17.821 -141.49 -108.7 -137.76 

0 (mode 3) -98.503 -127.42 -33.844 -59.929 -108.76 -142.11 

11 (mode 4) -1.5197 -30.649 -11.627 -40.833 -11.518 -40.709 

       

Experiment 

Mode 
Action 

1 2 3 4 5 6 

1 -0.794 -30.694 -12.004 -40.815 -9.5388 -41.338 

2 -128.05 -124.39 -38.981 -167.48 -70.91 -134.89 

3 -130.97 -124.22 -51.357 -81.119 -141.19 -135.09 

4 -1.45 -29.993 -12.824 -41.046 -11.01 -39.465 

 

Furthermore, the simulated results can also be validated by comparing the final Q-table with the 

experimentally trained Q-table. These tables have been provided as Table 5.3. As highlighted in 

Table 5.3, the columns corresponding to the maximum values in each row are identical in 

simulated and experimentally obtained Q-table. Therefore, the actions determined by the MLA for 

each mode during simulation is identical to the actions determined in experiment. This firmly 

concludes the validity of the simulated model. Moreover, all the reward values for mode 1 and 4 

are almost identical in magnitude, and the difference in the reward values in mode 2 and 3 are due 
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to the difference in LSC power consumption and ratio of power provided by DER and battery 

when the gird is off, as discussed in previous paragraphs. 

5.3.2 System with 2 MPEI units 

After confirming the effective implementation of Q-learning in a single MPEI system, and 

verifying the simulated model, the second MPEI was introduced to the system. The second MPEI 

is the MPEI – V2 which has board mounted communication device. An independent transceiver 

module and separate serial communication port was assigned for each MPEI on the server side. 

The complete test setup and the two MPEI units are shown in Figure 5.17 (a) and (b).  The two 

MPEIs share a common DC bus, the Critical load represented by 3 in Figure 5.17 (a) is 300 Ω and 

is connected directly to the DC bus. The solar panels for MPEI 2 have been emulated by using 

battery bank represented by 8 in Figure 5.17 (a), and has terminal voltage of 36 V. The NC load 2 

is 25 Ω, labelled as 4 in Figure 5.17 (a).  

The MLA needs to be modified to accommodate the second MPEI unit. With addition of second 

unit, the number of PE modules has been doubled. Considering that the MPEIs are direct 

neighbors, the grid is shared and both the units experience identical contingencies simultaneously. 

The outages are created by turning the GSC off as described in section 5.3.1. Also, considering the 

time as the factor that determines the availability of solar power, both DERCs can use same mode 

signal for turn on and off. Hence, the number of modes can be kept constant at 4 while sharing the 

same mode information with both the MPEIs. Considering the 3 possible states of each BI and 2 

possible states of each LSCs, there are 36 total combinations for actions. The problem can be 

further simplified by considering that the both NC loads have equal priority and will be turned on 

and off simultaneously. Hence, number of actions can be reduced to 18 and Q-table will have the 
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dimensions of 4 x 18. The initial SOC for MPEI 1 is 65% and the initial SOC for MPEI 2 is fixed 

at 32%. The training and testing procedure has been carried out in the manner explained in section 

5.3.1. The results are presented and discussed in this section. 

 

 

1 MPEI 1 

2 MPEI 2 

3 Critical Load 

4 NC Load 1 

5 NC Load 2 

6 DER 1 

7 Breakers - DER+Batt+Grid 

8 DER 2 

9 Battery Bank 2 

10 Server 

11 Oscilloscope 1 

12 Oscilloscope 2 
 

(a) 

 

(b) 

Fig.  5.17.(a) Complete test setup for system with 2 MPEI units, (b) MPEI 1 and MPEI 2 
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The results of the training session are provided in Figure 5.18 (a) – (e). It is clear from the 

distribution of rewards and DC bus voltage that the Q-learning algorithm is working and learning 

effectively. The initial SOC of MPEI 1 is 65% and similar to the scenario with single MPEI unit, 

the battery charges or discharges resulting three distinct final SOC values at around 70%, 60%, 

and 55% SOC. The initial SOC for MPEI 2 is set to 32%, minor reduction of SOC at this point 

causes severe reduction in reward as seen from Figure 5.15. Therefore, once trained, the MLA 

either charges the battery or turns the BI off to prevent the SOC from falling further. Lastly, the 

NC load for both MPEIs have identical response for all the possible action commands, hence only 

one of the NC load voltage values has been included. As seen, the trained algorithm keeps the NC 

load on in all scenarios in this test as this results in maximum rewards. 

Furthermore, the Q-table for the test with 2 MPEIs with 4 modes and 18 actions has been included 

as Table 5.4. The actions with highest rewards for each mode have been indicated by red fonts. 

Lastly, a separate test has been conducted for the accuracy of the MLA. For this test, random 

modes have been generated and corresponding actions from Q-table have been selected without 

updating the rewards, for testing purposes. The results are presented in Figure 5.19. Figure 5.19 

has been recorded with time resolution of 10 secs/divison, hence, presents the 5 mode changes that 

occur in 100 secs. Although some transient fluctuations and reference value drifts are present, the 

DC bus voltage never drops below 150 V, as expected from the trained Q-learning algorithm. 



