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ABSTRACT 

During the last years, the micro-grid (MG) and active distribution networks (ADN) have taken an 

important role in the power electric system due to the benefits over its efficiency and resilience. 

Still, there are crucial challenges to be addressed, especially in the protection systems, since 

classical protection methods are not suitable to protect them because of their multiple operating 

conditions caused by the automation and control functionalities. Several protection schemes have 

been developed towards a reliable operation on the MG and ADN; nevertheless, these approaches 

are strongly dependent on robust communication systems. In this context, this research approaches 

the issues of the adaptive protection of MG and ADN, reducing the requeriments of the 

communication systems. Hence, this thesis proposes two adaptive protection approaches to protect 

MG/ADN in an autonomous way and without a robust communication. The first approach 

proposes an ADN adaptive protection method, which is based on an intelligent approach fault 

detector over locally available measurements. This approach uses Machine Learning (ML) based 

techniques to reduce the strong dependence of the adaptive protection schemes on the availability 

of communication systems and to determine if, over a fault condition, an Intelligent Electronic 

Device (IED) should operate considering the changes in operational conditions of an ADN. 

Additionally, this proposal takes into account different and remarkable recommendations for the 

use of ML techniques. Nevertheless, this approach does not consider backup protection. The 

second solution presents a decentralized adaptive protection scheme and introduces a data-driven 

and communication-less approach. The presented solution uses an Artificial Neural Network to 

train Intelligent Electronic Devices as fault classifiers; also, it uses a cuckoo search metaheuristic 

to its quasi-optimal adjustment. The Artificial Neural Network enables each classifier to detect 

faults with only local voltage and current measurements. The solution does not assume 

communication between devices; however, each device brings support to their neighboring devices 

as back-up protection. The time coordination is simple and easily adjustable due to each fault label 

of the data-driven model has its own time operation. Still, this strategy is validated in simulation 

environment and does not address implementation challenges. Finally, the first solution was 

implemented in an online grid, here, it is presented an adaptive fault detector for microgrids which 

uses data-driven models running on edge devices. The presented solution uses only local current 

and voltage measurements. Data-driven models are trained as fault detectors, to identify a state of 

fault. Further, presented models use few input features and takes just one signal cycle to detect the 

fault. The intelligent fault detector neural model is implemented on a Jetson Nano system, which 

is a single-board computer (SBC) with a small GPU, intended to run machine/deep learning loads 

at the edge.  The two approaches were validated on several modified IEEE test feeders such as 

IEEE 13, IEEE 34, and IEEE 123. The results of the adaptive protection scheme show accuracy 

values above 96% and dependability of 99%. In addition, the solution reveals a correlation between 

the location and the combination of features and hyper-parameters for each IED. The 

implementation approach was tested in a physical low voltage network located at Universidad del 

Norte, Colombia. This test network is based on the IEEE-13 Node Test Feeder scaled down to 

220V. 

Key Words: Micro-grids, Adaptive Protection, Machine Learning Models. 
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1.  Introduction 
 

 

1.1. Motivation 
 

The distribution networks have been presented remarkable importance during the last decade due 

to the introduction of automation and control functionalities; and concepts such as smartgrids and 

microgrids. Traditionally, the distribution networks have been passive networks, where the power 

flows from the substation to the loads. Currently, there is a tendency to the development of active 

distribution networks (ADN). The ADN consider distributed energy resources (DER) based on 

non-conventional sources and flexible loads that bring outstanding benefits to the power system. 

Nevertheless, these networks present challenges such as bidirectional power flow and changes in 

short-circuit current levels that have proved a significant impact over the protection systems. The 

above shows that it is necessary to propose new alternatives of protection to guarantee reliability 

of ADN and MG, since classical protection methods are not suitable to protect them due to their 

multiple operating conditions.  

Despite, the ADN and MG have played an important role in the future of the power systems, these 

new networks always have been attached to an investment in the infrastructure of communication 

and control. The budget could increase if we consider the transition between a passive distribution 

networks (Investment too low) to an active distribution network. However, the protection systems 

use a dedicated wide area network (WAN) to protect the active distribution network and micro-

grid.  

Considering the aforementioned, this research proposes a set of adaptive protection methods for 

ADN and MGs. The solutions can classify in both of these approaches: hybrid adaptive fault 

detection and protection coordination. The proposed methods are data-driven, thus providing 

adaptable fault detection features considering only local observations; they offer a solution where 

the investment in infrastructure communication needs to be reduced. Therefore, the motivation for 

the development of this research is based on the following hypothesis:  

“The Active Distribution Networks and Micro-Grids can be protected by a strategy that adapt it 

to its environment and autonomously takes decisions with only local information” 

This work is oriented to formulate an adaptive protection strategy that brings reliability to MG and 

ADN operation without a robust communication infrastructure. 

1.2. Problem Definition 
 

ADN and MG have been used towards power systems resilience and reliability as well as 

environmental sustainability (Chowdhury, Chowdhury, and Crossley, 2009). The use of 

Distributed Energy Resources (DER), control, and communication capabilities in MGs help not 

only to accomplish operational goals but also reducing network losses and to improve voltage 
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profile (Hatziargyriou, 2013) (Palizban, Kauhaniemi, and Guerrero, 2014). However, the 

integration of MGs in power systems present new technical challenges that utility company 

engineers must address, for instance: bidirectional power flows, system topology changes, MG 

operation modes, variability on generation and fault currents levels (Mumtaz and Bayram, 2017) 

(Amir et al., 2016) (Kai-Hui and Ming-Chao, 2011). These conditions affect the operation of MGs, 

especially their protection system design. Distribution Management System (DMS) are challenged 

to address this complex problem (Mylavarapu and Suraparaju Venkata, 2019).  

 

Classic protection of distribution networks considers a set of Overcurrent Relays (OR), reclosers, 

and fuses allocated, with coordination achieve through time-delay and instantaneous 

characteristics (Sorrentino, Gupta, and Member, 2019). Nevertheless, if the changes in MG 

operating conditions are not taken into account, this could lead towards miss-operation, miss-

coordination or false alarms in the protection devices (Burt and Dys, 2012) (Jennett, Booth, 

Coffele, and Roscoe, 2015) (Choi, Member, and Ahn, 2020). In the specialized literature, several 

methods have been presented to deal with these problems, where three approaches can be 

highlighted: external protection, adaptive fault detection protection, and adaptive fault protection 

coordination (Brearley and Prabu, 2017). 

 

The external protection approach uses additional equipment such as impedance, super-capacitors, 

or Fault Current Limiters (FCL), for preventing the miss-operation of the protection devices. In 

this case, these external elements keep or increase the short circuit level of the network when a 

fault occurs, which allows the correct operation of the protection system without adjusting its 

settings (Habib, Hariri, Elsayed, and Mohammed, 2017) (Tang and Yang, 2018) (Golestan, 

Savaghebi, Beheshtaein, Guerrero, and Cuzner, 2018). However, these solutions are not flexible 

due to the large number of operating conditions in an ADN. Therefore, they are not suitable for 

systems that have significant changes in their topology or present DER 

connections/disconnections, like in the case of ADN (Mumtaz and Bayram, 2017). 

 

Adaptive protection is a framework on which equipment settings are continuously adjusted 

(Gopalan, Sreeram, and Iu, 2014). Considering such, adaptive fault detector-based approaches 

operate when a state-of-fault is sensed. Further, it uses communication between components to 

identify a change in system operating conditions. In (Alonso, Amaris, and Alcala, 2020), 

intelligent sensors are proposed to offer protection and coordination in real-time for smart grids. 

However, it was not validated in different MG topology conditions. In (Hsieh, Chen, Tsai, Hsu, 

and Lin, 2014) an adaptive relay setting is proposed as following. The distribution system is 

monitored considering wide-area measurements to detect a change of operation conditions, and 

then a centralized control sends new updated settings to each protection device. According to 

(Habib and Mohammed, 2017) a fault localization, isolation, and restoration methods are 

presented. The method is implemented in a distributed communication-based multi-agent 

architecture. In (Sharma, Member, Samantaray, and Member, 2020), a fault detector based on the 

magnitude phase plane of impedance difference is proposed. This solution uses a communication 

link between Phasor Measurement Unit (PMU) of both lines ends. 

 

Adaptive fault protection coordination-based approaches, otherwise, detects the state-of-fault and 

adds support between adjacent devices in case of false negative, through backup protection. Thus, 

time coordination must be well defined to avoid unwanted tripping. According to (Zayandehroodi, 
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Mohamed, Shareef, and Farhoodnea, 2012) (Atteya, Mohamed, Zonkoly, and Ashour, 2017) 

(Papaspiliotopoulos, Korres, Kleftakis, and Hatziargyriou, 2017) (Ates et al., 2016) 

(Yazdaninejadi, Nazarpour, and Golshannavaz, 2017) (Vinod, Shenoy, and Member, 2020) (Alam, 

2020) optimal coordination of directional currents are presented, however, some of them do not 

consider topology changes in their validation. In (Kar, 2016) a protection scheme is presented, it 

uses a fuzzy rule-based approach to guarantee primary and back protection in a feeder, however, 

this approach uses communication to accomplish its goal. Considering such, (Ojaghi, 2018) 

(Mohammad, Ghadiri, and Mazlumi, 2020) use clustering techniques to reduce the number of 

settings for relays in the MG towards different operating conditions. In (Najy, Zeineldin, and 

Woon, 2013) an optimal protection coordination method is formulated. The optimization is made 

for setting of directional OR and sizing fault current limiters, which depend on MG operation 

status. In (El-naily, Saad, Hussein, and Mohamed, 2019), an optimal OR coordination is presented, 

news constraints are added to a classical formulation to derive the best relays coordination when 

an MG deals with DER interconnection. 

 

The last two protection approaches have a common aspect; they consider wide-area measurements 

to identify changes in MG operating conditions (Daniel et al., 2020). Thus, this implies a high cost 

due to the communication between the equipment and other devices, which might hinder real-life 

implementations. Further, presented solutions are highly dependent on the quality of wide-area 

measurement data, which can affect the system's reliability (Habib, Lashway, and Mohammed, 

2017). Otherwise, decentralized methods use locally available measurements and they have 

presented outstanding results to face these problems (Rahman Fahim, K. Sarker, and Muyeen, 

2020). In (Mahat, Chen, Bak-Jensen, and Bak, 2011), an adaptive OR scheme for MG is 

introduced. In this approach, continuous measurements of current and voltage are used to update 

setting of relays by detecting operation conditions. This method does not consider WAM, either; 

it does not provide backup protection. In (Cepeda et al., 2020), intelligent fault detectors are 

presented, those approaches use Machine Learning (ML) to train several Intelligent Electronic 

Devices (IEDs) in an MG. However, they also do not offer backup protection. In (Kar, Samantaray, 

and Zadeh, 2017) (Arunan, Sirojan, Ravishankar, and Ambikairajah, 2020), intelligent micro-grid 

protection schemes based on data mining are presented. These schemes allow coordination 

considering several fault situations under different operating conditions. However, they consider 

communication between devices at feeder ends. In (Chaitanya, Yadav, and Pazoki, 2019) was 

presented an intelligent detector of high impedance faults. This method used a communication-

less approach. However, it does not consider topology changes and low impedance faults. 

 

Likewise, there are adaptive protection methods based on Artificial Intelligence (AI) models. 

These modern approaches are showing exceptional performance in a computational environment 

(Yu, Hou, Lam, and Li, 2019) (Rahman, Sarker, Muyeen, Das, and Kamwa, 2021). In addition, it 

is necessary noted that these procedures make use of the available local measures, like current and 

voltage signals, to train and validate AI models as detection or protection devices.  

 

According to of aforementioned, the protection methods proposed in the technical literature face 

all the operating conditions of ADN and MG using robust communication systems. However, if 

the communication system fails or is not available, reliable operation of the protection system 

cannot be guaranteed. Therefore, it is defined as problem to be faced in this research, the 

development of adaptive protection strategies for ADN and MG that operate reliable when the 
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communication system is not available or when there is no communication between the protection 

devices. Thus, this work presents a solution that can be classified as a hybrid adaptive fault 

detection and protection coordination -based approach. Additionally, the proposed solution uses 

Artificial Intelligence models, thus providing adaptable fault detection features considering only 

local observations with the goal of avoid the use the communication infrastructure. 

 

1.3. Thesis Objective 

 

The general and specific aims to aceept/reject the hypothesis of this research are presented below. 

 

1.3.1. General Objective 
 

Develop an adaptive protection methodology using local information for active distribution 

networks and micro-grids. 

 

1.3.2. Specific Objectives 
 

SO.1- Characterize and analyze the local information available such as electric measurement, 

system topologies, DERs technologies, and electric parameters of active distribution networks 

and micro-grids 

SO.2- Develop a method for adaptive detection and coordination in active distribution networks 

and micro-grids using local information and autonomous operation. 

SO.3-Validate the adaptive protection methodology for active distribution networks and micro-

grids in the face of different operating conditions in an environment of simulation. 

 

1.4. Major Contributions  

 

This research presents three adaptive protection approaches for ADN and MG. Their major 

contributions to the state of the art are presented as follow. 

 

Intelligent Approach Fult Detector 
 

 The methodology offers a communication–less fault detector that brings protection in the 

face of the most relevant operating conditions of ADN with MG integrated, such as an 

imbalance in the system, network reconfiguration, DER outage, MG status, among others. 

 

 The methodology points to important recommendations that usually are neglected when the 

adaptive protection design of ADN and MG uses ML techniques.  

 

 The fault protection methodology is flexible and adaptable to protect different network 

contexts such as ADN with MG integrated or independent. 
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 The solution formulate an adaptive fault detection strategy based on AI models and multiple 

sampling points, which allows determining the state of the network only with locally 

registered voltage and current measurements and improving its detection performance when 

is implemented in physical systems. 

 

 The proposed solution addresses the challenges of implementing ML-based adaptive fault 

detection strategies, through its development on an edge device and its validation on a 

physical Distribution network laboratory. 

  

 

Micro-Grids Decentralized Hybrid Data-Driven Cuckoo Search based Adaptive Protection 

Model 

 

 Decentralized hybrid data-driven model for MG protection. 

 

 Simple strategy for a fault detection and protection coordination based in communication-

less approach. 

 

 Meta-heuristic Cuckoo Search Algorithm for quasi-optimal protection model solution. 

 

1.5. Thesis Outline 
 

The work developed in this thesis has been organized into six chapters. The current chapter has 

been aimed to discuss the main reasons to develop this research; the problem definition, the thesis 

objectives, the thesis contribution, and the thesis organization. 

Chapter 2 discuss the problem of active distribution network and micro-grid protection. Besides, 

it exposes the main characteristic of adaptive protection with an intelligent approach. The chapter 

presents the state of the art for the most remarkable adaptive protection methods in active 

distribution networks and micro-grids. 

Chapter 3 explains the proposed adaptive protection methods based on a communication-less 

approach for adaptive distribution networks and micro-grid. In addition, the chapter discusses how 

the proposed solutions use artificial intelligence to detect faults and guarantee coordination 

between their intelligent electronic devices.  

Chapter 4 describes the cases studies selected to validate the adaptive protection methods for active 

distribution networks and micro-grids. The methods are applied in three different networks, two 

of those test feeders were simulated in Digsilent-Power Factory, and one of those is a physical 

micro-grid. Besides, the chapter gives a discussion about some modifications made to the test 

feeder to recreate an ADN and MG and to locate the IEDs. 

Chapter 5 discusses the results obtained in the proposed cases of study when the adaptive 

protection methods are applied. Besides, the chapter presents a discussion about the relevant 

aspects of each method. 
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Chapter 6 provides the thesis conclusions that focus on contributions made to adaptive protection 

methods based on the communication-less approach and the most outstanding results obtained in 

the validation task. Future directions of research have also been identified with a focus on the 

implementation of adaptive protection methods in real-life application 
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 CHAPTER 2. 

 

 

2. Protection for Active Distribution Networks and 

Micro-grids  
 

The inclusion of MG and ADNs brings not only huge benefits for power systems but also provides 

some challenges to address such as change of topology, bidirectional power flows, DER 

intermittency, change in the fault current level, among others. Some challenges affect the 

traditional system protection, especially, the protection schemes compose of reclosers, relays, and 

fuses. In the specialized literature have been proposed several methods to deal with these types of 

issues such as fault current limiters, multiple setting relays, source of short circuit currents, and 

adaptive protection. One of the most relevant methods that have been demonstrated outstanding 

results to deal with the challenges is adaptive protection, which uses Electronic Intelligent Devices 

(IED) to its benefit to supervise and control any change into MG or ADN. 

 

The main objective of this chapter is to provide a comprehensive theoretical framework for the 

protection of ADN and MG. The chapter also brings brief information about the latest protection 

methods employed in ADNs and MG. Additionally, the most relevant aspects of adaptive 

protection in smart grids are explained. 

 

2.1. The Role of Active Distribution Networks and Micro-Grids in the Power Systems 
 

In the last decade, the power systems have been faced a group of transformations that lead them 

to new operating scenarios, for example, the introduction of smart grids, the distributed generation 

(DG), and the massification of renewable energy resources. One of the reasons for these changes 

has been the worry about planet conservation and climate change. 

 

One of the first changes experimented by the distributed network was the introduction of DG. The 

DG showed excellent results in the reduction of network losses and maintaining the voltage profile. 

However, these networks presented a tendency to migrate from conventional energies-based 

fossils fuels to renewable energies such as photovoltaic and wind sources. On the other hand, the 

inception of the smart grids, a concept highly known in transmission networks, made distribution 

networks more flexible and controllable distribution networks. In this way, new concepts of 

networks such as ADN and MG take relevant importance due to their characteristics to control 

their generation and loads. 

 

2.1.1. Active Distribution Networks 
 

According to Institution of Engineering and Technology (IET), an active distribution network is 

defined as “controllable distribution networks that are conformed by DG and flexible load. The 

networks present a bidirectional power flow instead of traditional distributed networks where the 

power flow was unidirectional. In this way, these types of networks are become from passive to 

active due to advantage of taking control of generation and loads.” (Series, 2009). 
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2.1.2. Micro-Grids (MG) 
 

A micro-grid is defined as an interconnected distribution network composes of distributed energy 

resources, especially, non-conventional energy sources and energy storage devices. It has as main 

characteristics; the communication and control of their elements and defined boundaries. 

Additionally, it allows operating in two different modes; on-grid and off-grid where the connection 

point of the MG is denominated as the point of common coupling (PCC) (Hatziargyriou, 2013). 

 

2.1.3. Benefits of ADN and MG 

 

The following subsections will describe the most relevant benefits of the introduction of ADN 

and MG into electric power systems. 

 

A. Reliability  

 

In the traditional distribution systems, a fault condition implies the absence of voltage in the loads 

due to when the fault is clear there is just one source to supply the loads, which means that the 

power flow is unidirectional. However, in ADN or MG, the power flow is bidirectional, which 

means a load can be fed by different sources. If the system presents a fault, condition the load will 

not be affected it at all. This behavior brings to power system high reliability in front of fault 

conditions. (Chowdhury et al., 2009). 

 

B. Reduction of Network Losses 

 

Generally, in the traditional distribution networks, the amount of power that flows by the lines is 

close to their maximum capabilities. However, In the ADN or MG, the distributed generation is 

located close to the loads, which reduced the power flow bylines. At the same time, it reduces the 

network losses in the power system. (Hatziargyriou, 2013). 