 

138 

 

(a) Reward 

 

(b) DC bus voltage 

 

(c) Final SOC of MPEI 1 

 

(d) Final SOC of MPEI 2 

 

(e) NC load voltage of MPEI 1 

Fig.  5.18. Results of training Q-learning for a system with 2 MPEIs 
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Table 5.4. Q-table for system with 2 units 

MD/BC 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 Grid Solar 

1 -56.6 -84.0 -61.6 -90.7 -59.3 -88.2 -57.6
-

86.6 
-

64.6 
-

93.6 
-

62.0 
-

91.2 -56.8 -86.0 -63.7 -92.7 -61.3 -90.3 On Off 

2 
-

149.0 
-

178.2 
-

155.9 
-

185.0 
-

155.7 
-

185.0 
-

160.2 
-

89.9 
-

67.7 
-

93.6 
-

68.8 
-

93.6 
-

151.4 
-

180.6 
-

158.3 
-

187.2 
-

158.4 
-

187.5 Off On 

3 
-

151.5 
-

180.6 
-

158.4 
-

187.4 
-

158.4 
-

187.3 
-

158.9 
-

93.5 
-

74.5 
-

96.7 
-

72.2 
-

96.7 
-

151.7 
-

180.6 
-

158.3 
-

187.4 
-

158.4 
-

187.5 Off Off 

4 -56.0 -83.9 -61.7 -87.8 -58.7 -88.5 -57.5
-

86.7 
-

64.6 
-

91.1 
-

62.0 
-

91.1 -56.7 -85.9 -63.6 -92.7 -61.3 -90.4 On On 

Batt 1 Charge Discharge Off 

Batt 2 Chrg Chrg Dis Dis Off Off Chrg Chrg Dis Dis Off Off Chrg Chrg Dis Dis Off Off 

Nc 
load On Off On Off On Off On Off On Off On Off On Off On Off On Off 

Table 5.5 Q-table for reliability analysis 

MD/BC 1 2 3 4 5 6 7 8 9 10 11 12 Solar SOC 

1 -161.8 -162.08 -162.19 -162.06 -218.05 -225.21 -224.93 -231.62 -190.76 -199.99 -197.77 -206.38 On 35 

2 -215.18 -215.25 -215.31 -215.34 -231.76 -231.77 -231.69 -231.91 -210.83 -213.14 -213.28 -213.1 Off 35 

3 -116.5 -116.4 -116.62 -116.38 -89.81 -86.38 -84.73 -84.518 -124.76 -132.97 -131.67 -139.61 On 55 

4 -144.75 -144.76 -144.69 -144.53 -201.9 -208.78 -208.46 -113.22 -143.35 -143.33 -143.47 -143.16 Off 55 

5 -114.71 -114.4 -114.71 -114.59 -26.27 -28.19 -25.86 -27.41 -97.707 -104.54 -104.69 -111.62 On 75 

6 -112.61 -112.58 -112.56 -112.69 -46.66 -44.88 -44.82 -43.83 -112.21 -112.2 -111.9 -112.49 Off 75 

7 -151.42 -154.27 -151.18 -151.19 -0.54 -6.99 -6.89 -13.971 -109.31 -115.38 -116.32 -122.26 On 95 

8 -119.47 -120.17 -119.48 -119.43 -5.47 -9.75 -9.07 -14.476 -120.75 -119.9 -120.62 -120.76 Off 95 

Battery Charge Discharge Off 

NC ld1 On On Off Off On On Off Off On On Off Off 53W 

NC ld 2 On Off On Off On Off On Off On Off On Off 25W 
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Fig.  5.19. Results test MLA for system with 2 MPEIs 

5.4 Reliability Analysis 

As mentioned in Chapter 1, the measurement of reliability can be made in terms of frequency of 

outage, duration of outage, and amount of energy not provided. Since both the experimental and 

simulation results are analyzed over one failure scenario, the frequency related metric becomes 

irrelevant. The system reliability and improvement have hence been measured in terms of duration 

and expected energy not provided to the critical load, equivalent to SAIDI and EENS respectively.  

The system would behave as dictated by cost optimization model in normal scenario (which is not 

a part of this study). It is when the contingencies occur, that the proposed method attempts to 

maximize the power availability to the critical loads. Hence, island mode operation has been 

considered for the reliability analysis. 

The experimental results provided in earlier sections assume fixed initial SOC for both the 

batteries, however, reliability analysis requires a system with variable initial SOC. To avoid long 

training time, a new Q-table has been created just for the island mode. Furthermore, the combined 

SOC of both the batteries is considered as system SOC rather than considering the SOCs 
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individually. Since the two batteries and the non-critical load share a common DC bus, considering 

total amount of energy stored rather than individual SOCs does not compromise the integrity of 

calculation method. Both the batteries also share the common functionality of charge, discharge, 

or off during training and testing for reliability, unless the SOC of one of the batteries falls below 

31%, in which case, the corresponding converter turns off. The DER or solar is used to charge the 

batteries and to provide supporting current, the solar converters alone cannot maintain the DC bus 

voltage and cannot provide enough power for loads.  Lastly, four possible values chosen for initial 

SOC are 35%, 55%, 75% and 95%. The ideal/final algorithm should include finer discretization, 

however, since the objective of this part of the study is to prove the improvement of critical 

reliability using proposed EMS, the four initial SOC values are enough and allow for smaller 

number of training iterations.  

The Q-table obtained after the training run in the islanded mode is shown in Table 5.5 below. The 

rows are the possible modes of operation (state), the columns are the all possible combinations of 

battery and load command (action). The cells filled with gray are the qualitative interpretation of 

the numerical modes and battery commands, and the cells filled with blue represent the expected 

zone of operation. The numbers in red fonts are the maximum value of the respective row and 

burnt orange fonts represent the close second that the reinforcement learning algorithm might drift 

into.  

The first observation is that all the maximum values lie within the expected zone of operation 

except for modes 1 and 2. This is because the battery SOC falls below 31% in the middle of 

operation and battery converter shuts down resulting power loss to all the loads and highly negative 

reward. The blue filled cells in mode two actually represent the scenarios with highest penalty as 
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all the voltages drop below thresholds and the SOC of the battery is lowest possible as well. For 

rest of the operating modes, the maximum rewards lie in the expected zone of operation. The 

important observation comes from the location of the maximum values for each of the modes. 

When the initial SOC of the system is 55%, the mode of operation is 3 or 4 depending on the 

availability of solar. For these scenarios, the Q-learning algorithm decides to turn both the NC 

loads off by selecting action 8. For SOC of 75% the EMS turns either one or both the NC loads 

off, and finally for SOC of 95% the EMS keeps both the NC loads on. Hence, lower the initial 

SOC, lower number of NC loads are on. This makes logical sense, in island mode operation we 

are discharging the batteries and lower initial SOC leads to lower final SOC which is not desirable. 

This is mathematically attained by using the negative parabolic SOC reward function presented in 

Chapter 4 and Figure 5.15. The final observation of interest is selection of action 7 and 8 for modes 

5 and 6 respectively. While the initial SOC for both the modes is 75%, the availability of solar 

power results in mode 5 and lack of it results in mode 6. In mode 5, the solar power reduces the 

amount of energy discharged from the batteries resulting in higher final SOC compared to mode 6 

when identical loads are used. The penalty of not turning the NC load on is greater than penalty 

caused by spending the energy in mode 5. However, since all the required energy comes from the 

battery bank in mode 6, higher amount of stored energy is spent for the same amount of load, and 

corresponding penalty is larger than penalty associated with not powering the NC loads. 

The observations made in previous paragraph is the feature of the proposed Q-learning based EMS 

that improves the critical reliability. This can be seen from the experimental result and extension 

of the experimental result presented in Figure 5.20 and 5.21 respectively. The critical load used in 

the experimental setup consumes 128 W of power while NC load 1 and 2 consume 53.3 W and 25 
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W respectively. It is assumed that the total combined capacity of the energy storage units is 2000 

Whrs. The grey dotted line represents the grid without any micro-grids, the dashed orange line 

represents the conventional micro-grid with no load curtailing, and the solid blue line represents 

the microgrid with the proposed EMS. When the outage occurs at t = t0 (2nd hour), the power to 

the critical load is immediately cut off when no micro-grids are present, as shown by the grey 

dotted lines in Figure 5.19. When conventional micro-grids with no load curtailing is used, all the 

loads of the system remain on till t3, after this point the entire system experiences power outage 

including critical loads. When the proposed Q-learning based EMS is used, assuming that the 

system SOC starts at 95%, all the loads of the system are kept on till time t1 (hour 3.5). Since SOC 

is 95%, the modes of operation correspond to modes 7 and 8 of the Q-table and action 5 is followed 

where all the loads are kept on. At time t1, the SOC drops to 75%, the new initial SOC is updated 

to 75%. The modes of operation then switches to 5 (assuming no solar is available) which turns 

the NC load 1 off. Similarly, at t2 (hour 6), the SOC drops to 55% and the NC load 2 is turned off 

as well extending the operation of critical load till t4 (hour 10), where the SOC drops to 31% and 

the converter is shut down. In Figure 5.20, the time label is in hours, the outage occurs at the 2nd 

hour and conventional micro-grid sustains the loads till hour 8. The available energy is divided by 

the Q-learning EMS in such a way that critical load is kept on till the 10th hour. Assuming that the 

grid power comes back at t5, the 20th hour, the proposed system reduces the critical load outage 

by 8 hours compared to the traditional grid, and by 2 hours compared to the conventional micro-

grid system with no load curtailing.  

It is important to note that the load values that have been used in this experiment deviate from 

what is expected in real scenarios. The critical load value of 128 W is 2.4 times larger than NC 
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load 1 and 5.12 times larger than NC load 2. Since the application is targeted for residential 

locations, most of the household loads can be categorized as NC loads. Hence, the experimental 

results have been extended to represent a more realistic situation where critical load accounts for 

20% of the total load. The total load is kept constant at 208 W and the two NC loads are considered 

to be of identical values. The results of this analysis is presented in Figure 5.21. The transition 

times t2 and t4 have now been increased to 7th and 17th hour respectively. This decreases the total 

duration of outage to 3 hours, which is 75% percent improvement in critical reliability. 

Total duration of outage for conventional micro-grid, SAIDI (1 unit) = 12 

Total duration of outage for Q-learning based EMS, SAIDI (1 unit) = 10 

Percent improvement = 16.66% 

 

Fig.  5.20.  Experimental result for Duration of outage 

 

Total duration of outage for conventional micro-grid, SAIDI (1 unit) = 12 

Total duration of outage for Q-learning based EMS, SAIDI (1 unit) = 3 

Percent improvement = 75% 
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Fig.  5.21.  Extension of experimental result for real load ratio 

Hence the presented algorithm with rudimentary inclusion of 4 initial SOC parameters can result 

in significant improvement in critical reliability. The model has a significant room for 

improvement however, training iterations and time will also increase with finer discretization. 

5.5 Summary 

This chapter explains the experimental test bed development process. The PE design process has 

been described with circuit schematics and PCB layouts. The implementation of Zigbee 

communication and Q-learning have also been explained. The tests have been performed using 1 

MPEI unit, 2 MPEIs with fixed initial SOC and 2 MPEIs with variable SOCs. The results have 

been included and discussed in sections 5.3 and 5.4. The final results presented in section 5.4 meet 

the objective of the proposed study and prove that MLA based EMS can result in critical reliability 

improvement of up to 75% compared to micro-grid system without load curtailment. 

 The few limitations in PE are: 
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i. GSC does not include the power injection mode, only rectification and turn off modes 

have been included in this study. 

ii. BI has been programmed to charge or discharge the battery during reliability test, the turn 

off mode has been disabled to simplify the Q-table and reduce training time. 

iii. Some reference voltage drift is noticed in PE when the LSC and GSC are turned on-off, 

or the input GSC current is varied. 

iv. Soft start time has not been optimally tuned. 

v. The GSC is turned off using the IGBT modules, but the power is not cutoff, hence the 

diode rectification can be noticed even when the GSC is turned off. 

vi. The critical reliability improvement analysis has been performed using only 4 initial SOC 

points – 35%, 55%, 75% and 95%. Although, this proves the feasibility of the idea, the MLA 

should be trained with higher resolution of SOC before deployment. 
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CHAPTER 6 

CONCLUSION 

6.1 Summary 

The motivation behind this research work is to improve the ‘Critical Reliability’ of power 

distribution system. Chapter 1 formulates the problem and presents the intensity of the problem. 