 

C. Environmental Protection 

 

The researchers associate with the protection of the environment has incentivized the awareness 

of climate change and the reduction of pollution generated by fossil fuels. In the last years, new 

alternatives of generation have been developed that have been denominated like non-conventional 

renewable energy sources and Energy Storage Systems (ESS). On the other hand, there is a 

tendency in different countries to promote electric cars to reduce carbon footprint. The ADN and 

MG promote these types of energies sources and loads to aim toward planet conservation. 

(Hatziargyriou, 2013). 

 

D. Resilience 

 

The MG has as the advantage its operation in islanded or off-grid mode. Generally, the DERs 

located in the MG or ADN is the plug-and-play type like solar photovoltaic source or ESS. In case 
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of a natural disaster, it produces an absence of voltage from the main grid. These networks are 

suitable to restore the supply to the customers. (Series, 2009). 

 

2.2. Impacts of Active Distribution Networks and Migro-Grids in Protection Systems. 
 

The protection system has an important role not only to guarantee the security of the equipment 

but also to restore as soon as possible the absence of voltage in front of a fault condition. In this 

way, a reliable protection system must accomplish the following characteristics; speed, sensitivity, 

and selectivity. Additionally, it must bring an alternative to protect in case of a lack of operation 

of the main protection device. With the introduction of MGs and ADNs, these criteria have become 

a hard task to achieve. This section brings a brief view of the current state of the protection system 

and discusses the most relevant impacts in the transition toward the MG and ADN operation. 

 

2.2.1. Current Protection Systems for Distribution Networks  

 

The current protection system uses a combination of elements, such as reclosers, sectionalizers, 

relays, and fuses. The following subsections will present the most relevant characteristics to this 

protection. 

 

A. Overcurrent Protection 

 

The overcurrent protection is non-unit protection that has the main goal to protect a region without 

specific boundaries. This protection is used to detect and clear high currents that could cause 

equipment damage. The overcurrent protection is the most economical protection and the most 

recommended by the utilities. The decision of trip is taken when the protection detects that one of 

the three-phase current values is above a current threshold denominated pick–up current (Anderson 

and Anderson, 1999). The operation time of an overcurrent protection can be settled in three modes 

of time; instantaneous, define, and inverse as is presented in Fig. 2.1. 
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Fig 2.1. Overcurrent Protection 

 

B. Reclosers and Fuses 

 

 The recloser is an automatic device that is defined as “self-controlled devices for automatically 

interrupting and reclosing and alternating current circuit with a predetermined sequence of opening 

and reclosing followed by resetting hold, closed or lockout” (IEEE, 2000). This device presents a 

time-current characteristic that helps to coordinate with other devices such as relays and fuses. The 

recloser can be programmed for any combination of instantaneous tripping, fast interrupting 

operation to various time delay tripping choices (Anderson and Anderson, 1999). For example, in 

the case of a temporary fault, the recloser can use a combination of fast tripping operations to give 

enough time to clear the fault, in this way; an absence of power supply will be avoided. 

 

C. Time Coordination 

 

Time coordination has as the main goal to provide backup protection to primary protection devices. 

In traditional distributions systems, coordination must be done between overcurrent relays (OR), 

reclosers, sectionalizes, and fuses. These devices use an inverse time curve to ensure coordination, 

and their operation time is given by (1) and (2), where α and β are constants that represent the 

time-delay relay characteristic (Gers, Edward, and Holmes., 2011). 

 

𝑡𝑖,𝑖 =
𝛽 ∗ 𝑇𝐷𝑆𝑖

(
𝐼𝑓𝑖

𝐼𝑠𝑖
)

𝛼

− 1

, 
(1) 

𝑡𝑗,𝑖 = 𝑡𝑖 + 𝐶𝑇𝐼, (2) 

𝐶𝑢𝑟𝑟𝑒𝑛𝑡 (𝐴) 

𝑇𝑖𝑚𝑒  
(𝑠) Instantaneous time Define time 

Inverse time 

𝐶𝑢𝑟𝑟𝑒𝑛𝑡 (𝐴) 

𝑇𝑖𝑚𝑒  
(𝑠) 

𝐶𝑢𝑟𝑟𝑒𝑛𝑡 (𝐴) 

𝑇𝑖𝑚𝑒  
(𝑠) 

𝑅𝑒𝑙𝑎𝑦 1 𝑅𝑒𝑙𝑎𝑦 2 𝑅𝑒𝑙𝑎𝑦 3 

𝑅𝑒𝑙𝑎𝑦 3 

𝑅𝑒𝑙𝑎𝑦 2 

𝑅𝑒𝑙𝑎𝑦 1 

𝑅𝑒𝑙𝑎𝑦 3 
𝑅𝑒𝑙𝑎𝑦 2 
𝑅𝑒𝑙𝑎𝑦 1 
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Where 

𝑡𝑖,𝑖  Operating time for i-th relay 

𝑡𝑗,𝑖 Operating time for j-th relay as back-up protection of i-th relay 

𝑇𝐷𝑆𝑖 Time dial setting for i-th relay 

𝐶𝑇𝐼 Coordination time interval 

𝐼𝑠𝑖  Pick-up current for i-th relay 

𝐼𝑓𝑖  Fault current 

 

TDS and pick-up current should be calculated (Gers et al., 2011). The time coordination can be 

made in any combination of the following devices: fuses, relays, and recloser. Where the operating 

time of each device depending on the strategy of protection chosen by the utility to protect its 

consumers. 

 

2.2.2. Analysis of Protection Systems from ADN and MG Point of View  
 

Despite the benefits mentioned of the ADN and MG, these networks also, present problems that 

affect the proper operation of protection systems. Sometimes, these problems cause miss-operation 

or false alarms on the relays. These issues are exemplified in Fig. 2.2, which presents an ADN in 

fault condition with the following considerations: a DG is connected at node 2, the network can 

reconfigure through R9 and R10 that are normally open (N.O), and there is an MG connected at 

node 4, that is represented by injection and absorption of power. In the following subsections, A 

to C will be explained in a detailed way each of the issues presented in ADN. 

 
Fig 2.2. Active distribution network with faults in different locations. 

 

A. Bidirectional Power Flows 

 

Considering Fig 2.2, if a fault F1 occurs between the nodes N1 and N2 in the ADN, then the bolt 

arrows give the direction of the fault current. The presence of DERs connected to the network 

implies a fault current in both directions along the line sections, contrary to the operation of 
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traditional distribution networks where the power flow is unidirectional. This causes a fault-current 

flow in the reverse direction through relay R2, which, if it is of the non-directional type, will be 

picked up and possibly trip the circuit breaker (CB) (Hosseini, Abyaneh, Sadeghi, Razavi, and 

Nasiri, 2016). Now, consider a fault F2 that occurs between the nodes N2 and N3 shown in Fig. 

2.2. The dash arrows represent the direction of the fault current. For this fault condition, G1 is 

located at node 2. Therefore, R3 could be set with a fault current provided by DER and the grid, 

which may cause R1 not to operate as a backup of R3 since the fault current given by DER, is 

never seen by R1. This situation is denominated protection’s blinding, and it will be worse when 

G1 presents a drop in power generation.  

 

The previous issues could become more complex when aspects, such as a reconfiguration of 

feeders, generation cut off, or operation of MG inside of the ADN are considered. The MG 

connection can lead to an increase or decrease of the fault current level. For example, if F1 occurs 

when R7 and R8 are closed (see Fig.2.2), the MG will support the fault with the DGs inside of it. 

So the current fault level of the ADN will increase, affecting the setting of protection devices 

before the MG is disconnected from the primary grid.  

 

On the other hand, the ADN operation allows reconfiguring its topology to achieve optimal 

operation such as minimize network losses or restoring the power supply to the customers after a 

fault condition (Zhai, Yang, Chen, and Kang, 2018). This task is made by an advanced intelligent 

system that provides automatic control of the network (Zhai et al., 2018). In both cases, the load 

of a part of the network can be transferred to other feeders, always attempting to restore the service 

to the maximum number of customers.  This transfer of load can produce some misoperation of 

the protection devices (Bhattacharya and Goswami, 2008). An example of this can be observed if 

we consider fault F2 in Fig. 2.2, where R3 and R4 should operate to clean the fault. For this 

condition, the reconfiguration is carried out closing R9 and R10 N.C, so that the load L1 will be 

transferred to the lateral with a DER unit. Under this new condition, the previous settings of the 

protection devices will not be suitable for reliable protection; thus, new settings should be 

calculated (Bhattacharya and Goswami, 2008). 

 

B. Variation on Short-Circuit Current Levels 

 

As was previously mentioned in section 2.1, the MG presents two operation modes; on-grid and 

off-grid. The response of the MG in front of a fault condition will depend on the current operation 

mode. In this way, if the MG operates as on-grid, the fault will be fed by the main grid, and the 

DERs locate into the MG, which means a high short circuit current level. On the other hand, if the 

MG works as off-grid, the fault will be fed only by the DERs into the MG, so the short circuit 

current level will be reduced. 

 

C. Miss-Coordination 

 

The time coordination of the protection devices could be a complex task, due to the operating 

conditions of the MG such as reconfigurations, DER and MG status, bidirectional power flow, 

among others. In this way, some methods proposed optimal coordination of protection devices, 

where they can optimize the time in which each protection device must operate depending on the 

current operating conditions. Generally, this optimization problem is formulated to minimize the 
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objective function (3) that represents the summation of the operation time of each protection 

device. Additionally, the restrictions are subjected to the number of pairs of protection devices of 

backup and primary protection as is presented in (4) and (5). 

 

𝑂. 𝐹 =𝑚𝑖𝑛 ∑𝑡𝑖𝑖

𝑁

𝑖=1

= 𝑚𝑖𝑛∑𝐶𝑖 ∗ 𝑇𝐷𝑆𝑖

𝑁

𝑖=1

 

 

(3) 

Subject to: 

𝐶𝑖𝑇𝐷𝑆𝑗 − 𝐶𝑖 ∗ 𝑇𝐷𝑆𝑖 ≥ 𝐶𝑇𝐼 ∶    ∀(𝑖, 𝑗) ∈  Ω   (4) 

𝑇𝐷𝑆𝑚𝑖𝑛 ≤ 𝑇𝐷𝑆𝑖 ≤ 𝑇𝐷𝑆𝑚𝑎𝑥  ∶  𝑖 = 1,2… . 𝑁  (5) 

 

The optimal coordination must find TDS and pick-up current that minimize the time of operation 

(Noghabi, Mashhadi, and Sadeh, 2010) (Gers and Holmes, 2011). There are two relevant aspects 

in the MG operation that could cause a miss-operation or a false alarm in the protection devices, 

especially, when the optimal coordination is achieved by (3) to (5). The first is the bidirectional 

power flow presents in the networks due to DERs. The second is the change in the fault current 

levels when the MG switches its operation mode. Both aspects could lead that the backup 

protection device operates first than the primary protection device, which implies a loss of 

selectivity. Additionally, the change in topologies could make new pairs of arrangement of primary 

and backup protection. These new pairs are not taken into account in the original coordination. 

The aforementioned implies that different operation scenarios produce critical issues in the optimal 

coordination methods, hence, new protection alternatives should be considered to deal with the 

coordination of protection devices. 

 

2.3.  Protection for Active Distribution Networks and Micro-grids 

 

The following subsections present several methods proposed in the literature to protect ADN and 

MG.  

2.3.1. Fault Current Limiters  

 

The fault current limiters (FCL) are defined as a device connected in series, which is capable to 

increase or decrease its impedance to restrain fault currents in case of fault operating conditions. 

The FCL can be considered as an active or passive device where the active FCL is most common, 

advanced, and utilized in the power system. For instance, in a normal operating condition, the FCL 

should be set the impedance low, however, when there is a fault condition, the FCL should increase 

its impedance to limit the fault current (Samet, Ghanbari, Jafarabadi Ashtiani, and Jarrahi, 2018). 
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2.3.2. Standard IEEE: 1547 
 

The standard IEEE 1547 is a guide for “the design, operation, and integration of distributed 

resource island systems with electric power systems”. This standard suggests another way to 

protect the MG or ADN when there is a fault. The standard mentioned the following “The 

Distributed Resource (DR) system should be designed with adequate protection and control 

equipment, including an interrupting device that will disconnect the generator if the Electric Power 

System (EPS) that connects to the DR system or the DR system itself experiences a fault”. (IEEE 

Standards Coordinating Committee 21, 2009). 

 

2.3.3. Fault Current Sources 
 

The fault currents sources are devices bases in power electronics interfaces which have the main 

objective to compensate the fault current level decrement when the MG change from on-grid to 

off-grid status. The FCS only works when there are fault-operating conditions, and it keeps 

inactive when there are not fault operating conditions. While there is a fault into the power system 

the FCS inject a fault current into systems to compensate for the voltage drop. The most common 

FSC are ESS, supercapacitors, flywheels, among others. (Hatziargyriou, 2013). 

 

2.3.4. Relays with Different Setting Groups 
 

These types of digital relays are capable to save different settings for several operating conditions. 

Generally, the number of sets to storage is around 4 to 6 configurations. These relays need a robust 

and reliable communication system for the following purpose:  

 

 The first purpose is related to the necessity of the relays to identify the current operating 

condition. In a centralized communication approach, the relay must have constant 

communication with a control center to know if there is a change in the status of the 

network, such as reconfiguration. 

 

 The relays need to be controlled in a remote way to change the setting adjustment. This 

change must be executed by the central control for this reason the communication should 

be robust to avoid a miss-operation.  

 

2.3.5. Adaptive Protection 

 

The adaptive protection approach works online to modify protection settings to face a change in 

the ADN conditions or any other circumstances. One of the most important considerations of 

adaptive protection is its communication scheme. The communication scheme for adaptive 

protection defines how protection devices should communicate their information, besides how 

they determine a change in the operating condition of the network (Gopalan et al., 2014). A higher 

level of communication in an ADN allows constant monitoring of its operating conditions. In 

addition, it also helps to take control of different elements to maintain the system in its optimal 

operating condition. Generally, the IEC 61850 standard establishes the communications protocol 

used in ADN due to its flexibility and interoperability. Depending on the type of communication 
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system employed, adaptive protection methods can be divided into three approaches: centralized, 

decentralized, and communication-less (Brearley and Prabu, 2017).  

 

A. Centralized Communication 

 

The main characteristic of this approach is that each protection device of the ADN or MG has a 

communication link to a central control unit, which is commonplace at a substation (Brearley and 

Prabu, 2017). The central control unit collects all the voltage and current measurements from the 

protection elements and decides about their activation in case of a fault. The protection settings 

can be updated if a change in operating conditions is detected. Fig 2.3 presents a centralized 

approach in an ADN where is possible to observe that each IED is connected to a central control 

unit. 

 

Fig 2.3. Centralized approach for ADN and MG protection devices. 

 

B. Decentralized Communication 

 

This approach generally considers bidirectional communication between all protection devices 

inside the network. Here, the decision to activate is taken by each protection device according to 

the information sent by other protection devices (Brearley and Prabu, 2017). This information 

includes changes in operating conditions of ADN or MG and fault alerts from somewhere in the 

network. Fig 2.4 presents a decentralized approach in an ADN where is possible to observe that 

each IED is connected to the other. 

 

Fig 2.4. Decentralized approach for ADN or MG protection devices. 

 

C. Using Local Measurement 
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In this approach, there are IEDs that use only local information, such as local voltage and current 

measurements, to make decisions about protection activation or changes in network operating 

status. These IEDs can be placed along a feeder or near a DER as protection devices. Since these 

devices must make decisions autonomously without knowing the status of the other protection 

devices, an intelligent method must be integrated to guarantee the overall effectiveness of the 

protection scheme. To achieve this goal, the approaches based on Artificial Intelligence (AI) 

techniques such as data mining (Kar et al., 2017) (Mishra, Samantaray, and Joos, 2016) (Tang and 

Yang, 2018), machine learning (ML) (Wehenkel, 19997), and optimization techniques (Shen, Lin, 

and Wang, 2017) have been proposed.   To date, this approach has obtained remarkable results in 

the research and development of adaptive protection schemes. However, most proposals found in 

the technical literature have used ML techniques without taking explicitly into account many of 

the considerations necessary for their correct application. 

 

2.4.  Artificial Intelligence in Adaptive Protection 

 

This section presents the most relevant aspects utilized by adaptive protection based on the 

communication-less approach. These methods take advantage of the local measurement and 

artificial intelligence to establish a strategy of protection of MG and ADN. The following 

subsection describe the mathematical formulation of machine learning models used, the operating 

conditions, the features used, and the most relevant methods of the scientific literature. 

 

2.4.1. Machine Learning Techniques 
 

This section presents the classic machine learning techniques used to face the challenges in DNA 

and MG protection. 

 

A. Neural Networks  

 

Originally, a neural network is conceived as a mathematical formulation based on a biological 

system; also, it has as tailbone the perceptron algorithm as is presented in (1) and (2). Here, it is 

possible to observe that the essence of the perceptron algorithm is a linear combination of the 

inputs variables. Where are i-th input, y is output, are i-th weight, and ∅(ℎ) is the activation 

function.  The perceptron algorithm has as the main objective estimated the values to fit a dataset 

into linear regression or classifier (Bishop, 2006). 

ℎ = ∑𝑤𝑖𝑥𝑖

𝑚

𝑖=0

 𝑤𝑖𝑡ℎ 𝑤0 = −𝜃 𝑎𝑛𝑑 𝑥0 = 1 

 

(1) 

𝑦 = ∅(ℎ) = {
1 𝑖𝑓 ℎ ≥ 0

−1 𝑖𝑓 ℎ < 0
} 

(2) 
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On the other hand, a neural network is an interconnection of perceptrons as is showed in Fig 2.5. 

This neural network is composing of d number of inputs and just one hidden layer with m number 

of neurons (perceptrons). The neural network of Fig 2.5 has just one output and it will be subjected 

to an active function presented in (3). Similar to the perceptron, the neural network must estimate 

the values to fit a dataset into a classifier, which is made by a training algorithm.  This training 

starts with unknown weights values and those will be estimated when the algorithm is adjusted or 

fit to a dataset using the backpropagation method. The training will end when several iteration or 

tolerance will be reached (Bishop, 2006).   

 

Fig 2.5. Neural network with one hidden layer, d inputs and one output. 

 

𝑦1(𝑥,, 𝑤) = 𝜎 (∑ 𝑤1𝑗 ∗ ℎ (∑ 𝑤𝑗𝑖 ∗ 𝑥𝑖 + 𝑤𝑗0

𝑑

𝑖=1

) + 𝑊10

𝑚

𝑗=1

) 

 

(3) 

B. Support Vector Machine 

 

The Support Vector Machine (SVM) became popular for solving problems in classification, 

regression, and novelty detection. The SVM is based on the statistical learning theory. One of the 

most relevant aspects of the SVM is the property to determine the model parameter related to a 

convex optimization problem. For this reason, any local solution is also a global optimum. The 

main idea of an SVM is to determine a hyperplane that separates optimally a set of data (Classes) 

(Cristianini and Shawe-Taylor, 2000). 

The hyperplane is known as well as boundary decision, which is determinate by the margin. The 

margin is defined as the perpendicular distance between the hyperplane and the nearest point to 

each class. These points are named as support vectors because they are the most representative 
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point of each class. In this way, the decision boundary of an SVM is chosen to be the one for which 

the margin can be maximized for all closest classes (Vijayachandran and Shenoy, 2020). 

When the SVM is not capable to separate different classes by a hyperplane or a decision boundary, 

it should devise a computationally efficient way to find decision boundary in a high dimensional 

feature space. SVM works by moving the data from a low dimensional into a relatively high 

dimensional space, in this way; it is found a relatively high dimensional hyperplane that can 

effectively classify the dataset (Classes). The aforementioned process is made by the use of the 

Kernel Functions where the observations are transformed by a new function. The most relevant 

kernel functions are linear Kernel, polynomial Kernel, and Radial function basis Kernel. Equations 

(4) to (6) present the kernel functions (Cristianini and Shawe-Taylor, 2000). 