The power related issues are one of the leading causes of both economic loss and loss of life during 

disastrous situations. The case study of hurricane Irma has been presented where 29 out of 75 total 

deaths are due to power related causes. Hence, such issues need to be addressed for future power 

distribution systems. The Energy Management Systems (EMSs) have been proposed for secondary 

control of micro-grid systems, however, most of the EMS are Model Predictive Controls (MPCs) 

based optimization tools. Such EMSs provide deterministic solutions based on the generated 

models. Since power distribution grid is a dynamic system and natural disasters are random in 

nature, such model-based tools can be inadequate [36]. Hence, Machine Learning (ML) based 

EMS have been suggested in this study. The Machine Learning Algorithms (MLAs) depend on 

trajectories created based on past interaction of the subject with the system, therefore are 

independent of deterministic models.  

The study involves design and development of Power Electronics (PE) modules that operate in 

synchronized manner to create micro-grid systems, development of MLA based EMS, integration 

of EMS with PE, experimental testing, and proving the improvement of critical reliability. The PE 

used is based on Multiport Power Electronics Interface (MPEI) that allows DC power sharing 

between different MPEI units. The fundamentals of MPEI along included in Chapter 2. The state 

space models for each PE module and the combined state space of the entire MPEI unit have been 
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generated and stability analysis has been performed. A MPEI unit is a collection of different PE 

modules that share a common DC bus, the MPEI considered in this research has 4 modules 

dedicated for grid, battery, solar and load. At any given instant, power to the DC bus is provided 

by certain sources while other converters are either turned off or controlled to provide power to 

the loads. The grid and battery can act as both source and load depending on the scenario. The 

stability analysis includes ensuring stability of the MPEI in all possible combinations of these 4 

converters. This has been performed and explained in Chapter 2.  

The MLAs that have been studied are Support Vector Machine (SVM), and Q-learning. SVM is a 

supervised learning method that is trained once, and the trained model is used for classification 

resulting in selection of modes. The mode information is then communicated to MPEI where it is 

translated to control algorithm selection command for each PE module. On the other hand, Q-

learning is a reinforcement based unsupervised learning technique which continuously keeps 

updating the reward value. Given the desired results as judgement criteria, the reward value 

measures the capability of the selected action to meet the criteria for given situation. The actions 

in this application are the independent functionality of each PE module in the MPEI (based on the 

chosen control algorithm), the combination of which dictates the overall function of the MPEI 

itself. The fundamentals of these MLAs have been described in Chapter 3. Furthermore, the state 

space model of the MPEI generated in Chapter 2 varies with the outcome of MLAs as they dictate 

the state of each converter. Therefore, the optimization scheme behind the selected MLA can be 

used in conjunction with state space model of each PE module to determine the final state space 

model of MPEI based on MLA output. The stability analysis can then be performed for the 



149 

complete system for the selected mode or MLA output. This process has also been explained in 

Chapter 3. 

The MPEI explained in Chapter 2 and MLAs explained in Chapter 3 have been used to design a 

simulation model of the system in Simulink. The simulation model contains MPEI power circuits, 

corresponding controls, communication, and MLA. The process of integration of MLA and the PE 

was investigated during this portion of the research. The SVM was trained using the classification 

learner tool provided by Matlab, and the trained model was used in simulation using Simulink S-

function blocks, the time delays were introduced accordingly. The Q-learning algorithm has been 

scripted manually in Matlab. The Q-learning code includes code snippets for initializing the 

parameters in the Simulink power circuit model, running the simulation, gathering the result data, 

generating and updating the rewards. The simulation model design, integration process, and results 

are included in Chapter 4. 

Realizing the superiority of continually updating reinforcement based Q-learning algorithm, this 

method was chosen as the MLA for the experimental setup. The design, development, and 

integration process for experimental testbed along with different tests and results have been 

included in Chapter 5. The experimental setup development process starts with design of one MPEI 

unit in a modular manner where each converter has been built and tested independently and then 

integrated one module at a time. After completion of one MPEI, necessary modifications have 

been made and version 2 has been built for the second MPEI unit. The system with 2 MPEI units 

has been tested for stable performance during all possible modes. The communication has been 

established between the MPEIs and the server, where MLA runs, using wireless Zigbee protocol 

and Xbee modules. The Q-learning script used for simulation has been modified to send and 
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receive information from the MPEIs using the Xbee modules. After successful integration of PE 

and MLA, a series of tests have been conducted. The first test has been conducted with a single 

MPEI unit to verify the performance of the developed system. The objective of this test was to 

ensure that the modes and action commands generated by MLA was communicated accurately and 

was being followed appropriately by the MPEI, and to verify that the trained algorithm was making 

decisions that met the desired criteria defined by reward generating algorithms. The Q-table has 

been modified to enable emulation of grid faults and solar availability using respective converters, 

and minor modifications have been made to the reward generation techniques used for simulation. 

The simulation and experimental results have been compared for experimental verification. Upon 

completion of tests with one unit, the second MPEI unit has been introduced and Q-table has been 

extended to include the second unit. The results have been presented in Chapter 5.  

Lastly, the initial SOC values have been varied for the battery banks to conduct a test for reliability 

analysis. This analysis proves that the designed system can result in critical reliability 

improvement by almost 75% using rudimentary discretized initial SOC values (only 4 points). The 

test procedures and results have been discussed in Chapter 5. This result meets the objective of the 

study, and the project has been concluded with future steps for improvement suggested in 

following section. 
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6.2 Future Steps 

Following steps have been suggested for improvement of the proposed system and to make the 

system implementable in real life scenarios. 

MPEI 

1. The designed MPEI has been tested in lower power scenarios only, 100s of watts. For the 

system to be implementable, the power needs to be scaled up to 10s of kWs. 

2. While the simulation models consider the capability of the GSC to inject power into the 

grid, the power injection is not a part of experimental testing as grid is disconnected during 

disastrous situation. However, for a complete micro-grid system with EMS, power 

injection function should be included in GSC. 

3. The converter used for LSCs are buck converters in current MPEIs, while this works good 

for proof of concept, the converters will have to be replaced by 120 V AC inverters in order 

to be implementable in the current residential environment. 

4. The designed MPEI can be improved by introducing filtering circuits for both signal traces 

and power connections. The DC bus voltage output experiences reference drift when the 

PFC and LSC are turned on and off. Such disturbances can probably be eliminated by 

careful signal trace and filter design. The AC line filters and reactors can be added in input 

and output sides for protection and to improve the corresponding power quality. 

5.  Some discrepancies exist between MPEI 1 and 2, such discrepancies should be studied 

and eliminated to ensure design precision 

6. The soft start algorithms have been implemented in each converter by lowering the 

reference current and current limitation. The current limitation values have been chosen 



 

152 

during the independent testing of the respective converter. During integrated operation with 

multiple converters, these soft start current limitations need to be re-tuned. While some 

effort has been made towards retuning the soft start algorithms, improvements are still 

required. 

Communication 

7. Communication – The communication system is an integral part of the proposed system. 

Currently, rudimentary wireless communication has been implemented in the experimental 

setup without considering the efficiency, cost and reliability of the communication system. 

The communication faults and malicious attacks can have detrimental impact on the 

reliability of the entire micro-grid system. While this topic is of significant importance, it 

requires a detailed research which is out of the scope of the current study, thereby included 

as future research topic. 

MLA 

8. While both SVM and Q-learning seem to work satisfactorily for the given application, there 

are several other MLAs that have capability of possibly providing better accuracy with 

higher computational accuracy. The objective of this study is to prove the possibility of 

improvising critical reliability using MLA based EMS, not selecting the best MLA for the 

application. This research needs to be performed as a topic of future study. 

9. The operation of MLA at the high switching frequency of PE, if feasible, will be 

extensively expensive. The secondary controls like EMS are conducted with minutes of 

time delay. Therefore, when sudden outage happens, the PE should engage emergency 
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mode operation until next command is received from the MLA. This will prevent the loads 

from suffering transitional outages. 

10. The Q-learning algorithm updates its rewards continually. While this is a significant 

advantage that can possibly assist with adaptive self learning capabilities, this can also 

cause problems during anomalies. For instance, the time feature dictates that the solar is 

available, and the Q-learning command the DERC to turn on and start sharing current. If 

the solar panel is not operating properly, this action will get penalized for the anomaly that 

was not detected. As a result this action will be categorized as unsuitable action for the 

mode. This fixes the problem temporarily while the solar panel is not functional. However, 

the reward needs to be reverted to initial value once the panel is fixed. Such functionality 

must be added to accommodate for anomalies. 

11. The reliability analysis has been performed using only 4 different initial SOC values. 

Although this variation was enough to prove the effectiveness of the proposed system to 

improve the critical reliability, the MLA should be trained with higher resolution of initial 

SOC before real implementation for better results. 

12. The MLA has been trained using the lab setup where the modes were randomly chosen. 

The Q-learning algorithm was allowed to make mistakes and learn from them while 

protection in the MPEI made sure that the power modules were not damaged. However, in 

real scenarios, the outages are very rare. This results is biased training data with high 

number of positive labels. Such data can cause problems for probabilistic classification 

tools like SVM as accuracy will be high even if the predicts a wrong label for one out of 

thousands of instants. Hence, it should a future task to obtain the real utility data and search 
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for algorithms based on real data rather than training the MLAs in lab environment. 

However, with algorithms such as Q-learning, there is a possibility of considering base 

training in test environment before deployment. The algorithm will then have an initial Q-

table where it chooses the base actions which eliminates the risk of severity during field 

training. Since the Q-learning is continually learning, the algorithm is expected to adapt to 

optimal operation for each mode by updating the rewards in the initially loaded Q-table.  

13. The scalability of the system should be carefully studied. When a new unit is added to an 

existing system of micro-grids, the integration should be seamless and existing members 

should be able to recognize the addition of the new member. The scalability of all involved 

sub-systems like power electronics, MLA, and communication should be studied as  apart 

of future study. 

14. The final and most important future step is to expand the objective of the MLA to create a 

wholesome EMS. The current study is limited to using the proposed EMS for critical 

reliability improvement. However, the EMS is expected to collectively control the 

functions of the micro-grid systems during all operating conditions. This includes demand 

response balance, economic dispatching, power quality maintenance, etc. Therefore, the 

objective of the MLA should be expanded to include these functionalities in order to create 

a wholesome EMS.  
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APPENDIX 

CODES, SCHEMATICS, LAYOUTS, AND COMPONENTS 

Link to the Matlab S-function, CCS, and Q-learning codes is attached below: 

https://github.com/lizonmzn/machine-learning 

https://github.com/lizonmzn/machine-learning
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Fig A.1(a). Top layer of the PCB MPEI v1 



 

157 

 

Fig. A.1(b). Bottom layer of the PCB MPEI v1 
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Fig. A.2(a). Schematic of MPEI v1 - Main 
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Fig. A.2(b). Schematic of MPEI v1 – DSP and gate driver circuits 
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Fig. A.2(c). Schematic of MPEI v1 – current sensors 
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Fig. A.2(d). Schematic of MPEI v1 – voltage conversion and regulators 
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Fig. A.2(e). Schematic of MPEI v1 – sensing circuits and outputs 
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Fig. A.2(f). Schematic of MPEI v1 – Relay drivers and temperature/humidity sensors 
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Table A.1. Bills of Materials for MPEI-V1 