𝐿𝐾𝐹(𝑥, 𝑦) = 𝑥𝑇𝑦 + 𝑐 (4) 

𝑃𝐾𝐹(𝑥, 𝑦) = (𝑥𝑇𝑦 + 𝑟)𝑑 (5) 

𝑅𝐵𝐹(𝑥, 𝑦) = 𝑒−‖𝑥−𝑦‖2/2𝜎2
 (6) 

Where x and y are data points, c is a constant which generally is neglected, r and d are the 

coefficient and degree of the polynomial respectively. 

C. Decision Trees 

 

The decision tree is known in the ML as a non-parametric supervisory learning classification and 

regression method. In the last years, this technique is becoming popular due to its ease to 

understand, and interpretation. It is useful in data exploration. It requires low data cleaning. The 

main objective of the decision tree is to find a model that can predict the value of a target variable 

by learning simple decision rules inferred from the data features. The decision tree divides the 

features space into distinct and non-overlapping regions denominated as hyper-rectangles 

(Margaliot, 2008). Each region is associated with a particular class label in the case of a classified 

as is presented in Fig 2.6. 
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Fig 2.6. Decision tree graphic 

In Fig 2.6. is possible to observe that the splitting process is realized in the root and decision nodes. 

This process is made on a single feature per node. The general idea is to split with the following 

consideration: generate a way where the results will be homogenous in each sub-node. Generally, 

the decision tree uses two strategies to make the splitting process in each node: the first is the 

entropy and the second is the Gini index. The splitting process ends when the algorithm reaches 

the terminal node, it happens when it was settled a maximum depth of the decision tree. It is defined 

as the length of the longest path from a root to a terminal node. 

 

2.4.2. Operating Conditions and Data Simulation  

 

One of the most important aspect to develop an artificial intelligence method, it is providing a 

dataset relates to the classification or regression problem to resolve. This dataset can be obtained 

by physical measurements or synthetically simulations which of them use only will depend on the 

problem to resolve. In the case of adaptive protection problems for ADN acquire a dataset is not 

an easy task, especially, a dataset obtained by physical measurements due to these types of 

networks are designed to do not fail, for this reason, the amount of data is too low. In this way, a 

synthetical simulation becomes a feasible option.  

To obtain a synthetical dataset for the adaptive protection problem is required to define two groups; 

no-fault and fault operating conditions. These operating conditions are proposed to recreate an 

ADN or MG operating close to a real one. Table 2.1 presents the most relevant operating conditions 

used in the specialized literature. 
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Terminal Node Terminal Node Decision Node Terminal Node 

Terminal Node Terminal Node 

Splitting 
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Table 2.1. Factors and levels commonly used in MG operating scenarios. 

Group Factor Levels generally used 

No-fault 

operation 

Load change 30%-120%  

Topology change It depends on the number of switchgear 

DER outage At least one DG at a time 

Capacitor switching At least one at a time 

Unbalance voltage ±2% per each phase 

Micro-grid operating 

mode 
On-grid-off-grid 

Fault operation 

Type of fault 
Single line-to-ground fault- double line fault- double line to ground 

fault three-phase fault 

Fault location Overall distribution lines 

Fault inception angle π/2 and π 

Fault resistance 0𝛺 to 100𝛺 

Fault location over line 

length 
0% to 90% 

 

2.4.3. Common Features Used in Adaptive Protection Based in AI 
 

The features are the inputs used to train the AI models explained in the previous section. These 

inputs depend on several factors such as signal processing method, size of the dataset, number of 

cycles, domain of the analysis among others. Table 2.2 presents the common features used in the 

specialized literature to train adaptive protection models. (Bernabeu, Thorp, Fellow, and Centeno, 

2012) (Zayandehroodi et al., 2012) (Kar and Samantaray, 2014) (Mishra et al., 2016) (Kar et al., 

2017). 

2.5. Adaptive protection of Active Distribution Networks and Micro-Grids Using Machine 

Learning Models: A Review of the State of the Art 

This section presents a review of the main adaptive protection strategies reported in specialized 

literature.  

 

2.5.1. Methodology for a Security Dependability Adaptive Protection Scheme Based on 

Data Mining 
 

This method was one of the first adaptive protection methods, which use machine-learning models 

to protect electric power systems in front of hidden faults. The method has as the strategy of 

protection to train a model capable to adjust the security/dependability balance of protective relays 

according to prevailing operating conditions. Additionally, it uses a wide-area measurement to 

infer the state of safe or stress of the network. A machine learning technique known as a decision 

tree (DT) is used to classify the power system state and to predict the optimal 

security/dependability bias of a critical protection scheme. Despite its outstanding results, the 

method was proposed only for transmission systems instead of distribution networks (Bernabeu, 

Thorp, Fellow, and Centeno, 2012). 
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Table 2.2. Common features used in the adaptive protection problem. 

No Description 

1 Difference between zero sequence voltage magnitude for instances of fault or no fault 

2 Difference between zero sequence voltage angle for instances of fault or no fault 

3 Difference between negative sequence voltage magnitude for instances of fault or no fault 

4 Difference between negative sequence voltage angle for instances of fault or no fault 

5 Difference between zero sequence current magnitude for instances of fault or no fault 

6 Difference between zero sequence current angle for instances of fault or no fault 

7 Difference between negative sequence current magnitude for instances of fault or no fault 

8 Difference between negative sequence current angle for instances of fault or no fault 

9 Difference between the apparent power for instances of fault or no fault in each phase 
  10 Difference between the impedance for instances of fault or no fault in each phase 

11 Difference between voltage magnitude for instances of fault or no fault in each phase 

12 Difference between voltage angle for instances of fault or no fault in each phase 

13 Difference between current magnitude for instances of fault or no fault in each phase 

14 Difference between current angle for instances of fault or no fault in each phase 

15 Difference between zero and negative sequence voltage magnitude for instance of fault or nofault 

16 Difference between zero and negative sequence voltage angle for instance of fault 

17 Difference between zero and negative sequence current magnitude for instance of fault 

18 Difference between zero and negative sequence current angle for instance of fault 

19 Rate of change between zero and negative voltage magnitude for instance of fault 

20 Rate of change between zero and negative voltage angle for instance of fault 
21 Rate of change between zero and negative current magnitude for instance of fault 

22 Rate of change between zero and negative current angle for instance of fault 

23 The differential rate of change of frequency for two points of measurement 

24 The differential rate of change of voltage for two points of measurement 

25 The differential rate of power angle of frequency for two points of measurement 

26 Magnitude of voltage per each phase 

27 Angle of voltage per each phase 

28 Magnitude of current per each phase 

29 Angle of current per each phase 

30 Apparent power per phase 

31 Impedance per phase 

32 Standard deviation of the fundamental frequency contours 
33 Entropy of the fundamental frequency contours 

34 Kurtosis of the fundamental frequency contours 

35 Obliquity of the fundamental frequency contours 

36 Change of energy per each phase 

37 Entropy per each phase 

38 Change in energy of negative sequence component 

39 Change in energy of zero sequence component 

40 Standard deviation of zero sequence component 

41 Standard deviation of negative sequence component 

 

2.5.2. A Novel Neural Network and Backtracking Based Protection Coordination Scheme 

for Distribution System with Distributed Generation. 

 

This method proposes the protection of distribution networks with DG based on a backtracking 

coordination scheme. The protection strategy starts when it finds the section at fault. The section 

in fault is determinate by two-stage of neural networks (NN). The first seek the distance to the 

fault, and the second identifies the section in fault. Then, a backtracking algorithm is executed to 

find the DGs connected downstream to the section at fault. In this way, all the relays adjacent to 
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the section in fault, and with DGs connected in their path, will disconnect as primary protection. 

Besides, the backtracking algorithm determines the backup relays in case of a miss-operate of the 

primary protection. The method presents excellent results; however, it does not consider a dynamic 

behavior of the distribution network such as reconfiguration and cut-off generation 

(Zayandehroodi et al., 2012). 

2.5.3. Combined S-Transform and Data-Mining Based Intelligent Micro-Grid Protection 

Scheme 

 

This method uses the differential measurements of both ends of a distribution feeder to detect the 

type of fault of an MG. Also, it is capable of determining the operation mode (Ongrid-Off-grid) of 

an MG. The method uses a decision tree (DT) model to train the three classifiers, the model 

receives the current signals to then preprocess the signals and send a trip signal to the circuit 

breaker in case of fault. The features utilized to train the classifier are obtained by preprocessing 

the faulted current signals using S-transform. The methods present outstanding results, however, 

it uses communication to take the trip decision, and besides, the number of operating conditions 

simulated are too low (Kar and Samantaray, 2014). 

 

2.5.4. A Comprehensive Protection Scheme for Microgrid Using Fuzzy Rule Based 

Approach  

 

This method uses the differential measurements of both ends of two distribution feeders to offer a 

primary and backup protection scheme. The method uses ensemble learning to protect the MG, the 

ensemble is composing of a decision tree (DT) model and a fuzzy rule-based approach. The 

features utilized to train the protection scheme are obtained by preprocessing the fault current and 

voltage signals using Discrete Fourier Transform (DFT). The methods present outstanding results, 

however, it uses communication to take the trip decision of primary and backup protection, and 

besides, the number of operating conditions simulated are too low (Kar, 2016). 

 

2.5.5. A Combined Wavelet and Data Intelligent Protection Scheme for Micro-Grid  
 

This method uses current signal measurements of both ends of a distribution feeder to detect the 

type of fault of an MG. The method uses a decision tree (DT) and random forest models to train 

the two classifiers, the first for detecting a fault state into the MG and the second to identify the 

type of fault. The features utilized to train the classifier are obtained by preprocessing the faulted 

current signals using the wavelet transform; however, the number of features used by the type of 

fault classifier is greater than the detection classifier. The methods present outstanding results, 

however, it uses communication to take the trip decision, and besides, the number of operating 

conditions simulated are too low (Mishra et al., 2016). 

 

2.5.6. Data-Mining Model Based Intelligent Differential Micro-Grid Protection Scheme  
 

This method uses the differential measurements of both ends of a distribution feeder to detect a 

state of fault in an MG. The method uses a decision tree (DT) and SVM models to train the 



 

37 
 

classifier, the model receives the current and voltage signals to then preprocess them and send a 

trip signal to the circuit breaker in case of a state of fault The features utilized to train the classifier 

are obtained by preprocessing the current and voltage signals using DFT. The methods present 

outstanding results in both performance indicators such as accuracy and dependability, however, 

it uses communication to take the trip decision, and besides, the number of operating conditions 

simulated are too low (Kar et al., 2017). 

 

2.5.7. Adaptive Protection Combined with Machine Learning for Microgrids 
 

This method presents a rule-based adaptive protection scheme using a machine-learning 

methodology for an MG. It uses an ensemble algorithm compose of a Neural Network and SVM 

to recognize a state into the MG. Once the state recognition is made, the method modifies the 

protective settings to ensure the reliability of the intelligent operation. The method requires a 

central communication to change the setting to the protection device (Lin et al., 2019). 

 

2.5.8. Implementation of Support Vector Machine Based Relay Coordination Scheme for 

Distribution System with Renewables  
 

The method presents a relay coordination scheme for distribution networks with DERs. The relay 

uses two SVM models; the first is an SVM with a radial basis function and the second is a multi-

class Cubic SVM. Also, it offers primary and backup protection with the help of communication 

of adjacent section lines. The method maintains the coordination time interval into the limits when 

backup protection operates. The relays were implemented and tested on a 400V bus laboratory-

type distribution system (Vijayachandran and Shenoy, 2020). 

 

2.5.9. Intelligent Fault Detection System for Micro-grids  

 

This method presents a fault detector based on machine learning and a communication-less 

approach for MG. The method provides a smart level to intelligent electronic devices (IED) 

installed on the MG through the integration of ML such as random forest (RF), SVM, and KNN. 

This allowed each IED to determine autonomously if a fault occurred in an MG, eliminating the 

requirement of robust communication infrastructure between IEDs. Additionally, the method uses 

a Chu-Beasly algorithm combined with a principal component analysis (PCA) to select the most 

relevant features to train. However, this approach is formulated considering three labels for each 

fault detector, which increases the complexity of the classification problem, making it necessary 

to perform tuning and features selection processes to ML techniques. Besides, it faces a relaxed 

problem, where topology changes in the system caused by reconfiguration processes are not 

considered (Cepeda et al., 2020). 

 

2.5.10. Adaptive Protection Scheme for Micro-Grid Based on SOM Clustering 

Technique 
 

This method presents an adaptive coordination scheme for MG. it uses a Self Organizing Map 

(SOM) clustering technique to group several setting adjustments. These clusters are possible due 
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to the method utilized digital overcurrent relays with multiple settings. Considering the similarity 

of miss-coordinated relay pairs for the clustering purpose, the proposed protection scheme focuses 

on solving the miss-coordination between main/backup relay pairs. Once the clusters have been 

selected the method optimizes one of them by a genetic algorithm. The method requires central 

communication to change the setting to the protection device (Mohammad et al., 2020). 

 

2.6. Final Considerations 
 

Table 2.3 resume the characteristic of the adaptive protection methods based in artificial 

intelligence with local information. Additionally, the Table contains the contributions of the 

proposed adaptive protection methods developed in this thesis. 

Table 2.3. Comparison of Adaptive protection methods based on Artificial intelligence 

Aspect 

Methods 

2.5.1 2.5.2 2.5.3 2.5.4 2.5.5 2.5.6 2.5.7 2.5.8 2.5.9 2.5.10 
PM 

M1 M2 

Related with network 

Unbalance X X X X X X √ X √ X √ √ 

MG status 
(ongrid/offgrid) 

X X √ √ √ √ √ √ √ √ √ √ 

DER status 

inside/outside 
X X √ √ √ √ √ √ √ √ √ √ 

Network 

reconfiguration 
X X √ √ √ √ √ √ X √ √ √ 

Load variation X X √ √ √ √ √ √ √ √ √ √ 

ADN/MG Integration X X X X X X X X X X √ √ 

Related with Faults 

All fault types √ √ √ √ √ X √ √ √ √ √ √ 

Low impedance faults √ √ √ √ √ √ √ √ √ √ √ √ 

High impedance faults X X X X √ X X X X X X X 

Related with protection scheme 

Fault detection  √ √ √ √ √ √ X √ √ X √ √ 

Protection coordination  √ √ X √ X X √ √ √ √ X √ 

Backup protection  √ √ X √ X X √ √ X √ X √ 

Communication-less  X √ X X X X X X √ X √ √ 

 

Table 2.3 presents four relevant aspects to take into account when a comparison of several adaptive 

protection methods is made. The first is the unbalance of ADN/MG. We have to remember that 

these concepts are based on power distribution networks that have unbalanced behavior due to 

their single or double phases load and laterals. The second aspect is the ADN/MG integration. This 

analysis is not trivial due to it mentions that an adaptive protection located inside or outside of a 

MG have different operating characteristics. The strategy proposed to protect a section line must 

be different in each location. The third aspect is associated with protection coordination. Several 

adaptive protection methods based on AI propose a fault detection approach. However, they do 

not include a coordination mechanism to protect the networks in case of a misoperation. The last 
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aspect involves the communication-less approach. Here the adaptive protection method embedded 

into Intelligent Electronic Device takes its own decision without communication with other 

devices or control centers. The proposed three adaptive protection methods seek to accomplish the 

aspects previously mentioned. If the proposed methods are compared with other methods, we can 

observe that they fulfill the aspects consigned in Table 2.3  

This thesis developed three methods that protect in an autonomously and adapt way into ADN/MG. 

These methods are part of the research realized during four years, where they bring their 

contributions to reach the objectives and accepted/rejected the hypothesis schedule at the 

beginning of the thesis. The methods have been denominated as M1 and M2. Although, each 

solution has its own characteristics, they share some general considerations, such as a 

communication-less approach, decentralized operation, use of local information, do not detect high 

impedance faults, and they utilize machine learning (AI) models. M1 was designed as a fault 

detector classifier that only operates to protect a three-phase section line in its fault protection 

zone. On the other hand, M2 is an adaptive protection classifier that is capable to protect a three-

phase section line, and give backup protection to their adjacent lines. M2 took several 

considerations and experiences gained in the development of M1. These upgrades help to design 

a robust adaptive fault detector classifier. 

The following chapter will explain in a detailed way all the considerations made in the adaptive 

protection methods based on AI and local information developed during this research. 

 



 CHAPTER 3. 

 

 

3. Methodology of Adaptive Protection in Active 

Distribution Networks and Micro-Grids Using Local 

Information 
 

The proposed adaptive protection methodology has as objective to guarantee the protection of MG 

and ADN using local information such as, current and voltages signals recorded by an Intelligent 

Electronic Device (IED). It is a decentralized solution, and it does not consider communication 

between devices. The proposed solution presents the structure shown in Fig 3.1. 

 

Fig 3.1. General adaptive protection Methodology. 

The previously structure considers five stages. The first stage takes in account the generating of a 

synthetic dataset to extract different fault and no-fault operating conditions. Then, in the second 

stage, the protection problem is formulated as a classification task by the use of Artificial 

Intelligence. In this thesis, two approaches were proposed: an adaptive fault detector for ADN/MG, 

and an adaptive protection strategy considering backup protection to adjacent IEDs. In the third 

stage, the dataset is processed to acquire several features relates to the local information, such as 

angles and magnitudes of voltage and current signals recorded by IED. In the fourth stage, ML is 

used to solve the classification problem. Because of this stage, the ML model is obtained, which 

is afterwards integrated into the IED in the next stage. Finally, in the fifth stage the ML model is 

integrated into the IED to be executed as online grid protection. The ML model determines the 

system state to take the trip decision. If the ML model determines that occurs a fault into one of 

its protection zones, then it will send a trip signal to the circuit breaker. The main challenges in its 

implementation are presented in the first approach proposed in this research. 

 

According to the previous explanation, this chapter will describe in detail way each step of the 

adaptive protection methdolodgy that were developed during the doctoral research. Besides, the 
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two adaptive protection strategy will be described. Each one of these methods was developed about 

the experiences learning of its predecessor. 

 

3.1. Synthetic Data Generation 

 

The protection systems are designed to be dependable, in this way, they must minimize the events 

of faults. The process to acquire fault and not fault information becomes a complex task. So, a 

synthetic data generation tool must be used to obtain a useful dataset. 

 

3.1.1. Dataset of Real and Simulated Faults  
 

The performance of ML techniques depends strongly on the dataset quality. Since the ADN design 

tends to minimize the probability of faults, the number of faults recorded is very low or null. 

Therefore, datasets for training ML techniques should be complemented with synthetic data 

produced from a large number of simulations. For the creation of the synthetic samples, the 

following recommendations should be considered: 

 

 Poor Quality and Unreasonable Effectiveness of Data: The dataset should create to 

guarantee that it does not have duplicate, missing, or incorrect values, as well as inadequate 

data forming. These events are seen as noise that can influence the performance of ML models. 

If the dataset contains duplicate values, these should be deleted. In the case of missing values, 

they should be detected and corrected. Some authors (Banko and Brill, 2001) have determined 

that a simple ML model can achieve performance similar to models that are more complex if 

it is trained on enough data. This means that one of the most relevant conditions to solve a 

specific problem with ML is to obtain a large enough dataset. This will help improve the 

performance independent of the classification model that is used (Banko and Brill, 2001). 

  

 Imbalanced Datasets: In an imbalanced dataset, there are one or more classes that have 

significantly more samples than others, which can skew classification models to the side of 

the most frequent classes (Krawczyk, 2016). Such unbalance may be the result of either the 

nature of the problem or the sampling technique, but in any case, it should be treated correctly 

to avoid creating data bias in the ML model. Data bias can affect the performance of the 

classifier. In the case of the fault detection problem, the dataset is created considering the two 

possible states of the system: normal operation (no-fault) and fault condition (fault). From the 

point of view of training and testing an ML classification model, these two states should be 

equally distributed (50% each) among the samples in the dataset. Therefore, the set of 

scenarios used to generate the dataset must be carefully chosen to reach a reasonable balance 

between the two classes.  

 

If the aforementioned is taking into account, the dataset can be created in four steps, as shown in 

the flowchart of Fig 3.2 the following subsections will explain each step. 
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Fig 3.2. Flowchart of stage 1- real faults and synthetic Dataset. 

A. Step I: Active Distribution Network Modeling 

In this step, Electromagnetic Transient (EMT) software is used to simulate an ADN/MG. The 

selected software should be able to model different types of operating conditions (fault and no-

fault operating conditions) and provide a way to export electrical variables such as voltage and 

currents, for lines, generators, loads, transformers, and buses inside the network. 

 

B. Step II: Determining ADN Operating Scenarios  

In this step, different operating conditions are selected to create a matrix, which represents all the 

possible operating scenarios in the AND (n operating conditions). The rows represent the number 

of operating conditions, and the columns represent the number of factors. The factors are 

operational aspects of the AND/MG, such as MG status, load, reconfigurations, and types of fault. 

These factors are divided into two groups. The first group represents the no-fault operating 

conditions, and the second group represents the fault operating conditions. 

 

C. Step III: Simulation of Operating Conditions  

The n operating conditions defined in step II are simulated to record the data. Before executing the 

simulation, an optimal power flow must be computed to determine the active and reactive power 

of each DER using the network losses as the objective function. Then, an EMT simulation is 

carried out to obtain voltage and current signals at all IED`s locations. 
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3.2. Adaptive Protection Strategy Based in Artificial Inteligence 

 

In this process, a strategy of protection is proposed for a specific zone of the ADN/MG. Generally, 

the zone is composed of the protection of a three-phase line, however, the zone can be modified 

according to of the requirements of the protection of the utility. There are two main strategies 

proposed in this thesis. The first strategy considers the detection of fault events only in the zone 

of protection. The second strategy considers not only fault detection but also a back-up protection 

in adayacents zones. 

Once the protection strategy is defined, it must be integrated with the artificial intelligence (A.I) 

technique. The AI helps to obtain a model capable to detect an event of a fault in an autonomous 

way. The following subsections will explain in a detailed way the methods (protection strategy + 

AI) proposed a long of this thesis. 

3.2.1. M1-Toward an Adaptive Protection Scheme in Active Distribution Networks: 

Intelligent Approach Fault Detector 

 

The proposed method is based on an intelligent fault detector for an unbalanced ADN. This 

approach considers IEDs installed at both terminals of a three-phase line section, with no 

communication link between the IEDs, as illustrated in Fig 3.3. 

 
Fig 3.3. Information acquisition for intelligent electronic devices. 

Each IED can measure and record only local current and voltage signals. Measurements for 

different operating conditions are recorded to create a dataset that is fed to ML techniques to train 

a local classifier for each IED. The IED must be able to discriminate between two classes. The 

first class is the ADN normal operating condition (no-faulted) and the second class a fault 

condition (fault).  

 

The fault detection problem poses as a binary classification task. In the previous step, voltage and 

current signals are obtained at the IEDs locations for each operating condition. Now in this step, 

the operating conditions for each IED are labeled with 0 and 1. The first value indicates that the 

IED does not have to react to the fault condition presented in the ADN, while the second value 

indicates that the IED has to react to the fault condition into the ADN. This process is essential to 

achieve good performance because, with this information, the fault detection model for each IED 

can be trained to detect only the faults of interest for the correct operation of that particular IED. 

Moreover, this process is not trivial due to each IED being affected by actions in the ADN or MG, 
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such as reconfigurations or DER connection/disconnection. Table 3.1 shows an example of 

labeling for the operating condition illustrated in Fig 3.4. This condition represents a fault in a 

network composed of a grid, DG, load, and distribution line. 

 

 
Fig 3.4. ADN - Label Dataset 

Table 3.1. Label of IED for an operating condition. 

Event Operation condition IED State 

1 Fault in the middle of the line with DG connected 
IED 1 Faulted 

IED 2 Faulted 

2 Fault in the middle of the line a with DG disconnected 
IED 1 Faulted 

IED 2 No faulted 

 

Consider the two operating conditions shown in Table 3.1. In both conditions, IED1 and IED2 

must react to the fault in the ADN because the DG is at the end of the line. However, for condition 

2, only IED1 must react since the DG is disconnected, and there is not fault current injection into 

this terminal. Thus, because of this step, a Dataset with voltage and current signals plus its 

corresponding label for each IED and each operating condition is created. This dataset will be 

processed in the next stage. Table 3.2 presents the algorithm used to label each fault operating 

condition. 
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Table 3.2. Labeled Algorithm 

1: Stage Initialization 

2:       Determinate the Active Distribution Network 

3:       Obtain the number of topologies and number of measurements 

4: For each operating condition do 

5:        Obtain the topology 

6:        Obtain the radials for the topology 

7:        Obtain the fault section 

8:        For each radial r do 

9:               Obtain the sections upstream of the fault (LUr) 

10:               Obtain the sections Downstream of the fault (LDr) 

11:               Obtain the sections with unidirectional flow. (LWUr) 

12:        End for 

13:        Group the information 

14:         For  each line i do  

15:                 If Linei ∩ LWU 

16:                     The both IEDs do not see the fault 

17:                 End if 

18:                 If Linei ∩ LU 

19:                     One IED see the fault (Grid measurement) 

20:                 End if 
21:                 If Linei ∩ LD 

22:                     One IED see the fault (DG measurement) 

23:                 End if 

24:         End for 
25: End for          

26: Return Classification for each operating condition 

 

 

3.2.2. M2-Micro Grids Decentralized Hybrid Data-Driven Cuckoo Search Based Adaptive 

Protection Model 

 

Consider an MG illustrated in Fig 3.5. This system is composed of four section lines, three loads, 

and one DG. The network can change its original topology shown in Fig 3.5 (a), through switches 

7 and 8, which are normally open, to the topology shown in Fig 3.5 (b). 
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Fig 3.5. Topological changes in MGs: (a) MG topology 1, (b) MG topology 2. 

Consider also, that each line section has two directional numerical relays where each relay has its 

switch. Table 3.3 presents the arrangement of primary and backup protection for different 

topologies from the primary protection point of view. For the first topology, relays 7 and 8 are 

inactive since their respective switches are opened. The second topology (Fig 3.5(b)), relays 7 and 

8 are active, relays 5 and 6 are inactive. The other topologies are related to topologies 1 and 2, but 

the MG is operating in off-grid mode. 

 

From Table 3.3, we can observe that each topology will have its arrangement of primary and 

backup protection, for example, the relay R1 will act as primary protection in the first and second 

topologies, but it will offer backup protection to different relays in both topologies. Therefore, the 

protection system coordination will depend on the number of topologies of the MG. 
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Table 3.3. Arrangement of primary and back-up protection for the MG of the Fig 3.7. 

Primary 

protection Ri 

Topology 1 Topology 2 Topology 3 Topology 4  

Relays who Ri 

Offers back-up 

protection 

Relays who Ri 

Offers back-up 

protection 

Relays who Ri Offers 

back-up protection 

(MG-offgrid) 

Relays who Ri Offers 

back-up protection 

(MG-offgrid) 

 

R1 R3-R5 R3 -- --  

R2 -- -- -- --  

R3 -- R7 -- --  

R4 -- R2 -- R2  

R5 -- NA -- NA  

R6 R2 NA R2 NA  

R7 NA -- NA --  

R8 NA R4 NA R4  

 

Table 3.3 can expand considering all possible MG topologies, as shown in Table 3.4. Table 3.4 

can be rewritten as a matrix, where the rows are the protective devices, and the columns are the 

devices that each relay provides backup protection. This matrix is named the backup matrix (BM) 

in this work.  

 

Table 3.4. Union set of arrangement of primary and back-up protection for the MG. 

Primary protection Ri Relays who Ri Offers back-up protection 

R1 R3-R5 

R2 ----- 

R3 R7 

R4 R2 

R5 ----- 

R6 R2 

R7 ----- 

R8 R4 

 

Equation (7) presents the back-up matrix for MG of the Fig.3.7.  
𝑅𝑒𝑙𝑎𝑦𝑠 𝑙1 𝑙2
𝑅1 →
𝑅2 →
𝑅3 →
𝑅4 →
𝑅5 →
𝑅6 →
𝑅7 →
𝑅8 → [

 
 
 
 
 
 
 
3
0

5
0

7
2

0
0

0
2

0
0

0
4

0
0]
 
 
 
 
 
 
 

= 𝐵𝑀 (7) 

In (7) is possible to observe that the number of backup protection functions for each relay is related 

to the number of neighboring relays, and the possible topologies in the MG network. The 

aforementioned highlights that to guarantee the reliability, one should include all the possible 

topologies of the network and further, protection equipment should be coordinated. The previous 
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could become more complex when aspects like generation DER outage or change in MG status 

are considered. Towards a generalized model to determine the backup matrix, consider the system 

presented in Fig 3.6.   

 
Fig 3.6.Scheme protection and time coordination. 

Fig 3.6 illustrates a feeder composed of 𝑙 laterals, which are connected by the switches 

𝑆𝑊𝑣 , ⋯ , 𝑆𝑊𝑣+𝑙  as illustrated. Now consider the relay𝑅𝑖. Note that 𝑹 is the set of relays that 

compose the protection system. The primary protection zone of 𝑅𝑖 could be modified with a 

topology change, as well as the relays to which is offered back-up protection. For the construction 

of the back-up matrix, we only are interested in the relays that 𝑅𝑖 offers back-up protection. 

Consider the state of the switches 𝑆𝑊𝑣 = 1,   and 𝑆𝑊𝑣+1 = ⋯𝑆𝑊𝑣+𝑙 = 0, where 0 is normally 

open and 1 normally closed. 𝑅𝑖  provides backup protection to 𝑅𝑝 for all faults in its protection 

zone. However, if the state of the switches changes, the relays that 𝑅𝑖 provides backup protection 

will change. Therefore, 𝑅𝑖 must guarantee support to all adjacent relays that detect faults in the 

same direction, that is, to the set of relays Ω𝑖 = {𝑅𝑝, 𝑅𝑝+1, ⋯ , 𝑅𝑝+𝑚}. Considering the above, the 

backup matrix (8) can be defined as: 

 

𝐵𝑀 =

[
 
 
 
𝑏1,1 𝑏1,𝑙

𝑏𝑖,1 𝑏𝑖,𝑙

⋯ 𝑏1,𝐿

⋯ 𝑏𝑖,𝐿

⋮ ⋮
𝑏𝑛,1 𝑏𝑛,𝑙

⋱ ⋮
⋯ 𝑏𝑛,𝐿]

 
 
 

 (8) 

Where, the row indicates the relay 𝑅𝑖 works as the primary protection. The columns l indicates the 

position of the relay 𝑅𝑗 in the vectors Ω𝑖 and L indicates the maximum size of set of vectors Ω𝑖. 

The value in 𝑏𝑖,𝑙 corresponds to the relay 𝑅𝑗 installed on the lateral 𝑙𝑘, where its back-up protection 

is 𝑅𝑖. Besides, n is the number of relays in the protection system. Therefore, if 𝑏𝑖,𝑙 is any element 

∈ 𝐵𝑀, 𝑅𝑖 is any relay that guarantee support to the set of relays Ω𝑖, 𝑏𝑖,𝑙 = Ω𝑖,𝑙 = 𝑅𝑗, if 𝑅𝑗, 𝑅𝑖 ∈ 𝑅 

, 𝑅𝑗 ∈ Ω𝑖 and  𝑙 ≤ 𝑠𝑖𝑧𝑒(Ω𝑖), otherwise,  𝑏𝑖,𝑙 = 0.  

 

As BM gives information on the lateral where are installed the relays to which offers backup 

protection, this allows us to know exactly which relay should be backed- up in case of any fault in 

the system. This model provides the coordination process since it is possible to establish a single 

coordination time for all the relays operating as backup protection in the protection system. This 

coordination time is given in (9). 

 

𝑡𝐵𝑃 = 𝑡𝑃𝑃 + 𝐶𝑇𝐼 (9) 

Where, 𝑡𝐵𝑃 is the relay operating time as backup protection, 𝑡𝑃𝑃 is the relay operating time as 

primary protection, and 𝐶𝑇𝐼 is the coordination time interval. 

𝑆𝑊𝑣 

𝑆𝑊𝑣+𝑙 DERk 

𝑅𝑖  𝑅𝑝 𝑅𝑖+1 

𝑅𝑖+𝑛 

𝑅𝑝+1 

𝑅𝑝+𝑚 ⋮ ⋰ 
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 However, as was mentioned some challenges can affect the coordination between back-up and 

primary protection relays.  One of the most relevant challenges is the DER outage. If a DER outage 

occurs inside the MG, several arrangements of back-up and primary could be affected due to the 

fault current level. It can be low for fault condition detection and further compromise coordination. 

In this case, protective equipment might not operate or operate incorrectly. Further, these operating 

conditions should be taken into account for each topology. In this work, the DER condition is 

modeled through a constraint matrix (CM). It represents the possible set of operating scenarios 

based on DER outage which affects the protection system. In (10) we can observe the constraint 

matrix for each pair of primary and backup protection that compose the backup matrix. 

 

𝐶𝑀 = [

𝑐1,1 𝑐1,𝑔

𝑐𝑡,1 𝑐𝑡,𝑔

⋯ 𝑐1,𝐺

⋯ 𝑐𝑡,𝐺

⋮ ⋮
𝑐𝑇,1 𝑐𝑇,𝑔

⋱ ⋮
⋯ 𝑐𝑇,𝐺

] ∀ 𝐵𝑖,𝑙 (10) 

 

Where, the row indicates the current topology in the MG. The column indicates the g-th DER for 

the analysis of back-up and primary pair  𝑅𝑖  and 𝑅𝑗 from the back-up matrix. The value in 𝑐𝑡,𝑔, 

represents the set of scenarios of fault where the outage of the g-th DER and the change of t-th 

topology affect the operation of the back-up and primary pair 𝑅𝑖  and 𝑅𝑗. T is the maximum number 

of topologies in the MG, and G is the maximum number of DERs. 

 

If 𝑅𝑗 and 𝑅𝑖  are the back-up and primary protection pair arrangement and there is an outage in g-

th DER in the t-th topology, then 𝑐𝑡,𝑔 = 1, if the outage of the g-th DER in the t-th topology affects 

the operation of 𝑅𝑗 and 𝑅𝑖  , and 𝑐𝑡,𝑔 = 0, if it does not affect the operation of 𝑅𝑗 and 𝑅𝑖. 

 

The proposed solution is based on an adaptive intelligent protection scheme with a 

communication-less approach considering topology changes. This approach considers the IEDs 

installed at both terminals of a three-phase line section, with no communication link between them, 

as illustrated in Fig 3.7. To simplify the coordination process, the adaptive protection model, use 

the formulation of BM and CM matrices discussed in the previous section. In this way, the model 

takes into account operating conditions such as outage DERs, change of topology, and MG status. 

Additionally, the model considers IEDs instead of relays due to their flexibility and processing 

capabilities. 

 
Fig 3.7. Information acquisition and protection zones for adaptive protection method. 
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Each trained IED operates as a protection device, through the data-driven NN models. This model 

deal with the fault detection and optimal coordination problem discussed in the previous section 

as a classification problem. The IEDs measure and record the local voltage and current signals 

and, based on their characteristics, will classify the operation status between three labels, which 

are defined as: 

 

 Non-Fault (Label 1): these are all normal MG operating conditions and faults that are 

outside of the protection zone of the IED. Consider out-of-zone faults, those that can occur 

upstream of the IED, and that due to their directionality are not seen for it, or faults that 

occur in the line sections not protected by the IED. For this condition, the IED does not 

trip the circuit breaker. 

 

 Faults in Primary Protection Zone (Label 2): these correspond to the operating 

conditions caused by faults in the line section where the IED is installed. For this condition, 

the IED operates as the primary protection of the line section, detecting the fault and 

sending an instantaneous trip signal to the circuit breaker to clear the fault. The fault 

clearance time depends on the technology of the protection equipment.  

 

 Faults in Back-up Protection Zone (Label 3, 4, ….l): corresponds to the operating 

conditions produced by faults in adjacent lines, for which an 𝐼𝐸𝐷𝑖 will operate as backup 

protection of the 𝐼𝐸𝐷𝑗, which is the primary protection of the line section where the fault 

occurred. Since there can be multiple adjacent sections, one 𝐼𝐸𝐷𝑖 can offer back-up 

protection to several IEDs. Therefore, it is possible to obtain more than one backup 

protection labels for an IED. The BM defined in section 3.2 determines for each 𝐼𝐸𝐷𝑖, the 

devices to which it offers backup protection. The operating time for back-up protection is 

determined by (8). 

 

Considering the above, in this method the adaptive protection coordination problem is formulated 

as a dynamic-class classification problem, it due to each IED has its number of class. Note that 

introducing a class to the protection problem formulation simplifies the coordination process since 

it is known which relay provides backup to each relay for each fault condition. It allows a single 

backup time to be defined from the definition of the operation time of the relay that offers primary 

protection and the desired coordination margin defined by the CTI as given in (9). Note that for 

this approach, the times and CTI are constant as illustrated in Figure 13, therefore is also constant. 

The operating time for primary protections is 85 ms and backup protection is between 200 to 300 

ms (Gers and Holmes, 2011). It makes it unnecessary to face the coordination problem as an 

optimization problem. For this work,𝑡𝑃𝑃 = 50 𝑚𝑠, 𝐶𝑇𝐼 = 200 𝑚𝑠 and 𝑡𝐵𝑃 = 250 𝑚𝑠.  

 

Consider a set of P operating conditions for a specific IED, as: No-fault (label 1), primary 

protection (label 2), and back-up protection (label 3, 4 ... l), illustrated in Fig 3.8.  



 

51 
 

 
Fig 3.8. Adaptive protection as a multi-class classification problem. 

Each element in Fig 3.8 corresponds to an operation condition 𝒙𝑝𝑘 = {𝑥1𝑘, 𝑥2𝑘, 𝑥3𝑘,⋯ 𝑥𝑑𝑘}, which 

is composed by 𝑑 features, obtained from the voltage and current signals recorded locally by k-th 

𝐼𝐸𝐷. Therefore, having k training data sets compose by P training samples, each one with a 

dimensional space 𝑑, we employ an NN data-driven model as is presented in (11), as pattern 

classifier for each IED present in MG.  

𝑦𝑘(𝑥𝑘,, 𝑤) = 𝜎 (∑𝑤𝑗 ∗ ℎ (∑ 𝑤𝑗𝑖 ∗ 𝑥𝑖𝑘 + 𝑤𝑗0

𝑑

𝑖=1

) + 𝑊0

𝑚

𝑗=1

) 

                                           s.a 

𝑥𝑘 ∈ 𝑅𝑑  and 𝑦𝑘 ∈  { 1, 2,⋯ , 𝑙} 

(11) 

Where, 𝑤𝑗 and 𝑤𝑗𝑖  are the weight parameters, 𝑚 is the number of neurons in the hidden layer, 𝜎 

and ℎ are the active functions which the most common functions used are logistic sigmoid, 

hyperbolic tangent function and RBF (Bishop, 2006). Fig 3.9 illustrates how the output of each 

NN data-driven model can control the operation of its own circuit breaker. 