Mainstage 

Comment Description Designator Footprint LibRef Quantity 

Quick_disconn 0197054303 

AC load, P_AC+, P_AC-, P_DCload+, 
P_DCload-, P_PV+, P_PV-, P_UCap+, 
P_Ucap-, P_Wind+, P_Wind-, PBtry+, 
PBtry- 

Molex_quick_disconnect
s 

Header 2, Header 2, 
Header 2, 
Quick_disconnect 
connector, 
Quick_disconnect 
connector, Header 2, 
Header 2, Header 2, 
Header 2, Header 2, 
Header 2, Header 2, 
Header 2 

13 

20A_725VDC btry fuse 1025HC20-R Battery fuse 
Fuse_20A72V_102HC20-
R 

Fuse 
20A_72VDC_1025HC20-R 

1 

Cap 

VJ1206Y104KXQCW1BC, 
VJ1206Y104KXQCW1BC, 
VJ1206Y104KXQCW1BC, 
VJ1206Y104KXQCW1BC, 
Capacitor, Capacitor, 
Capacitor, Capacitor, 
Capacitor, Capacitor, 
Capacitor, Capacitor 

C001, C002, C0021, C0022, CCS2, CCS4, 
CCS6, CCS8, CCS10, CCS12, CCS14, 
CCS16 

C1206 Cap 12 

Cap100p_Opto in VJ1206A101JXQCW1BC 
C1UG1, C1UG2, C1UG3, C1UG4, 
C1UG5, C1UG6, C2UG1, C2UG2, 
C2UG3, C2UG4, C2UG5, C2UG6 

C1206 Cap 12 

Cap1u_Opto bypass VJ1206Y105KXQTW1BC 
C3UG1, C3UG2, C3UG3, C3UG4, 
C3UG5, C3UG6, C4UG1, C4UG2, 
C4UG3, C4UG4, C4UG5, C4UG6 

C1206 Cap 12 

Cap Grid R46KN3470(1)N0(2) CAC1, CAC2 Fcap_AC Cap 2 

Relay_drv_Cap VJ1210V106MXJTW1BC CapDCL, CapRAC1, CapRB1, CapRB2 C1210 Cap 4 

DC Bus Cap UVY2G221MRD CB1, CB2, CB3, CB4, CB5 EleCap_220u_DCbus Cap2 5 

Cap Batt ECA1HM471(50) CBtry EleCap_470u_50V Cap2 1 

Cap Batt ECA1HM471(50) CBtry2 Fcap10u_Btry Cap 1 
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Cap CS Vcc VJ1206Y104KXQCW1BC 
CCS1, CCS3, CCS5, CCS7, CCS9, CCS11, 
CCS13, CCS15 

C1206 Cap 8 

Cap10u_gatesignal LDO VJ1206V106ZXQTW1BC CGP3, CGP4, CGP6 C1206 Cap 3 

Cap10u_gatesignal LDO Capisolated CGP5 1812 Cap 1 

Cap_Extra CapacitorIsolated_10uF Cps10, Cps12, Cps14, Cps16 1812 Cap 4 

Cap_5VLDO GRM31CR71A106KA01L 
Cps11, Cps13, Cps15, Cps17, Cps22, 
Cps23, Cps24, Cps25 

C1206 Cap 8 

Cap_5V PS UVZ1E102MPD Cps18, Cps19 Cap_5Vps Cap_5Vps 2 

Cap_5VPS_output UVZ1E102MPD Cps20, Cps21 Cap_5Vps Cap_5Vps 2 

Cap PV ECA1HM471(50) CPV EleCap_470u_50V Cap2 1 

IGBT Btsrp Cap2 1206YC474K4T2A CQ1, CQ2, CQ3, CQ4, CQ5, CQ6 C1206 Cap 6 

IGBT Btsrp Cap C4532X5R1C336M250KA 
CQQ1, CQQ2, CQQ3, CQQ4, CQQ5, 
CQQ6 

1812 Cap 6 

Cap UCap ECA1HM471(50) CUcap EleCap_470u_50V Cap2 1 

Cap Wind ECA1HM471(50) CWind EleCap_470u_50V Cap2 1 

Cap_12-48V PS DCload 
nichicon_RNS1C101MDN1K
X 

C_VDD12 DCload PS cap C_VDD12 1 

fuseblock lf 451series 0154003.DR DCload Fuse Fuse 3A, 48V Fuse_3A, 48V 1 

TVSDiode_relay SD12C-01FTG DRAC1, DRB1, DRB2, DRDCL TVSdiode TVSDiode 4 

Grid fuse leads littlefuse_01020074 F1 Fuse leads, 001020071 Fuse Leads, 01020074 1 

Inrush_limiter SL15 1R010 F2 Inrush_limiter Inrush_limiter 1 

DC load fuse block little fuse 0154003.DR F4 Fuse 3A, 48V Fuse_3A, 48V 1 

Inductor Inductor1 L1, L2, L3, L4, L5 L1_Inductor Inductor 5 

Header 22X2 M20-9722246 PC1 header22x2 Header 22X2 1 

Header 10X2 M20-9721046 PC2 HDR2X10 Header 10X2 1 

DIM100 connector 
F28335 

TE 5390213-1 PDSP 28335CCPin 28335controlCardPin 1 

Switch_relaydriver BCP68T1G QRAC1, QRB1, QRB2, QRDCL BCP68T1G Transistor 4 

Res500_Opto in ERJ-8ENF4990V 
R1UG1, R1UG2, R1UG3, R1UG4, 
R1UG5, R1UG6, R2UG1, R2UG2, 
R2UG3, R2UG4, R2UG5, R2UG6 

C1206 Res1 12 
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Res_VS_133k ERJ-8ENF1333V 
RC1, RC2, RC3, RC5, RC6, RC7, RC29, 
RC30, RC31 