 
Fig 3.9. Adaptive protection as a multi-class classification problem. 

The complexity of the protection problem and the NN model training depends on the number of 

labels of each IED. If the number of labels is 2, that is, 𝑦𝑘 ∈  { 1, 2 }, the IED is trained as a fault 
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detector, where it should only detect faults for the line section where it is installed, and it does not 

offer back-up protection. If the number of classes is 3, that is, 𝑦𝑘 ∈  { 1, 2,3 }, the IED is trained 

as a protection device considering a primary protection zone (label 2), and a backup protection 

zone (label 3). In this case, the IED should detect instantaneously the faults in the line section 

where it is installed, and detect with a time-delay, the faults in the line section that protects the 

IED to which it offers back-up protection. If the number of classes is greater than 3, that is, 𝑦𝑘 ∈
 { 1, 2,⋯ , 𝑙}, the IED is trained as a protection device as in the previous case, but considering the 

several back-up protection zones. 

 

3.3. Signal Processing and Features Acquisition 
 

Generally, the information obtained by the current and voltage transformers is composed of 

analogous signals, which should be processed and analyzed by intelligent electronic devices. In 

this way, some techniques allow acquiring useful information of the current and voltage signals 

such as discrete Fourier transform, wavelet transform, or Hilbert Huang transform. This 

information has been denominated as features of the analysis. Additionally, signal processing 

depends on the size of the analysis window and the sampling frequency. 

 

The following subsections will explain in a detailed way the signal processing technique and 

features used by each adaptive protection methods proposed a long of this thesis. 
 

3.3.1. M1-Toward an Adaptive Protection Scheme in Active Distribution Networks: 

Intelligent Approach Fault Detector 
 

This method uses a window to process the signals with a size equal to two cycles, as is presented 

in Fig 3.10. The first cycle contains the information of the pre-fault signal, and the second presents 

the information of the fault signal. The signal processing technique used by this method is the 

Discrete Fourier Transform (DFT). 

 
Fig 3.10. Two cycles approach. 

Aditionally, this section presents the features used to train and test the adaptive protection method. 

We decide to choose the features presented in Table 3.5. 

𝐹𝑃 
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Once the data base is obtained, the method uses the voltage and current signals to compute 

differential features, as is described in Table 3.5. For normal no-fault operating conditions, an 

operating change is applied to the network, and the features are measured on the last cycle previous 

to the change as well as the first cycle following to change, which are denoted with the superscript 

(0) and (1) respectively. Similarly, for a fault operating condition, the operating change is applied, 

and the features are measured on the last cycle before the fault as well as the first cycle following 

the fault occurrence. These features are denoted with the superscript (p), an (f), respectively. 

 

 

Table 3.5.Features selected for the method of validation. 

Feature Description for 

Fault operation 

Description for no-

fault operation 

dV 𝑽𝒌
𝒑
− 𝑽𝒌

𝒇
 𝑽𝒌

𝟏− − 𝑽𝒌
𝟏+ 

Dθv 𝜽𝒗𝒌
𝒑
− 𝜽𝒗𝒌

𝒇
 𝜽𝒗𝒌

𝟏− − 𝜽𝒗𝒌
𝟏+ 

dI 𝑰𝒌
𝒑
− 𝑰𝒌

𝒇
 𝑰𝒌

𝟏− − 𝑰𝒌
𝟏+ 

Dθi 𝜽𝒊𝒌
𝒑
− 𝜽𝒊𝒌

𝒇
 𝜽𝒊𝒌

𝟏− − 𝜽𝒊𝒌
𝟏+ 

 

3.3.2. M2-Micro Grids Decentralized Hybrid Data-Driven Cuckoo Search Based Adaptive 

Protection Model 

 

This method uses a window to process the signal with a size of two cycles as the previous method. 

The signal processing technique used by this method is the Discrete Transform Fourier (DFT). The 

features used to train and test the adaptive protection method can be seen in Table 3.5. 

 

In Table 3.6 is possible to observe that the features from 1 to 26 are estimated as the difference 

between one cycle before the operating condition change and one cycle after this change, that is, 

for no-fault conditions, the last cycle previous to 𝑡𝑁𝐹 , and the first cycle following to 𝑡𝑁𝐹 . These 

are denoted with the superscripts (p1-) and (p1+), respectively. Similarly, for fault conditions, the 

last cycle previous to 𝑡𝐹 and the first cycle following to 𝑡𝐹 are taken. These are denoted with the 

superscripts (p1-) and (f1+), respectively. Equations (12) and (13), present the generalized 

equations to estimate the no-fault and fault features, respectively.  

𝑑𝐹𝑇
𝑛𝑓

= 𝐹𝑇
𝑝1+

− 𝐹𝑇
𝑝1−

 (12) 

𝑑𝐹𝑇
𝑓

= 𝐹𝑇
𝑓1+

− 𝐹𝑇
𝑝1−

 (13) 

 

Where, 𝑑𝐹𝑇
𝑛𝑓

 and 𝑑𝐹𝑇
𝑓
 are the features obtained for no-fault and fault conditions shown in Table 

4.9, and subscript 𝑇 is the feature space: phase component (abc), or sequence component (0, 1, 2). 

 

The features from 27 to 30 are estimated as the difference between the values of zero and negative 

sequence one cycle before the operating condition change. Similarly, the features from 31 to 34 

are estimated as the rate of change between the values of zero and negative sequence one cycle 

before the operating condition change. The features are calculated according to (14) to (17). 

 

𝑑𝐹𝑇
𝑛𝑓

= 𝐹𝑇
𝑝0+

− 𝐹𝑇
𝑝2+

 (14) 
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𝑑𝐹𝑇
𝑓

= 𝐹𝑇
𝑓0+

− 𝐹𝑇
𝑓2+

 (15) 

𝑅𝐹𝑇
𝑛𝑓

=
𝐹𝑇

𝑝0+

𝐹𝑇
𝑝2+ 

(16) 

𝑅𝐹𝑇
𝑛𝑓

=
𝐹𝑇

𝑓0+

𝐹𝑇
𝑓2+ 

(17) 

 

Table 3.6. Features used to test the decentralized adaptive protection method. 
No Feature Description 

1 𝑑𝑉0
𝑛𝑓,𝑓

 
Difference between zero sequence voltage magnitude for instances of fault or 

no fault 

2 𝑑𝜃𝑣0
𝑛𝑓,𝑓

 
Difference between zero sequence voltage angle for instances of fault or no 

fault 

3 𝑑𝑉2
𝑛𝑓,𝑓

 
Difference between negative sequence voltage magnitude for instances of fault 

or no fault 

4 𝑑𝜃𝑣2
𝑛𝑓,𝑓

 
Difference between negative sequence voltage angle for instances of fault or no 

fault 

5 𝑑𝐼0
𝑛𝑓,𝑓

 
Difference between zero sequence current magnitude for instances of fault or 

no fault 

6 𝑑𝜃𝑖0
𝑛𝑓,𝑓

 Difference between zero sequence current angle for instances of fault or no fault 

7 𝑑𝐼2
𝑛𝑓,𝑓 

Difference between negative sequence current magnitude for instances of fault 

or no fault 

8 𝑑𝜃𝑖2
𝑛𝑓,𝑓  

Difference between negative sequence current angle for instances of fault or no 

fault 

9-11 𝑑𝑆𝑎𝑏𝑐
𝑛𝑓,𝑓

 

Difference between the apparent power for instances of fault or no fault in each 

phase 

12-14 𝑑𝑍𝑎𝑏𝑐
𝑛𝑓,𝑓

 

Difference between the impedance for instances of fault or no fault in each 

phase 

15-17 𝑑𝑉𝑎𝑏𝑐
𝑛𝑓,𝑓

 

Difference between voltage magnitude for instances of fault or no fault in each 

phase 

18-20 𝑑𝜃𝑣𝑎𝑏𝑐
𝑛𝑓,𝑓

 Difference between voltage angle for instances of fault or no fault in each phase 

21-23 𝑑𝐼𝑎𝑏𝑐
𝑛𝑓,𝑓

 

Difference between current magnitude for instances of fault or no fault in each 

phase 

24-26 𝑑𝜃𝑖𝑎𝑏𝑐
𝑛𝑓,𝑓

 Difference between current angle for instances of fault or no fault in each phase 

27 𝑑𝑉(0)(2)
𝑛𝑓,𝑓

 
Difference between zero and negative sequence voltage magnitude for instance 

of fault or nofault 

28 𝑑𝜃𝑣(0)(2)
𝑛𝑓,𝑓

 
Difference between zero and negative sequence voltage angle for instance of 

fault 

29 𝑑𝐼(0)(2)
𝑛𝑓,𝑓

 
Difference between zero and negative sequence current magnitude for instance 

of fault 

30 𝑑𝜃𝑖(0)(2)
𝑛𝑓,𝑓

 
Difference between zero and negative sequence current angle for instance of 

fault 

31 𝑅𝑉(0)(2)
𝑛𝑓,𝑓  Rate of change between zero and negative voltage magnitude for instance of 

fault 

32 𝑅𝜃𝑣(0)(2)
𝑛𝑓,𝑓  Rate of change between zero and negative voltage angle for instance of fault 

33 𝑅𝐼(0)(2)
𝑛𝑓,𝑓  Rate of change between zero and negative current magnitude for instance of 

fault 

34 𝑅𝜃𝑖(0)(2)
𝑛𝑓,𝑓  Rate of change between zero and negative current angle for instance of fault 
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3.4. Model Training and Validation 

 

This stage involves all the considerations to take into account to obtain an adaptive protection 

model. The models are obtained throught machine learning techniques, which are trained to work 

as a classifier. Additionally, this stage will describe the characteristics of the training and 

validation realized in each adaptive protection method. Besides, this stage will show the techniques 

of feature selection used by each one. 

The objective of the feature selection is to find the features that contain the maximum amount of 

information related to the classification task. Having a Dataset with a large number of features is 

no guarantee of good performance by a ML classifier, mainly because it could introduce sparsity 

issues (Keogh E and Mueen A, 2017). Generally, in order to exploit the information in a dataset, 

the required number of samples increases geometrically with the dimensionality (number of 

features of the data). Moreover, it is common that some of the features in the dataset to be 

irrelevant, redundant or, in general, not to have a positive effect on the accuracy of the ML model, 

so it is necessary to perform a feature selection process (Guyon and Andr´e Elisseeff, 2003). This 

selection can bring several benefits, such as improve accuracy, reduce the computational cost of 

the training process, and reduce over-fitting. This process can be made manually or automatically. 

Manually selection is possible when there is previous knowledge about the problem, allowing the 

designers to pick the most appropriate features for the task. Several methods have been proposed 

for automatic selection among them; there are: univariate selection, correlation matrix, and 

Principal Components Analysis (PCA) (Guyon and Andr´e Elisseeff, 2003).   

 

The following subsections will explain the training and validation process used by each adaptive 

protection methods proposed a long of this thesis. 

 

3.4.1. Randomization and Standardization of the Dataset 
 

The process of standardization forces the training features to have zero mean and unitary variance, 

like a standard normal distribution. In the particular case of fault detection, every feature used, 

such as voltages and currents magnitudes and phase, should be standardized.  

 

This operation helps to prevent miss adjustments caused by large variations on some of the 

features. This standardization is carried as proposed in (18). 

 

𝑥𝑖𝑗 =
𝑥𝑖𝑗 − 𝜇𝑗

𝜎𝑗
 (18) 

Where: 

𝑥𝑖𝑗 Value of j-th feature for the i-th operating condition 

𝜇𝑗 Average for the j-th column 

𝜎𝑗 Standard deviation for the j-th column 

Additionally, several ML algorithms are sensitive to how the training data is presented to them. 

Consequently, the training dataset for each IED must be randomized before algorithm training. 

Standardization and randomization of training data have been found to improve the final 
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performance of various ML algorithms for different scenarios (Bengio, 2013). The randomization 

is applied not only in the data splitting process but also to balance the representativeness of each 

class described in section 3.1.1. This task is made by a simple uniform random permutation (Van 

Rossum and Drake, 2009). 

 

3.4.2. M1-Toward an Adaptive Protection Scheme in Active Distribution Network 

Intelligent Approach Fault Detector  

For the method described here, 80% of the available dataset for each IED is used for training, while 

the remaining 20% is put aside for validation (Guyon and Laboratories, 1997) (Shahin, Maier, and 

Jaksa, 2004). At this stage, several ML techniques can be trained and validated for each IED, as 

shown in Fig 3.11 since the fault detection problem has been framed as a binary classifier (Fault 

vs. No-Fault).  

 
 

Fig 3.11. Flowchart for stage III - Training and validation of the ML model. 

 

Start 
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In particular, the validation process outputs a confusion matrix per each ML model under 

consideration for each IED. These confusion matrices allow comparative assessment of the 

performance of the ML models for each IED to pick the most appropriate. In principle, this per 

IED approach opens the possibility of picking different ML algorithms for different IEDs. This is 

plausible since each IED sees the network from its particular point of view, and presumably, no 

single ML classifier will be the most appropriate for every possible IED situation.  

The deployment and implementation complexity of the fault detector will depend on the ML 

algorithm for each particular IED. 

 

3.4.3. M2-Micro-Grid Decentralized Hybrid Data Driven Cuckoo Search Based Adaptive 

Protection Model 

 

One of the main goals of this method is to obtain a combination of features and an NN model for 

each IED. The result should ensure the best validation performance of the NN model used, which 

means that feature selection and tuning are made in a unique process. The method takes 80% of 

the available data for training, while the remaining 20% is put aside for the validation process. At 
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this step, the NN data-driven model discussed in section 3.2.2 will be used to train and validate 

each IED into an MG like Fig 3.12.  

 

 

Fig 3.12. Training and validation by features selection and tuning using cuckoo search. 

Start 

Train and validate j-th nest for the i-th IED by 

the NN (7), save its accuracy by (9) as FFCStj 

 i< number of IEDs 

IEDs and its NN 

model. Feature 

selection and 

tunning   

Dataset with the whole 

features  

i=1 

t=1 

i=i+1 

- NN model 

- Features Dataset 

for k-th IED 

Determinate the number of nests (j) and obtain the 

initial population. Each nest or solution is split in 

two parts attributes and hyper-parameters. 

Train and validate the i-th IED by the NN (7), with 

all the features and initial hyper-parameters, save its 

accuracy by (9) Save the solution as IBTk and the 

value fitness as FFk. 

 

 t < number of Iterations 

 j < number of Nest 

j=1 

j=j+1 

Determinate the maximum value of FFCStj  

Max(FFCSt,) > FFi 

FFi= FFCS
tj
  

Delete the lowest nests and create new ones using 

the probability of worse nests to be abandoned (pa) 

t=t+1 

Update each nest by levy flights for hyper-

parameters and levy flights and sigmoid function for 

the attributes solution by (10) to (13)  
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In (Marichelvam, 2012) (Marichelvam, Prabaharan, and Yang, 2014) have used cuckoo search 

algorithm to improve a different kind of process. In this case, a solution for the Cuckoo Search 

Algorithm is proposed in Fig 3.12 where its main objective is found the best combination of 

features (Yang, Deb, and Behaviour, 2009).  In this way, the function fitness is the addition 

between the accuracy and dependability as is given in (19) to (21).   

 

𝐴𝑐𝑐𝑖[%] =
𝑇𝑁𝐹 + 𝑇𝑃𝑃 + 𝑇𝑁𝐵1 … . . +𝑇𝑁𝐵𝑙−2

𝑇𝑁𝑆𝑖
∗ 100% 

 

(19) 

𝐷𝑒𝑝𝑖[%] =
𝑇𝑃𝑃 + 𝑇𝑁𝐵1 … . . +𝑇𝑁𝐵𝑙−2

𝑇𝑁𝑆𝐹
∗ 100% 

 

(20) 

𝐹𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 𝐴𝑐𝑐𝑖[%] + 𝐷𝑒𝑝𝑖[%] 

Where: 
(21) 

𝑇𝑁𝐹 Number of operating conditions correctly predicted as no faulted 

𝑇𝑃𝑃 Number of operating conditions correctly predicted as primary protection 

𝑇𝑁𝐵1  Number of operating conditions correctly predicted as back-up protection in the first line to support 

by i-th IED 

𝑇𝑁𝐵𝑙−2 Number of operating conditions correctly predicted as back-up protection in the (l-2)-th line to 

support by i-th IED 

𝑇𝑁𝑆𝑖 Total number of scenarios simulated for i-th IED 

𝑇𝑁𝑆𝐹𝑖 Total number of  fault scenarios simulated for i-th IED 

 

The accuracy relates the total number of operating conditions that were correctly classified by the 

method against the total number of operating conditions. On the other hand, dependability relates 

to the total number of fault operating conditions that were correctly classified against the total 

number of fault operating conditions. 

 

Each nest or solution is composed of two parts. The first part is composed of binary values due to 

represent the number of features to search. The second part contains mixed values due to represent 

the hyper-parameters, such as the number of hidden layers and number of neurons per hidden layer. 

The representation of the soluction can be seen in Fig 3.13. 

 

Fig 3.13. Solution for the cuckoo search algorithm. 

 

𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 1 

𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 𝑛𝑠 

… 

𝐹𝑒𝑡𝑢𝑟𝑒𝑠 
𝐻𝑦𝑝𝑒𝑟 − 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 
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A. Feature Selection and Tuning by Cuckoo Search Algorithm 

The cuckoo search nests are updated by levy flights and sigmoid function as is presented in (22) 

to (25) (Rodrigues, Souza, and Ramos, 2013). 

 

𝑦𝑖
𝑗(𝑡) = 𝑦𝑖

𝑗
(𝑡 − 1)+∝⊕ 𝐿𝑒𝑣𝑦(𝜆) (22) 

𝐿𝑒𝑣𝑦~𝑢 = 𝑠−𝜆, (1 < 𝜆 ≤ 3) (23) 

𝑆(𝑦𝑖
𝑗(𝑡)) =

1

1 + 𝑒−𝑦
𝑖
𝑗
(𝑡)

 (24) 

𝑦𝑖
𝑗(𝑡 + 1) = {

1       𝑖𝑓 𝑆 (𝑦𝑖
𝑗(𝑡)) > 𝜎

0                  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
} (25) 

Where:  

𝑦𝑖
𝑗
(𝑡) i-th Nest for j-th position (feature or hyper-parameter) in t-th iteration  

𝑆(𝑦𝑖
𝑗(𝑡)) Sigmoid function  

𝐿𝑒𝑣𝑦(𝜆) Levy flights 

𝜆 Random step length 

𝑠 Step size 

∝ Step size scaling factor parameter 

 

Once the combinations of features and the NN model for all IED are found, the deployment and 

implementation of each classifier should be made. As was aforementioned, the changes of 

topologies and DER outage were taken into account in the training and validation of each IED. 

For this reason, each model will operate in an intelligent way to face different changes in the 

operating conditions of MG. The next stage explains the process developed by the method for trip 

decision-making. 

3.5. Implementation into IED as a Decision Maker 

 

The Fault detection process is carried out by integrating the ML models in the IEDs installed in 

the ADN or MG. The IEDs measure local voltage and current signals then use those measures as 

inputs to their respective classification model to determine if the IED observes a fault condition 

into the ADN or MG. If there is a fault in the system, the ML model classifies the measures as a 

fault condition then a trip signal is generated to open a circuit breaker.  

 

On the other hand, in an actual implementation, the IEDs could be digital relays or external 

microprocessors, and their selection will depend exclusively on the technology available, as 

presented in (Kumar, Kumar, and Pratap, 2019) (Dikarev, 2019). Then, the ML model could be 

implemented by the relay logic programming in the case of digital relays or a well-known 

programming language for the external microprocessor. It should be noted that when performing 

a real-time implementation of the ML-based fault detector proposed here, additional aspects such 

as the response time, sampling period, and sampling window length become essential to achieve 

optimal performance. 
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The following subsections will explain the implementation for each adaptive protection methods 

proposed a long of this thesis. 

 

3.5.1. M1-Toward an Adaptive Protection Scheme in Active Distiburion Network 

Intelligen Approach Fault Detector  

 

The fault detection method can be approached as a binary classification task, where the main idea 

is to classify the dataset samples into two groups, fault or no-fault, through features extracted from 

the signals themselves. The proposed analytical method is divided into four stages, as illustrated 

in Fig 3.14. 

  
Fig 3.14. Method for fault detection in active distribution networks. 

In Fig 3.14, we can see that the stages are divided into two sets. The first group is the stages I to 

III, which are offline tasks. These stages have as a goal obtain the ML model. The second set group 

the stage IV and V, where the current and voltages signals are analyzed in an online mode to detect 

a state of the fault of the ADN/MG. This stage works as a loop where the current and voltage 

signals are processed continually to acquire different features. The ML model analyzes the features 

to determine the state o fault and trip the circuit breaker associated with the IED. 

3.5.2. M2-Micro-Grid Decentralized Hybrid Data Driven Cuckoo Search Based Adaptive 

Protection Model 

 

Considering all the above, a set of data processing stages must be carried out to face the problem 

of adaptive protection with the NN data-driven model. These data processing stages define the 

proposed adaptive protection solution are illustrated in Fig 3.15. 
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Fig 3.15. Adaptive protection method. 

The adaptive protection and coordination process are joined by integrating the NN model in the 

IEDs installed into the ADN/MG. The IEDs measure continuously the local voltage and current 

signals. These signals are preprocessing by a Discrete Fourier Transform (DFT) based algorithm 

to obtain the features set 𝑥𝑘 = {𝑥1, 𝑥2, 𝑥3,⋯ 𝑥𝑘}, which were previously selected in the stage V. 

With the features set, the NN data-driven model determines a continuously label 𝑦𝑙 to which it 

belongs the current operating condition of the ADN/MG . Similar to M1, this method has two sets 

of stages, the offline and online modes. The online mode works continually through a loop to find 

the state of the fault. The decision to trip the circuit breaker will be executed only in a state of 

fault. The state is represented by the labels 2 to l. When the ADN/MG does not present a fault, the 

model should measure and processes the features to reach it. 

 

3.6. Final Considerations 

 

The two methods explained in this chapter were designed with the same methodology. There is 

only two difference when the methods are compared to each other. The first difference is the 

protection strategy approach in this chapter are proposed two approaches: fault detection and 

protection coordination. The fault detection approach is utilized by methods M1. The method M2 

uses a coordination approach, which includes a fault detection approach and a mechanism for 

backup protection. The second difference is associated with the feature selection and tuning of the 

ML model. The method M1 is the unique method that does not use a feature selection and tuning 

to define its ML model. Conversely, the methods M2 use a Cuckoo search algorithm to determine 

the optimal combination of features and hyperparameters of the ML model. Additionally, the 

automatic simulator tool used to obtain the synthetic dataset is transversal to the proposed methods. 
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M1 gave the fundaments to construct adaptive protection based on artificial intelligence. This 

adaptive protection brings a general idea of what type of features were suitable for this problem. 

Additionally, it analyzed the common bias presented in the AI models. Likewise, it helps to 

validate the automatic simulation of operating conditions. The first method had the objective to 

prove that a fault detector based on AI models would have outstanding results of accuracy. This 

method meets with several considerations of the research hypothesis. The first consideration is that 

the proposed adaptive strategy works autonomously with local information to protect the micro-

grid or active distribution network.  

The method M2 showed to be the method that fulfills the requirements addressed in the objectives 

thesis. This method was designed according to the experiences acquired in M1. For instance, M1 

presents a relevant role in the development of this thesis because it formulates the methodology 

that structures the adaptive protection methods and the automatic simulator tool. In this way, M2 

is the core of this thesis due to its development considered aspects like feature selection, tuning, 

backup protection, and protection coordination.  

Initially, M2 was conceived as a method to validate the adaptive protection strategy. However, due 

to the lack of physical resources as SBC, acquisition module, and circuit breakers, we decide to 

upgrade the adaptive fault method (M1) and analyze the relevant aspects of its implementation.  

Fig 3.16 shows how the proposed methods are related to the hypothesis of this research. In Fig 

3.16, we can see that each method contains the same considerations and a unique methodology. 

However, the M2 is the unique method that presents a formulation with a coordination approach. 

In this way, we can conclude that the methods were designed to operate in front of the operational 

changes present in networks as ADN/MG. Also, they were formulated to work autonomously with 

the local information like the current and voltage signals measured in the IEDs location. 

 

Fig 3.16. Relation between the Proposed adaptive protection methods and the hypothesis 
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 CHAPTER 4. 

 

 

4. Cases Studies 
 

This chapter presents the most relevant characteristics of the test feeder used to analyze the 

methods developed. The intelligent fault detector was tested in three test feeders. Besides, it was 

implemented in a test Laboratory. The micro-grid decentralized hybrid data-driven adaptive 

protection model was tested in two test feeders. Additionally, the chapter contains all the 

considerations and parameters used to validate each method. 

 

4.1.  ADN 1: IEEE 34 Node Test Feeder 

 

The methods were validated on the IEEE 34 node test feeder, which is operated at a voltage level 

of 24.9 kV (Distribution System Analysis Subcommittee, 2001). It was selected due to allow an 

unbalanced-nature real working system with the presence of single-phase, two-phase and three-

phase laterals. The test feeder was modified by adding five DER a long of the network: three 

inverters non-interfaced DER (Synchronous generator), and two inverter-interfaced DER (PV 

systems). Besides, two switchgears were added to represent various changes of topologies in the 

test feeder.  Error! Reference source not found. illustrates the modified IEEE34 node test feeder. 

 

Fig 4.1. IEEE 34 Node Test Feeder. 
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The following sections will be described all the considerations taking into account for the first 

and second methods developed. Both methods were validated with 50 IEDs distributed along 

with the ADN. 

4.1.1. Considerations for M1- Intelligent Fault Detector  

 

The intelligent fault detector was tested for two cases of study. The first case involves all IEDs 

placed outside of the MG. The second case involves all the IEDs placed inside of the MG. Finally, 

the following subsections describe both cases. 

 

A. IEDs Placed into ADN 

This case analyzes the training of 32 IEDs placed into the ADN. Here, the IEDs placed inside of 

the MG are not analyzed. This could be justified because the Distributed Systems Operator (DSO) 

does not have total control of the MG. After all, its operation depends exclusively on Micro-Grid 

Central Control (MGCC). 

 

The dataset to train and test the current method for the IEEE34 node test feeder were obtained 

according to Error! Reference source not found. and Table 4.2. Error! Reference source not 

found. shows the topological scenarios selected to test the method. These scenarios represent 

conditions such as topological reconfiguration, load transfer, or load shedding. The appendix A 

shows the topological changes proposed for the IEEE 34 node test feeder. 

Table 4.1. Topological changes for IEDs placed into IEEE 34 

Scenario  Description  

1 Modified IEEE34 nodes test feeder 

2 Modified IEEE34 nodes test feeder with L824-858 in service and 824-828 out of service 

3 Modified IEEE34 nodes test feeder with L854-862 in service and 854-852 out of service 

4 Modified IEEE34 nodes test feeder with micro-grid in off-grid mode. 

5 Modified IEEE34 nodes test feeder with L824-858 in service and 824-828 out of service with 

micro-grid in off-grid mode. 

6 Modified IEEE34 nodes test feeder with transfer load from another feeder. 

On the other hand, Table 4.2 shows the factors and levels used to validate the proposed method. 

The number of operating conditions are divided into two groups, fault, and no-fault operating 

conditions. The number of operating conditions for the fault group is 15683, and 11888 for the no-

fault group. It means that the dataset is relatively balanced, with 56.88% and 43.12 % of samples 

for each group. The no-fault operating conditions were obtained as the square of the multiplication 

of the number of levels for each factor. The fault operating conditions were obtained like the 

multiplication of the number of levels for each factor. This calculate includes the no-fault operating 

conditions. 
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Table 4.2. Factors and level for IEDs placed into IEEE 34 

Group Factors for study case Levels for study case 
Number of operation 

condition 

No-fault 

operation 

Random Load variation 
[40-55], [56-70], [71-85], [85-100], 

[100-120] % 

14400 

Topology change Scenario 1 to 6. 

Generation cut-off 

All the generators are working 

DG3 out 

DG4 out 

DG5 out 

Fault 

operation 

Fault type A-g, AB and ABC 

16200 

Fault location 25 three-phase distribution line 

Fault resistance 0, 20 and 40 𝛺 

Random Load variation [40-55], [85-100], [100-120] % 

Topology change Scenario 1 to 6 

Generation cut-off 

All the generators are working 

DG3 out 
DG4 out  

DG5 out 

 

B. IEDs Placed into MG 

This case analyzes the training of 18 IEDs placed into the MG. The IEDs placed outside of MG 

are not considered. It could be justified due to the MG operator could not be the same operator of 

the ADN.  

 

Table 4.3 and Table 4.4 were used to obtain the operating conditions to test the method for this 

case. Table 4.3 shows several changes of impedance over the test feeder. These changes represent 

different operating conditions taking place upstream of PCC. When the MG is operating in online 

mode, The ADN is modeled as a thevenin equivalent in PCC. Table 4.4 shows the factors and 

levels used to validate the method for this case. 

 

Table 4.3. Impedance changes upstream of PCC for IEDs placed into MG. 

Scenario Impedance change description 

1 Microgrid on grid 

2 Microgrid on-grid with an equivalent impedance change (Change condition 1 upstream of PCC) 

3 Microgrid on-grid with an equivalent impedance change (Change condition 2 upstream of PCC) 

4 Microgrid off grid 

5 Microgrid on-grid with an equivalent impedance change (Change condition 3 upstream of PCC) 
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Table 4.4. Factors and levels for IEDs placed into MG. 

Group Factors for study case Levels for study case 
Number of operation 

condition 

No fault 

operation 

Random Load variation 
[40-55], [56-70], [71-85], [85-100], 

[100-120] % 

10000 

Topology change Scenario 1 to 5 

Generation cut-off 

All the generators are working 

DG3 out 

DG4 out 

DG5 out 

Fault 

operation 

Fault type A-g, AB and ABC 

11882 

Fault location 25 three-phase distribution line 

Fault resistance 0,20 and 40 𝛺 

Random Load variation [40-55][85-100][100-120] % 

Topology change Scenario 1 to 5 

Generation cut-off 

All the generators are working 

DG3 out 

DG4 out 

DG5 out 

 

4.1.2. Considerations for M2-Micro Grids Decentralized Hybrid Data-Driven Cuckoo 

Search based Adaptive Protection Model 

 

The MG decentralized hybrid data-driven adaptive protection model was tested for two cases. The 

first case involves the training of adaptive protection models without feature selection and tuning. 

The second case involves the training of an adaptive protection model with feature selection and 

tuning by a Cuckoo Search Algorithm (CSA). In the following sections, both cases are described. 

The two cases use the fault and no-fault operating conditions established in Table 4.5 and Table 

4.6, respectively. Aditionally, the test trained 20 IEDs placed into theADN/MG. 

 

Table 4.5. Factors and level for no-fault operating conditions of the decentralized adaptive 

protection method. 

Analyzed 

scenarios 
Factors Levels 

Number 

of levels 

Fault 

scenarios 

Load variation [40-55], [56-70], [71-85], [85-100], [100-120] % 

14400 

DER outage 

At least one generation at time 

DG3 out 
DG4 out 

                            DG5 out 

Topologies 

T1: Original network 

T2: Sw1, Sw4 open and Sw2, Sw3 close 

T3: Sw2, Sw3 open and Sw1, Sw4 close 

T4: Sw1, Sw3 open and Sw2, Sw4 close 

T5 without the micro-grid 

T6 without micro-grid 
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Table 4.6. Factors and level for fault operating conditions of the decentralized adaptive 

protection method. 

Analyzed 

scenarios 
Factors Levels 

Number 

of levels 

Fault 

scenarios 

Fault Resistance  0 Ω, 25 Ω, 50Ω 

55440 

Type of fault  A-g, AB, AB-g and ABC 

Fault Point Only three phase section lines 

Location of the fault in 

section line 
15%, 30%, 60%, 75%, 90% 

No-fault 

scenarios 

Load variation [40-55], [85-100], [100-120] % 

DER outage 

At least one generation at time 

DG3 out 
DG4 out 

                            DG5 out 

Topologies 

T1: Original network 

T2:Sw1, Sw4 open and Sw2, Sw3 close 

T3: Sw2, Sw3 open and Sw1, Sw4 close 

T4: Sw1, Sw3 open and Sw2, Sw4 close 

T5 without the micro-grid 

T6 without micro-grid 

T7 with add of a feeder: Sw5 close 

 

In the first case, the tuning and the feature selection are not considered. Therefore, the method uses 

all the features presented in section 3.1.2. In the second case, was choose the maximum number of 

neurons in each hidden layer was 150, and the maximum number of hidden layers was three. 

Additionally, the tuning and feature selection is carried out using the CSA, as shown in section 

3.2. The parameters used in the cuckoo search metaheuristic are: the probability of worse nests to 

be abandoned pa is equal to 0.25, step size scaling factor α is 0.07, and the random step length is 

a uniform distribution between 1 to 3. 

 

4.2.  ADN 2: IEEE 123 Node Test Feeder 

 

The IEEE 123 node test feeder was selected to validate the adaptive protection methods. This test 

feeder operated at a voltage level of 4.16 kV (Distribution System Analysis Subcommittee, 2001). 

It was elected due to allow an unbalanced-nature real working system with the presence of single-

phase, two-phase and three-phase laterals. The test feeder was modified by adding six DERs a long 

of the network: four inverters non-interfaced DER (Synchronous generator) and two inverter-

interfaced DER (PV systems). On other hand, the test feeder included an MG that can be connected 

and discontented by two switchgears. Besides, the test feeder contains four switchgears more to 

bring us the possibility of changing its topology. Fig 4.2 illustrates the modified IEEE 123 node 

test feeder. 
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Fig 4.2. IEEE123 Node Test Feeder Modified. 

The following sections will describe all the considerations taking into account for two methods.  

Both methods were validated with 32 IEDs distributed along with the AND/MG as shown in Fig. 

4.2. 

4.2.1. Considerations for M1- Intelligent Fault Detector  

 

For this method were analyzed and trained 32 IEDs placed along with the modified IEEE 123 node 

test feeder. The IEDs are distributed according to the following aspects: 4 IEDs were located into 

the micro-grid, and 28 IEDs were located outside of the micro-grid. The implementation of the 

stages described in section 3.1 is below. 

 

A. IEDs Placed into ADN 

This case analyzes the training of 26 IEDs placed into the AND/MG. The IEDs placed inside of 

the micro-grid is not taken into account.  

 

Table 4.7 shows eight scenarios of topological changes proposed over the modified IEEE 123 

node test feeder. These changes represent conditions, such as topological reconfiguration and 

load shedding. The appendix B shows the topological changes proposed for the IEEE 123 node 

test feeder. 
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Table 4.7. Topological changes for IEDs placed into IEEE 123. 

Scenario Topological change description 

1 Modified IEEE123 node test feeder 

2 Modified IEEE123 node test feeder with S018-135, S054-093 Normally Open and S013-152, 

S151-300, S197-097, S060-160 Normally Close.  

3 Modified IEEE123 node test feeder with S197-097, S054-093 Normally Open and S013-152, 

S151-300, S018-135, S060-160 Normally Close. 

4 Modified IEEE123 node test feeder with S060-160, S054-093 Normally Open and S013-152, 

S151-300, S018-135, S197-097 Normally Close 

5 Modified IEEE123 node test feeder with S013-152, S054-093 Normally Open and S060-160, 

S151-300, S018-135, S197-097 Normally Close 

6 Modified IEEE123 node test feeder with S060-160, S151-300 Normally Open and S013-152, 

S054-093, S018-135, S197-097 Normally Close 

7 Modified IEEE123 without the MG and S054-093 Normally Open and S013-152, S197-097, 

S060-160 Normally Close. 

8 Modified IEEE123 without the MG and S060-160 Normally Open and S013-152, S197-097, 

S054-093 Normally Close. 

The dataset used to train and test the intelligent fault detection was obtained according to Table 

4.8. 

 

Table 4.8. Factors and level for IEDs placed into IEEE 123. 

Group Factors for study case Levels for study case 
Number of operation 

condition 

No-fault 

operation 

Random Load variation 
[40-55], [56-70], [71-85], [85-100], 

[100-120] % 

40000 

Topology change Scenario 1 to 8 

Generation cut-off 

All the generators are working 

DG3 out 

DG4 out 

DG5 out 

DG6 out 

Fault 

operation 

Fault type A-g, AB, AB-g, ABC 

25920 

Fault location 18 three-phase distribution line 

Fault resistance 0, 20 and 40 𝛺 

Random Load variation [70-56], [90-100], [100-120] % 

Topology change Scenario 1 to 8 

Generation cut-off 

All the generators are working 

DG3 out 
DG4 out 

DG5 out 

DG6 out 

 

B. IEDs Placed into MG 

This case analyzes the training of 4 IEDs placed into the MG for the IEEE 123 node test feeder.  

The IEDs placed outside of MG are not considered. 

 

Table 4.9 shows eight scenarios of topological changes proposed over the modified IEEE 123 node 

test feeder. These changes represent conditions, such as topological reconfiguration and load 

shedding.  
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Table 4.9. Impedance changes upstream of PCC for IEDs placed into MG. 

Scenario Topological change description 

1 Microgrid on grid  

2 Microgrid on grid with an equivalent impedance change (Change condition 1 upstream of PCC) 

3 Microgrid on grid with an equivalent impedance change (Change condition 2 upstream of PCC) 

4 Microgrid on grid with an equivalent impedance change (Change condition 3 upstream of PCC) 

5 Microgrid on grid with an equivalent impedance change (Change condition 4 upstream of PCC) 

6 Microgrid on grid with an equivalent impedance change (Change condition 5 upstream of PCC 

7 Microgrid off grid  

8 Microgrid off grid with an equivalent impedance change (Change condition 6 upstream of PCC) 

The dataset used to validate the intelligent fault detection was obtained according to Table 4.10. 

 

Table 4.10. Factors and level for IEDs placed into MG. 

Group Factors for study case Levels for study case 
Number of operation 

condition 

No-fault 

operation 

Random Load variation 
[40-55], [56-70], [71-85], [85-100], 

[100-120] % 

40000 

Topology change Scenario 1 to 8 

Generation cut-off 

All the generators are working 

DG3 out 

DG4 out 

DG5 out 

DG6 out 

Fault 

operation 

Fault type A-g, AB, AB-g, ABC 

20160 

Fault location 18 three-phase distribution line 

Fault resistance 0, 20 and 40 𝛺 

Random Load variation [70-56], [90-100], [100-120] % 

Topology change Scenario 1 to 8 

Generation cut-off 

All the generators are working 

DG3 out 

DG4 out 
DG5 out 

DG6 out 

 

4.2.2. Considerations for M2-Micro Grids Decentralized Hybrid Data-Driven Cuckoo 

Search based Adaptive Protection Model 

 

This section presents the most significant considerations of the MG decentralized hybrid data-

driven CSA-based adaptive protection model for the modified IEEE 123 node test feeder. This 

method was validated for two cases, the first with feature selection and tuning, and de the second 

without them. Table 4.11 and Table 4.12 present the fault and no-fault operating conditions utilized 

to obtain the dataset for both cases. 
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Table 4.11. Factors and level for no-fault operating conditions of the decentralized adaptive 

protection method. 