C1206 Res1 9 

Res_VS_8k ERJ-8ENF8061V RC4, RC8, RC40 C1206 Res1 3 

Res_VS_11.5k ERJ-8ENF1152V 
RC9, RC10, RC11, RC13, RC14, RC15, 
RC17, RC18, RC19, RC21, RC22, RC23, 
RC25, RC26, RC27 

C1206 Res1 15 

Res_VS_1.74k ERJ-8ENF1741V RC12, RC16, RC20, RC24, RC28 C1206 Res1 5 

R1_33.2k CRCW120633K2FKEA 
RCS1, RCS5, RCS9, RCS13, RCS17, 
RCS21, RCS25, RCS29 

C1206 Res1 8 

R2_10k CRCW120610K0FKEA 
RCS2, RCS6, RCS10, RCS14, RCS18, 
RCS22, RCS26, RCS30 

C1206 Res1 8 

R3_33.2k CRCW120633K2FKEA 
RCS3, RCS7, RCS11, RCS15, RCS19, 
RCS23, RCS27, RCS31 

C1206 Res1 8 

R4_10K CRCW120610K0FKEA 
RCS4, RCS8, RCS12, RCS16, RCS20, 
RCS24, RCS28, RCS32 

C1206 Res1 8 

Res_Relaydrv ERJ-8ENF1000V RDCL, RRAC1, RRB1, RRB2 C1206 Res1 4 

Res IGBT sig current 
limiter 

CRCW120610K0FKEA 
RG1, RG3, RG5, RG7, RG9, RG11, RG13, 
RG15, RG17, RG19, RG20, RG21 

C1206 Res1 12 

Res100k_gatesignal LDO ERJ-8ENF1003V RGP1 C1206 Res1 1 

ResU17_Bus- CRE2512-FZ-R005E-3 RQ01, RQ02 2512 [6332] Res1 2 

ResU17_CIN ERJ-8ENF2701V RQ1, RQ21 C1206 Res1 2 

ResSD1 ERJ-8ENF6801V RQ2, RQ22 C1206 Res1 2 

ResSD2 ERJ-8ENF6801V RQ3, RQ23 C1206 Res1 2 

Res1 Resistor RSFB 2220 Res1 1 

Res_ACloadsense_133k ERJ-8ENF1333V RVS1, RVS2, RVS3 C1206 Res1 3 

Res_ACloadsense4_8k ERJ-8ENF8061V RVS4 C1206 Res1 1 

Res_DCBussense_536k ERJ-8ENF5363V RVS5, RVS6, RVS7 C1206 Res1 3 

Res_DCBussense4_10k ERJ-8ENF1002V RVS8 C1206 Res1 1 

Res_Vbtrysense_11.5k ERJ-8ENF1152V RVS9, RVS10, RVS11 C1206 Res1 3 

Res_Vbtrysense4__1.74
k 

ERJ-8ENF1741V RVS12 C1206 Res1 1 

Res_PVsense_17k ERJ-U08F1071V RVS13, RVS14 C1206 Res1 2 

Res_PVsense3_1.74k ERJ-8ENF1741V RVS15 C1206 Res1 1 
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Res_Windsense_17k ERJ-U08F1071V RVS16, RVS17 C1206 Res1 2 

Res_Windsense3_1.74k ERJ-8ENF1741V RVS18 C1206 Res1 1 

Res_UCapsense_11.5k ERJ-8ENF1152V RVS19, RVS20, RVS21 C1206 Res1 3 

Res_UCapsense4_1.74k ERJ-8ENF1741V RVS22 C1206 Res1 1 

Res_ACGrid_133k ERJ-8ENF1333V RVS23, RVS24, RVS25 C1206 Res1 3 

Res_ACGrid4_8k ERJ-8ENF8061V RVS26 C1206 Res1 1 

Grid Relay FTR-K3AB005W SAC1, SAC2 
Relay_20A250VAC_FTR-
K3 

Relay 25A 250VAC_FTR-
K3AB005W 

2 

Relay 20A_48VDC G5LE-1ADC5 Sbattery, Sbattery1 Relay_10A_48VDC 
Relay 
20A_48VDC_FTRJ2AK005
W 

2 

DC load 3A_24V relay G5NB-1A-E-DC5 SDCload 
relay_12V_3A_G5NB-1A-
E-DC5 

Relay 3A_24V, DC_load 1 

Sensor CC2D33S CC2D33S-SIP T1, T2, T3, T4, T5, T6, T7 Header 4_temp_sensors Chipcap2 temp sensor 7 

IGBT Module STGIPS30C60 U1, U2 STGIPS30C60 STGIPSxxCxx 2 

Current sensor 20A 
Bidirectional 

ACS723 xLLCTR-20AB 
UCS1, UCS3, UCS5, UCS7, UCS9, 
UCS11, UCS13, UCS15 

ACS723 ACS723 8 

CS opamp LMV721 
UCS2, UCS4, UCS6, UCS8, UCS10, 
UCS12, UCS14, UCS16 

LMV721 LMV721 8 

Optocoupler ACFL-6211U UG1, UG2, UG3, UG4, UG5, UG6 ACFL-621xU ACFL-621xU 6 

LDO5V_gatesignal LP38692 UGP4 LP38690 LP38692 1 

120VAC-15V PS EPS-35 UPS1 12V_power_supply 14V ps phoenix connectors 1 

12-5_DCDC Meanwell SKM15A05 UPS2, UPS3 5VDC-DC_SKM15A05 5VDC-DC_SKM15A05 2 

48-12V PS DC_load 
header 

Meanwell NID30S24-12 UPS4 48-12V supply header 12V PS Header 1 

LDO_5V NCP1117ST50T3G UPS5, UPS6, UPS7, UPS8 LDO-SOT-223 5V_LDO 4 

5V PS header 3pin Harwin M20-7820346 UPS12, UPS13 Header 3_2.54pitch 5V power supply 2 

Vmeas_Header 5-Pin M20-7820946 

V_sense_AC load, V_sense_btry, 
V_sense_DCBus, V_sense_Grid, 
V_sense_PV, V_sense_UCap, 
V_sense_wind 

SampleBd Header 5 7 
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DSP 

Comment Description Designator Footprint LibRef Quantity 

Cap100p_Opto in VJ1206A101JXQCW1BC 
C1UG1, C1UG2, C1UG3, C1UG4, C1UG5, C1UG6, 
C2UG1, C2UG2, C2UG3, C2UG4, C2UG5, C2UG6 C1206 Cap 12 

Cap1u_Opto bypass VJ1206Y105KXQTW1BC 
C3UG1, C3UG2, C3UG3, C3UG4, C3UG5, C3UG6, 
C4UG1, C4UG2, C4UG3, C4UG4, C4UG5, C4UG6 C1206 Cap 12 

Cap10u_gatesignal LDO VJ1206V106ZXQTW1BC CGP3, CGP4, CGP6 C1206 Cap 3 

Cap10u_gatesignal LDO Capisolated CGP5 1812 Cap 1 

DIM100 connector 
F28335 TE 5390213-1 PDSP 28335CCPin 28335controlCardPin 1 

Res500_Opto in ERJ-8ENF4990V 
R1UG1, R1UG2, R1UG3, R1UG4, R1UG5, R1UG6, 
R2UG1, R2UG2, R2UG3, R2UG4, R2UG5, R2UG6 C1206 Res1 12 

Res100k_gatesignal 
LDO ERJ-8ENF1003V RGP1 C1206 Res1 1 

Optocoupler ACFL-6211U UG1, UG2, UG3, UG4, UG5, UG6 ACFL-621xU ACFL-621xU 6 

LDO5V_gatesignal LP38692 UGP4 LP38690 LP38692 1 

      

Relay drive 

Comment Description Designator Footprint LibRef Quantity 

Relay_drv_Cap VJ1210V106MXJTW1BC CapDCL, CapRAC1, CapRB1, CapRB2 C1210 Cap 4 

TVSDiode_relay SD12C-01FTG DRAC1, DRB1, DRB2, DRDCL TVSdiode TVSDiode 4 

Switch_relaydriver BCP68T1G QRAC1, QRB1, QRB2, QRDCL BCP68T1G Transistor 4 

Res_Relaydrv ERJ-8ENF1000V RDCL, RRAC1, RRB1, RRB2 C1206 Res1 4 

Sensor CC2D33S CC2D33S-SIP T1, T2, T3, T4, T5, T6, T7 
Header 
4_temp_sensors 

Chipcap2 temp 
sensor 7 

      

Sensor 

Comment Description Designator Footprint LibRef Quantity 

Cap CS Vcc VJ1206Y104KXQCW1BC 
CCS1, CCS3, CCS5, CCS7, CCS9, CCS11, CCS13, 
CCS15 C1206 Cap 8 

Cap Capacitor 
CCS2, CCS4, CCS6, CCS8, CCS10, CCS12, CCS14, 
CCS16 C1206 Cap 8 
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R1_33.2k CRCW120633K2FKEA 
RCS1, RCS5, RCS9, RCS13, RCS17, RCS21, RCS25, 
RCS29 C1206 Res1 8 

R2_10k CRCW120610K0FKEA 
RCS2, RCS6, RCS10, RCS14, RCS18, RCS22, RCS26, 
RCS30 C1206 Res1 8 

R3_33.2k CRCW120633K2FKEA 
RCS3, RCS7, RCS11, RCS15, RCS19, RCS23, RCS27, 
RCS31 C1206 Res1 8 

R4_10K CRCW120610K0FKEA 
RCS4, RCS8, RCS12, RCS16, RCS20, RCS24, RCS28, 
RCS32 C1206 Res1 8 

Current sensor 20A 
Bidirectional ACS723 xLLCTR-20AB 

UCS1, UCS3, UCS5, UCS7, UCS9, UCS11, UCS13, 
UCS15 ACS723 ACS723 8 

CS opamp LMV721 
UCS2, UCS4, UCS6, UCS8, UCS10, UCS12, UCS14, 
UCS16 LMV721 LMV721 8 

      

Communication 

Comment Description Designator Footprint LibRef Quantity 

Header 22X2 M20-9722246 PC1 header22x2 Header 22X2 1 

Header 10X2 M20-9721046 PC2 HDR2X10 Header 10X2 1 

Res_VS_133k ERJ-8ENF1333V RC1, RC2, RC3, RC5, RC6, RC7, RC29, RC30, RC31 C1206 Res1 9 

Res_VS_8k ERJ-8ENF8061V RC4, RC8, RC40 C1206 Res1 3 

Res_VS_11.5k ERJ-8ENF1152V 
RC9, RC10, RC11, RC13, RC14, RC15, RC17, RC18, 
RC19, RC21, RC22, RC23, RC25, RC26, RC27 C1206 Res1 15 

Res_VS_1.74k ERJ-8ENF1741V RC12, RC16, RC20, RC24, RC28 C1206 Res1 5 
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Fig. A. 3(a). Top layer of the PCB MPEI v2 
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Fig. A. 3(b). Bottom layer of the PCB MPEI v2 



 

172 

 

Fig. A. 4(a). Schematic of MPEI v2 – Main 
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Fig. A. 4(b). Schematic of MPEI v2 – DSP, communication – Xbee connection, and gate driver circuits 
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Fig. A. 4(c). Schematic of MPEI v2 – current sensors 
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Fig. A. 4(d). Schematic of MPEI v2 – voltage conversion and regulation 
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Fig. A. 4(e). Schematic of MPEI v2 – Relay Driver and temperature/humidity sensor 
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Fig. A. 4(f). Schematic of MPEI v2 – J-Tag connection 
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