Analyzed 

scenarios 
Factors Levels 

Number 

of levels 

No-fault 

scenarios 

Load variation [40-55], [56-70], [71-85], [85-100], [100-120] % 

40000 

DER outage 

All the generators are working 

DG3 out 

DG4 out 
DG5 out 

                            DG6 out 

Topologies 

T1: Original network 

T2:Sw1, Sw4 open and Sw2, Sw3 close 

T3: Sw2, Sw3 open and Sw1, Sw4 close 

T4: Sw1, Sw3 open and Sw2, Sw4 close 

T5 without the micro-grid 

T6 without micro-grid 

T7 with add of a feeder: Sw5 close 

 

Table 4.12. Factors and level for fault operating conditions of the decentralized adaptive 

protection method. 

Analyzed 

scenarios 
Factors Levels 

Number 

of levels 

Fault 

scenarios 

Fault Resistance  0 Ω, 20 Ω, 40Ω 

82944 

Type of fault  
Single-phase, double–phase, double-phase to ground , 

and three-phase faults. 

Fault Point Only three phase section lines 

Location of the fault in 
section line 

15%,35%,65,85% 

Load variation 50%,75%,120% 

DER outage At least one generation at time 

Topologies 

T1:Original network 

T2:Sw1,Sw4 open and Sw2,Sw3 close 

T3: Sw2,Sw3 open and Sw1,Sw4 close 

T4: Sw1,Sw3 open and Sw2,Sw4 close 

T1 without the micro-grid 

T2 without micro-grid 

T1 with add of a feeder: Sw5 close 

 

4.3.  ADN 3: Unigrid Laboratory IEEE 13 Node Test Feeder 

 

The Unigrid ADN Laboratory is the result of the effort carried out by the College of Engineering 

at Universidad del Norte (Uninorte) Colombia. This laboratory is based on the IEEE-13 Node Test 

Feeder scaled down to 220V, which is the voltage level available at university facilities. The 

selection of the IEEE-13 Node Test Feeder allows an unbalanced-nature, real working system with 

the presence of single-phase, two-phase and three-phase laterals [30] [31]. Fig 4.3 illustrates the 

Uninorte ADN Laboratory. It is important to note that the Uninorte ADN Laboratory has been 

conceived as modular so that different topological configurations can be assembled. 
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Fig 4.3. Uninorte ADN Laboratory test feeder 

The ADN laboratory has a synchronous generator connected to node 671. Additionally, it can 

change its topology by a circuit breaker located between the nodes 671-692 and N.O line located 

between the nodes 680-675. The appendix C shows the topological changes proposed for the 

Unigrid AND Laboratory test feeder. 

 

4.3.1. Considerations for M1- Intelligent Fault Detector: Implementation Approach 

 

For this method were analyzed and trained three IEDs placed along the Uninorte laboratory ADN 

test feeder. The adaptive fault detector assessment was divided into two cases. The first case 

included the train and validation of the model in a simulation environment. The second case 

implemented the previous model into the Uninorte Laboratory by the cooperative work between 

an acquisition module and a Jetson Nano board. 

A. Offline Test Setup 

The offline test includes stages I to V from section 3.5.1 to obtain an intelligent fault detector 

model to embed into the Single Board Computer (SBC). In this implementation was chosen the 

neural network as a machine learning technique due to its flexibility and simplicity to deployment. 

Table 4.13 presents the operating conditions considered to get the training dataset. 
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Table 4.13. Operating scenarios to intelligent fault detector 
Operating 

Scenarios 
Factors  Levels 

Number of 

combination 

No fault 

Change of topology Original and Alternative 

716800 

Load Variation (10-20)(20-30)(30-40)(40-50)(60-

80)(80-100)(100-120)(120-130)% 

Cut off Generation On and off 

Capacitor Switching On and off 

Voltage Unbalance +/- 2 per phase (5) 

Sample Stamp -12,-6,-3,0,3,6,12 

Fault 

Fault Resistance 0,15,35,45,60 

336000 

Lines in Fault 5 

Fault Type Ag,Bg,Cg,AB,BC,CA, 

ABg,BCg,CAg and ABC 

Change of topology Original and Alternative 

Load Variation (40-50)(60-80)(80-100)(100-
120)% 

Cut off Generation On and off 

Voltage Unbalance +/- 2 per phase (4) 

Capacitor Switching On and off 

Sample Stamp -12,-6,-3,0,3,6,12 

 

The EMT software used to obtain the dataset was Digsilent Power Factory. The simulation settings 

used in this process are a simulation time equal to 100ms and a sampling frequency equal to 1920 

Hz. 

On the other hand, the features used to obtain the NN model are listed in Table 4.14. This 

implementation use the algorithm CSA explained in the section 3.4.2 to guarantee a solution with 

high accuracy. In this way, the number of hidden layers was equal to one, and the number of 

neurons in the hidden layer to 100. Then, the CSA explained in section 3.4.2 was used to find the 

best combination of features and hyper-parameters, where the maximum number of iterations was 

equal to 20. 

Table 4.14. Features used to validate the adaptive fault detector. 

Item Feature Description for 

Fault operation 

1-3 |𝑽| 𝑽𝒂𝒃𝒄 

4-6 𝜽𝑽 𝜽𝒗𝒂𝒃𝒄  
7-9 |𝑰| 𝑰𝒂𝒃𝒄 

10-12 𝜽𝑰 𝜽𝒊𝒂𝒃𝒄  
13-15 |𝑺| 𝑺𝒂𝒃𝒄 

16-18 |𝒁| 𝒁𝒂𝒃𝒄 

 

The features used to validate the intelligent fault detector take into account the same considerations 

of section 3.3.1. However, the method uses the features of just one cycle instead of the differential 

between the pre-fault and fault cycles. 

Once the features have been selected, they must be processed. In the proposed method, the Fast 

Fourier Transform (FFT) is applied to one cycle of the signal to process the features. For the 

synthetic database obtained from simulation, we can determine a priori the exact point of fault, 

which is the point where the operating conditions change from no-fault to a fault. However, when 
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we have a physical network this point is unknown. For this reason, the method includes a new 

factor that considers the uncertainties in current and voltage signals in the synthetic database. This 

factor is denominated as a multiple sampling. Fig 4.4presents the analysis of the multiple sampling 

for a current signal with a point of fault equal to FP. 

 

Fig 4.4. Analysis of the multiple sample for a fault operating conditions 

As a demonstration, Fig 4.4 contains three cycles of analysis. The blue window shows the reference 

cycle where the fault point is in the middle of the cycle. Generally, it is used for the training of the 

classifier in a simulation environment. The green window shows the second cycle analyzed where 

the window has a delay ∆𝑆1 of three samples with respect to the reference window. Similarly, the 

red window is advancing in ∆𝑆2 to the reference window in three samples. In this way, we used 

the multiple sampling (∆𝑆) to simulate an unknown location of the point of fault to train the 

intelligent fault detection model, which help to obtain a database that represents the real behavior 

of a physical network. 

 

B. Online Test Setup  

The online test includes stages IV and V from section 3.1.1. Here, the adaptive fault detector neural 

network model, obtained from the offline test, is validated in real-time into Uninorte’s ADN 

laboratory. The experimental conditions for the implementation of the neural network model are 

preset below: 

 

 •The acquisition module is an SEL 751 relay, which works as a signal pre-processor. It was 

also in charge of sending the trip signal to the circuit breaker when a fault state is detected.  

Additionally, the intelligent detection neural network model is embedded into a Single 

Board Computer (SBC) appropriate to perform real-time inference with AI models, for the 

test, we used a Jetson Nano board. The final topology of the neural network model is set 

𝑜𝑛𝑒 𝑐𝑦𝑐𝑙𝑒 

𝐹𝑃 

∆𝑆1 

∆𝑆2 
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after finishing stages I to III of the method. Fig 4.5 shows the conecction of the elements 

used in the online test. 

 

Fig 4.5. Intelligent fault detector neural network model on edge device. 

 The SBC will use was a Jetson Nano running the neural network model. Modbus TCP/IP 

protocol was used for communication between the relay and the Jetson. Fig 4.6 shows the 

assembly of the adaptive fault detector neural network model, at the head of the test system 

between nodes 650 and 632, in Uninorte’s ADN laboratory. 
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Fig 4.6. Diagram connection of intelligent fault detector implementation 

 To close the protection loop, the proposed method includes a tripping logic that considers 

some disturbances faced by any AND/MG, such as motor and loads starting. The trip signal 

will only be sent by the SBC to the circuit breaker (C.B) when the following condition is 

met at least three consecutive signal cycles return a fault state from the neural classifier, 

meaning there is high certainty that the AND/MG will be in fault. When the condition is 

not met, the ADN or MG will be considered as a no-fault state. 

 

With main idea to reduce the complexity to reproduce every fault and no-fault operating 

conditions into Uninorte’s ADN Laboratory, a sample set was selected. Table 4.15 and  

Table 4.16 lists the no-fault operating conditions. Similarly, Table 4.17 presents the fault operating 

conditions. These conditions were chosen according to what was viable to replicate in the 

laboratory without compromising its safety. 

Table 4.15. No-fault Operating scenarios to reproduce for the physical validation 

Topology 

Capacitor Switching 

Yes No 

With DG Without DG With DG Without DG 

Original  67-100-120 % 67-100-120 % (100-67), (100-120), (100)% (100-67), (100-120), (100)% 

Alternative  67-100-120 % 67-100-120 % (100-67)(100-120)(100)% (100-67)(100-120)(100)% 

 

Table 4.16. Fault operating conditions to reproduce with faults outside of the protection zone. 

Type of fault 

Topology 

Original Alternative 

Bus 675 Bus 675 

Single phase fault to ground (C) 40 Ω 40 Ω 

Fault 
module  

Circuit Breaker and 
Acquisition Module 

Single Board 
Computer and display 
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 Double phase fault to ground (A-B) 40 Ω 40 Ω 

 

Table 4.17. Fault operating conditions to reproduce with faults into the protection zone. 

Type of Fault 

Topology 

Original Alternative 

Bus 

634 

Bus 

634 

Bus 

671 

Bus 

634 
Bus 634 Bus 671 

Single-phase fault to ground (A) 40 Ω 40 Ω 40 Ω 40 Ω 40 Ω 40 Ω 

 Double-phase fault to ground (A-B) 40 Ω 40 Ω 40 Ω 40 Ω 40 Ω 40 Ω 

Three-phase faults 40 Ω 40 Ω 40 Ω 40 Ω 40 Ω 40 Ω 

 

The total number of the fault and no-fault operating conditions in Uninorte’s ADN laboratory 

was 18 and 28, respectively. 

4.4. Final Considerations 

 

This chapter shows different test feeders proposed to validate the adaptive protection method in 

simulation and physical environments. Each test feeder has been obtained a dataset with the most 

critical fault and no-fault operating conditions such as type of fault, fault resistance, point of fault, 

cut-off generation, reconfiguration, MG status, and load variation. If the test feeders are compared 

is possible to observe differences between them. For instance, it is possible to mention the number 

of nodes, the level of voltage, or the value of its impedance. The aforementioned has as the 

objective accomplish with the proposed hypothesis. In this way, it seeks to emulate the behavior 

of the ADN/MG. Additionally, the validation of the methods tries to demonstrate that the 

developed methods can operate in the most critical scenarios, and they were not designed for just 

one type of network. Table 4.18 shows the most relevant aspect of the test feeder used to validate 

the methods explained in chapter 3, where we can compare the test feeders in front of different 

characteristics. 

Table 4.18. Comparison between the test feeders used tovalidate the adaptive protection 

methods. 

Aspects 
Test Feeder 

System 1 System 2 RateS1/S2 

Number of nodes 34 123 0.25 

Line Voltage [kV] 24.9 4.16 5.10 

Impedance [kΩ] 258 124 0.50 

lenght [km] 120 11.88 3.27 

Number of Switchgears 2 5 0.40 

Load [MVA] 1.56 3.57 0.41 

 

Table 4.18 shows two test feeders, the IEEE 34 and IEEE 123 nodes. The information consigned 

in Table 4.18 demonstrates two power distribution system with different characteristics, it can 

prove when the column of the rate between the system 1 and 2 is analyzed. The rate is above three 
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in aspect as line voltage and the length. In addition, it is below 0.5 in aspects like the number of 

nodes, impedance, and load. 

On the other hand, this chapter presents a physical active distribution network, which will be used 

to validate the M1 method.  This physical network can represent different fault and no-fault 

operating conditions such as switching capacitors, load variation, cut-off generation, type of faults, 

resistance fault, and fault location. In addition, it can simulate critical operating conditions as the 

unbalance voltage. Finally, this network is equipped with an SEL 351 relay that will emulate the 

acquisition module and communicate it with the SBC. 

 



 CHAPTER 5. 

 

 

5. Results of the Adaptive Protection Methods 
 

This chapter presents the results and discussion obtained for each of the methods explained in 

section 3 and validated in the test feeders described in section 4. In the following subsections are 

exposed the results obtained. 

5.1. M1-Intelligent Fault Detector 
 
The results obtained from each assessment of the intelligent fault detector will be analyzed using 

the accuracy value presented in (12). Its formulation should consider a binary classifier instead of 

a dynamic-multiclass model. The method was tested in the IEEE 34 and IEEE 123 node test feeder 

where the results will be presented next. 

 

5.1.1.  IEEE 34 Node Test Feeder 

 

The following subsections present the results obtained for the validation of the adaptive protection 

methodology into the IEEE34 node test feeder for two cases. The first case analyzes the IEDs 

outside of the MG. The second case studies the IEDS inside of MG. 

 

A. IEDs Placed into ADN 

For this case, the model obtained from the method was trained and validated for 32 IEDs. Fig. 5.1 

presents the performance of the method for three ML techniques mentioned in section 4.1.1. 

 
Fig 5.1. Accuracy performance of the method for IEDs placed outside of the MG. 
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In Fig. 5.1, it is possible to observe that the intelligent fault detection method was tested for 

different alternatives. Generally, several ML techniques present a similar performance outline 

along with all IEDs, but there are some remarkable differences for some IEDs. The SVM model 

achieves the lowest performance, where the average IED accuracy is 90%. As expected, the ML 

model selected for each IED could be different; it depends exclusively on the ML technique that 

presents the highest accuracy. For example, the ML model selected for fault detection in the tenth 

IED is DT, because it has the highest accuracy for that particular IED. Similarly, the ML model in 

the eighteenth IED is NN, because it obtained the highest accuracy concerning the other 

techniques.  

 

Table 5.1 presents the confusion matrices for the different ML techniques for two specific IEDs. 

The confusion matrices were obtained as the result of the validation process. 

 

Table 5.1. Confusion matrix for the third and seventeenth IEDs placed outside of the MG. 

No 

IED 

 DT SVM NN 

NF F NF F NF F 

3 
NF 2878 51 2878 51 2878 51 

F 0 2585 0 2585 1 2584 

17 
NF 3286 655 3278 663 3678 263 

F 61 1512 248 1325 209 1364 

In this case, several confusion matrices for the third and seventeenth IEDs are compared to each 

other. For the third IED, any of the ML techniques validated could be selected as an intelligent 

fault detector model because the confusion matrices are too similar. However, for the seventeenth 

IED, there is a huge difference among the confusion matrices, which could be selected NN due to 

it had the least amount of wrong scenarios. On the other hand, if we analyze the confusion matrices 

for the third IED, it is possible to observe that the percentage of class samples balance is near 50-

50. However, for the seventeenth IED, this proportion is not equal due to the location of the IED. 

In this case, the IED placement makes that for several fault operating condition. Despite the 

occurrence of a fault in the ADN, this IED must not observe it because any source of fault current 

flows by it. As a result, the number of fault operating conditions could reduce, and the normal 

operating conditions increase. Therefore, recommendations of a balanced training dataset will not 

accomplish. 

 

B. IEDs Placed into MG 

In the second case, the method was trained and validated for18 IEDs located inside of the MG.  

Fig. 5.2 presents the performance of the intelligent fault detector method for three ML techniques, 

which were described in section 3.1.1.A. 
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Fig 5.2. Accuracy performance of the method for the IEDs placed into the MG. 

In Fig. 5.2 is possible observed that the intelligent fault detection method brings different ML 

models. The method trains the IEDs placed not only on the ADN but also inside of the MG. The 

lowest performance for this test can be observed in the DT model, where the average of the IEDs 

accuracy is 97%. There is not a significant difference between the performances of the other ML 

models. This behavior means that in this case, it is possible to select a single ML algorithm for all 

the IEDs, in contrast with the results observed in the previous case. For example, the ML model 

selected for the seventh IED could be SVM or NN due to both are presenting equally acceptable 

accuracy for this IED. Similarly, the ML model selected in the fourteenth IED could be SVM or 

NN. 

 

Table 5.2 presents the confusion matrices for the ML models tested for two specific IEDs. The 

confusion matrices were obtained as the result of the validation process. 

 

Table 5.2. Confusion matrices for the eleventh and seventeenth IEDs outside of the MG 

No 

IED 

 DT SVM NN 

NF F NF F NF F 

11 
NF 2882 40 2878 44 2882 40 

F 0 2376 1 2375 1 2375 

17 
NF 4846 42 4883 5 4860 28 

F 256 154 260 150 67 343 

 

Here, the method compared several confusion matrices to each other as the third and seventeenth 

IEDs. For example, in the eleventh IED could be selected as the intelligent fault detector the DT 

model. In the case of the seventeenth IED, it had the same behavior as the previous analysis. Hence, 

it could be selected the NN model due to it had the least amount of wrong operating conditions 

detected. 
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On the other hand, Fig. 5.3 presents the DT models to different IEDs for the cases proposed, where 

the DT model was chosen due to among all the techniques used, its model is the simplest technique 

to implement. Here, we can observe that the DT models present vast differences from each other 

in their form and features. The model presented for the case 1 has few branches, which means that 

it is simple for implementation. On the other hand, the model presented for case 2 has several 

branches, which means that its implementation is more complex than case one. Additionally, the 

difference between DT models evidences that each IED must obtain its own specific model. Hence, 

a generalized model with outstanding performance for the whole ADN is not possible to obtain. 

The mentioned above shows the versatility and flexibility of the method proposed, because the 

models to protect a line section of ADN will depend on the performance achieved by the model 

and the complexity of its implementation. 

 

DT model of IED 3 

for Case 1 

 
 

DT model of IED 

11 for Case 2 

 
Fig 5.3. Decision tree model for different IEDs. 

Regardless of the method proposed to detect a faulted condition for unbalanced ADN, it shows 

outstanding results for the test cases. The performance obtained in case 2 presented a higher 

average of accuracy than the case 1. It means that the proposed method works for different contexts 

of operation; in case 1, the DSO can train its IEDs to protect the networks from faults in front of 

different operational changes. If the case 2 is analyzed can be inferred that the MGCC could train 

its IEDs to protect its zone of influence (MG) from faults inside or faults outside of the MG. 

 

5.1.2.  IEEE 123 Node Test Feeder 
 

The following subsections will present the results obtained for the validation of the IEEE123 node 

test feeder in front of two cases. The first will analyze the IEDs outside of the MG. The second 

will study the IEDS inside of MG. 

A. IEDs Placed into ADN 
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For this case, the method was trained and validated for 26 IEDs. Fig. 5.4 presents the performance 

of an intelligent fault detector for the same ML techniques made in the previous test feeder. 

 

 
Fig 5.4. Accuracy performance of IEDs in case 1 for IEEE 123 test feeder. 

In Fig. 5.4 can be observed that the accuracy of ML techniques is above 93%. The performance of 

the method is better than it was observed in the previous test feeder. The hightest ML technique 

observed was the NN, and the lowest ML technique is the SVM. Contrary to IEEE 34 test feeder, 

if the accuracy in each IED is analyzed, we can note a tendency where the highest ML technique 

in each IED is NN. 

Table 5.3 presents the confusion matrices for the different ML techniques for two specific IEDs. 

The confusion matrices were obtained as the result of the validation process. 

 

Table 5.3. Confusion matrix for the fifth and thirteenth IEDs in case 1 for IEEE 123 test feeder. 

No 

IED 

 DT SVM NN 

NF F NF F NF F 

5 
NF 31035 49 31045 39 31062 22 

F 408 4949 458 4899 122 5235 

13 
NF 33246 171 33358 59 32803 614 

F 1867 1157 2453 571 894 2130 

 

In this case, several confusion matrices for the fifth and thirteenth IEDs are compared to each 

other. For the fifth IED, we can observe that the ML technique with the highest performance is 

NN due to it has only 144 operating conditions that were wrongly detected. On the other hand, the 

ML technique that presents the highest performance to the thirteenth IED is NN where it has 1508 

operating conditions that were wrongly detected. 

 

B. IEDs Placed into MG 
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In this case, the model acquired from the method was trained and validated in 4 IEDs placed into 

the MG. Fig. 5.5 presents the performance of an intelligent fault detector for the same ML 

techniques used in the previous test feeder. 

 

Fig 5.5. Accuracy performance of IEDs in case 2 for IEEE 123 test feeder. 

In Fig 5.5 can be noted that the IED with the lowest performance for this test is the SVM model, 

where the average of the IEDs accuracy is 96.7%. Additionally, there is a similar behavior among 

the outlines of the different ML techniques performance where the highest performance observed 

is attributed to the NN model with an average of 98%. However, any of the ML techniques tested 

offer a significant difference in accuracy when are compared to each other. 

 

Table 5.4 presents the confusion matrices for the ML models tested for two specific IEDs. The 

confusion matrices were obtained as the result of the validation process. 

 

Table 5.4. Confusion matrix for the first and fourth IEDs in case 2 for IEEE 123 test feeder. 

No 

IED 

 DT SVM NN 

NF F NF F NF F 

1 
NF 35734 16 35750 0 35728 22 

F 311 380 406 285 134 557 

4 
NF 23999 0 23999 0 23999 0 

F 95 12347 80 12362 210 12232 

Here, the method compared several confusion matrices to each other as the first and fourth IEDs. 

For example, in the first IED could be selected as intelligent fault detector model the NN due to it 

presents the lowest number of mistakes. In the case of the fourth IED, the SVM model could be 

the technique to select because it only presents 80 operating conditions wrongly detected as a no-

fault.  
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If the accuracy values and the confusion matrices obtained for the IEEE123 test feeder are 

compared with the results acquired in the previous test feeder, we can see that the accuracy 

performance reached for the model in the IEEE 123 has a better behavior than IEEE 34. However, 

the confusion matrices show that there is a higher number of cases wrongly detected as no-fault 

for the model validated in the IEEE123 model than the model validated in the IEEE34. 

5.1.3. Unigrid ADN Laboratory Test Feeder 
 

The following subsections present the results obtained for the validation of the method M1 in the 

Unigrid ADN Laboratory test feeder for two cases. The first case analyzes the method in a 

simulation environment. The second studies the method in a physical ADN. 

A. Offline Test Validation 

The offline test validation for the intelligent fault detector NN model was made on three different 

IEDs located in the Uninorte’s ADN laboratory. The IEDs were located in one of the extremes of 

the following three-phase section lines: 650-632, 632-633, and 632-671. Table 5.5 presents the 

confusion matrix obtained for each detector using the default hyper-parameter, such as one hidden 

layer and 100 neurons by each hidden layer. 

Table 5.5. Confusion matrix for intelligent fault detector model using default hyper-parameters 

MC 

  

IED 1 IED 2 IED 3 

NF F NF F NF F 

NF 629999 0 669199 0 629850 149 

F 2653 44387 0 7840 1419 45621 

Acc [%] 99.608 100 99.76 

Dep [%] 94.36 100 96.98 

 

Table 5.5 shows that the performance of the method is already acceptable with the chosen default 

hyper-parameter values. The average accuracy is above 99.75%, and the average dependability is 

above 94.3%. 

Once the initial NN model was obtained, then, an iterative process model to find the best 

combination of features and hyper-parameters for each IED using the strategy proposed in section 

3.4.2. Table 5.6 presents the feature combinations and hyper-parameters obtained once the method 

reaches the number of iterations. 

Table 5.6. The best combination of features and hyper-parameters obtained per each intelligent 

fault detector model. 

IED Acc [%] Hyper-parameters Feature selection combination 

1 99.93 (109, 135,7 5) 𝑆𝑎𝑏𝑐 , 𝑍𝑎𝑏𝑐 , 𝑉𝑎𝑏𝑐 , 𝜃𝑉𝑎𝑏𝑐 , 𝐼𝑎𝑏𝑐 , 𝜃𝐼𝑎𝑏𝑐  

2 100 (100, 0, 0) 𝑆𝑎𝑏𝑐 , 𝑍𝑎𝑏𝑐 , 𝑉𝑎𝑏𝑐 , 𝜃𝑉𝑎𝑏𝑐 , 𝐼𝑎𝑏𝑐 , 𝜃𝐼𝑎𝑏𝑐  

3 99.94 (130, 93, 84) 𝑆𝑎 , 𝑍𝑎𝑐 , 𝑉𝑎𝑏𝑐 , 𝜃𝑉𝑎𝑐 , 𝐼𝑎𝑐 , 𝜃𝐼𝑏 
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From Table 5.6, it is possible to note that the first detector has the same combination of features 

as the initial neural network model. Otherwise, the number of hidden layers is three, and the 

neurons per each hidden layer are 109, 135 and 75, respectively. On the other hand, the third 

detector presents a change not only in the number of hidden layers and neurons but also uses a 

different combination of features. Table 5.7 shows the confusion matrix and dependability 

indicator for each detector after being adjusted. 

Table 5.7. Confusion matrix for intelligent fault detector model with an adjustment process. 

CM 

 

IED 1 IED 2 IED 3 

NF F NF F NF F 

NF 629999 0 669199 0 629999 0 

F 413 46627 0 7840 387 46653 

Dep [%] 99.12 100 99.17 

 

Additionally, from Table 5.6 and Table 5.7, one can observe that the method achieves its better 

performance after adjustment concerning the default models. The average accuracy is above 

99.93%, while the average dependability is above 99%. 

B. Online Test Validation 

For the online test, we decide to place the intelligent fault detector model (IED) between nodes 

650 and 632. The model was embedded into a SBC board placed in Uninorte’s ADN laboratory to 

assess the operating conditions presented in section 4.3.1. Table 5.8 shows the confusion matrix 

obtained from the physical validation of the model. 

Table 5.8. Operating scenarios for the intelligent fault detection training and validation. 

CM 

 

IED 1 

NF F 

NF 26 2 

F 0 18 

Acc [%] 95.65 

Dep [%] 100 

 

In Table 5.8, the adaptive fault detector neural network model presented outstanding results when 

was tested on a physical grid. Only two cases of no-fault operating conditions were detected as 

fault operating conditions by the adaptive fault detector model. The accuracy obtained was below 

the average accuracy presented in the offline test. It could be attributed to factors, such as noise, 

network modeling, operating conditions missed, among others. 

Fig 5.6 and Fig 5.7 show the behavior of different features and the trip signal in different no-fault 

operating conditions. Fig 5.6 reproduces a no-fault operating condition with no DG connected, no 

capacitor switching, original topology, and a change in load from 100% to 67%. Similarly, Fig 5.7 

reproduces no-fault operating conditions with DG connected, capacitor switching, alternative 

topology, and a load of 67%. 
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Fig 5.6. No fault operating condition with no DG connected 

 

Fig 5.7. No fault operating condition with DG connected. 

In Fig 5.6 is evident observe that there is a change of the injection of apparent power given by the 

grid in the interval from 11 to 17 seconds. However, the trip signal remains at zero. That means 
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the adaptive fault detector NN model is being able to identify the signal variations in the grid as 

part of normal operation instead of a fault condition. Similarly, in Fig 5.7 is possibly appreciate a 

variation of the measured features between 8 and 10 seconds, which can be associated with the 

capacitor switching. Despite the observed variation, the trip signal remains at zero, the model gives 

meaning a no-fault detection. 

Fig 5.8 and Fig 5.9 show the behavior of different features and the trip signal in front of several 

fault operating conditions. Fig 5.8 assesses a fault operating condition with no DG connected, 

original topology, a load of 100%, and a three-phase fault in the node 632 with a fault resistance 

equal to 40Ω. Similarly, Fig 5.9 assesses a fault operating conditions with DG connected, capacitor 

switching, alternative topology and load of 67%, and a single-phase fault in the node 671 with a 

fault resistance equal to 40Ω. 

 

Fig 5.8. Fault operating condition with a three phase fault in the node 632 with a resistance of 

40Ω. 
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Fig 5.9. Fault operating condition with a single phase (A) fault in the node 671 with a resistance 

of 40Ω. 

In Fig 5.8, there is an increase of the current level in the interval between 8 and 10 seconds, which 

matches with a trip signal equal to one, meaning that the model detected a fault in the ADN. 

Similarly, Fig 5.9 shows a variation of the measured features in the interval between 8 and 10 

seconds, which can be associated with the presence of a single phase (A) fault to ground. Besides, 

the model detected the fault when the trip signal changed from 0 to 1, which means that the model 

took just one cycle or 16, 6 ms to identify a state of fault. Finally, one should note that the average 

time from fault detection to the open of the circuit breaker was near 800 ms, where the average 

interrupting time of the circuit breaker is approximately 780ms. This time is too high due to the 

interrupting time specifications of the circuit breaker 

 

5.2. M2-Test for Micro Grids Decentralized Hybrid Data-Driven Cuckoo Search based 

Adaptive Protection Model 

 

The following subsections explain the validation of the adaptive protection model for two-node 

test feeder: IEEE34 and IEEE123. 

5.2.1.  IEEE 34 Node Test Feeder 
 

The following subsections present the results obtained for the validation of the IEEE34 node test 

feeder in front of two cases. The first analyzes the method without feature selection and tuning. 

The second studies the models obtained with feature selection and tuning. 

 

A. Test Feeder Without Feature Selection  
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This section presents the analysis for the decentralized adaptive protection method into the IEEE 

34 node test feeder. This case considers the training and validation of all IEDs with all features 

and default hyper-parameter presented in section 4.1.2. The IEDs are deployed in four categories. 

Each category is related to the number of backup protection zone that offers each IED. For the first 

category, the IEDs do not bring backup protection to other IEDs, being the number of labels equal 

to two. For the second category, the IEDs have three labels, which are non-faults, primary 

protection zone, and one backup protection zone. Similarly, the third and fourth category, have 

four and five labels, respectively, which are non-fault, primary protection zone, and the rest labels, 

backup protection zones. Fig 5.10 shows the accuracy for each IED organized for categories. 

 

Fig 5.10. Performance for proposed adaptive protection method for case 1: (a). IEDs with two 

labels; (b). IEDs with three labels; (c). IEDs with four labels; (d). IEDs with five labels. 

From Fig 5.10 is observed that the performance of NN techniques is acceptable, presenting an 

average accuracy higher than 90%. In addition, the figure shows that as the number of labels 

increases, the performance of the techniques decreases slightly. It is due to the complexity of the 

problem increases with an increasing number of labels. On the other hand, Table 5.9 shows a 

comparison between two standard metrics for each category: the accuracy for the ML techniques 

performance and dependability for the protection scheme. 

Table 5.9. Accuracy and dependability for proposed adaptive protection method in case 1 for 

IEEE 34 test feeder. 

GROUP IED Accuracy [%] Dependability [%] 

NN  NN  

1 2 99.603 99.701 

15 98.054 98.590 

2 
1 99.735 100.000 

3 99.338 99.751 

4 99.272 99.601 
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6 98.379 99.476 

7 98.764 99.651 

9 97.683 99.077 

10 95.133 97.504 

12 99.074 99.701 

17 98.749 99.512 

19 98.240 99.511 

20 95.128 99.298 

3 

8 89.314 98.233 

11 95.055 99.514 
13 94.338 99.577 

14 90.884 98.802 

16 95.832 99.238 

18 97.846 100.000 

4 5 92.008 98.759 

Average 96.623 99.274 

Standard Deviation 3.070 0.6246 

 

Table 5.9 presents two relevant aspects. The first aspect shows that the adaptive protection solution 

has the outstanding performance to detect a status of fault in MG and ADN with an average above 

96% and a standard deviation of 3.017%. The second indicates that a good performance in the 

accuracy is not necessarily a signal of good behavior in dependability where the average and 

standard deviations are µ=99.274% and σ=0.6246%. The confusion matrix for the IEDs with the 

highest and lowest accuracy is presented in Table 5.10 and Table 5.11, respectively. 

 

Table 5.10. Confusion matrix of the first IED in case 1 for IEEE 34 test feeder 

CM 
Group 2-IED1-NN 

NP PP PR1 

NP 1001 6 1 

PP 0 1006 1 

PR1 0 0 1008 

 

Table 5.11. Confusion matrix in the fifth IED in case 1 for IEEE 34 test feeder 

CM 
Group 4-IED5-NN 

NP PP PR1 PR2 PR3 

NP 276 8 2 0 2 

PP 2 282 1 1 1 

PR1 1 2 269 13 3 

PR2 0 0 12 248 28 

PR3 2 1 3 11 271 

 

Table 5.10 presents the confusion matrix for the first IED, which is located between the nodes 800-

808, which is the IED with the highest accuracy in the whole network with three labels. 
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Conversely, Table 5.11 shows the confusion matrix for the fifth IED, which is located between the 

nodes 816-824, and has the lowest accuracy in the whole network with four labels. Here, it is 

possible to conclude again that the performance of the method is affected by the increase in the 

number of labels. 

 

B.  Test Feeder with Feature Selection 

Like the previous analysis, Fig 5.11 presents the performance for the proposed adaptive protection 

method for case 2. This case considered the feature selection and tuning by the CSA metaheuristic. 

 

Fig 5.11. Performance for proposed adaptive protection method for case 2: (a). IEDs with two 

labels; (b). IEDs with three labels; (c). IEDs with four labels; (d). IEDs with five labels. 

The case 2 used the feature selection and tuning to obtain the decentralized adaptive protection 

model, in this way, Fig 5.11 presents accuracy values higher than the case 1. It shows that the 

feature selection and tuning strategies of NN models are necessary to guarantee outstanding results 

in decentralized adaptive protection problems. Besides, the figure shows that the outline 

performance of each group is similar to the performance shown in case 1. Table 5.12 shows a 

comparison between the accuracy and dependability of each IED for case 2 in the different 

categories. 

 

Table 5.12. Accuracy and dependability values for case 2 with feature selection for IEEE 34 test 

feeder 

GROUP IED Accuracy[%] Dependability [%] 

 NN  NN  

1 2 99.602 99.602 

15 99.096 99.300 

2 1 99.933 100.000 

3 99.470 99.950 
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4 99.437 99.601 

6 99.073 99.739 

7 98.996 99.651 

9 99.207 99.541 

10 97.682 98.589 

12 99.404 99.701 

17 99.351 99.861 

19 99.119 99.791 

20 96.983 98.944 

3 

8 93.744 99.657 

11 97.384 99.347 

13 97.951 99.577 

14 96.853 99.353 

16 97.985 99.722 

18 98.402 99.859 

4 5 96.456 98.592 

Average 98.306 99.518 

Standard Deviation 1.487 0.4014 

 

For this case, the average and standard deviation of accuracy are 98.306% and 1.487%, 

respectively. The average increases 1.74%, and the standard deviation decreases 51% concerning 

case 1. On the side of dependability, the average and standard deviation present a better behavior 

than case 1. The average of dependability is slightly higher than the average of decentralized 

adaptive protection solutions without feature selection. Besides, the standard deviation of 

dependability decreases 35% with respect to the case 1.  

 

Table 5.13 shows the feature combination and hyper-parameters obtained with cuckoo search 

metaheuristics. The first IED presents the highest accuracy with 99.934%, and the eighth IED 

presents the lowest accuracy with 93.744%. The results show a significant number of IEDs that 

use features relate to sequence components for training and validation. Although it cannot be 

generalized, we observe that sequence component-based features can obtain a good performance 

in protection methods based on NN data-driven models. 

Table 5.13. The best combination of features and hyper-parameters for each IED in the IEEE 34 

nodes. 

IED Acc 

[%] 
Hyper 

parameters 
Feature selection combination 

1 99.934 (42,75,0) 11,14,18,19,22,26,27,28,30,33,34 

2 99.603 (100,0,0) 
1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,171,18,19,20,21,22,23,24, 

25,26,27,28,29,30,31,32,33,34 

3 99.471 (62,133,0) 1,2,5,11,12,15,16,18,20,25,27,28,29 

4 99.438 (133,82,78) 1,2,4,5,8,10,11,14,15,16,18,19,22,24,25,30 

5 96.456 (139,138,53) 1,5,6,8,11,12,14,15,16,18,19,20,23,24,25,26,29,33 
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6 99.074 (44,42,53) 1,3,4,6,10,,17,19,20,23,27,30,33,34 

7 98.996 (82,33,0) 2,3,4,8,10,13,15,16,18,22,28,29,30,31,33 

8 93.744 (115,117,0) 1,5,9,10,12,13,14,15,16,18,19,20,22,27,28,31,33 

9 99.207 (94,32,55) 1,7,16,18,19,24,27,28,2931,33 

10 97.682 (42,113,67) 1,2,6,8,15,20,23,24,25,26,28,31,32,33,34 

11 97.385 (44,59,35) 3,4,5,10,15,17,18,20,21,28,31 

12 99.405 (55,110,0) 1,3,4,5,6,7,13,16,18,20,22,25,26,27 

13 97.951 (132,91,0) 2,3,4,5,6,7,8,9,11,15,18,20,26,27,31,33 

14 96.853 (121,135,0) 1,3,4,5,6,7,20,24,27,29,30,31,33,34 

15 99.097 (121,125,49) 3,22,28,29,32,33 

16 97.985 (114,67,0) 1,8,11,14,15,16,19,22,25,27,29,30,31,33 

17 99.352 (115,71,0) 4,5,10,12,14,15,18,20,22,24,27,28,31 

18 98.402 (104,63,0) 4,5,9,11,14,15,17,25,27,30,31,33 

19 99.120 (64,62,0) 1,7,8,9,15,17,18,19,22,27,30,31,33 

20 96.984 (55,74,106) 2,6,16,17,18,23,24,27,29,31,33 

 

The combinations exposed in Table 5.13 were obtained by CSA, which was executed ten times. 

In this way, it guarantees that the combination obtained for each IED was near an optimal solution, 

achieving a quasi-optimal adjustment. The Average CPU time represents the average time taken 

by each IED to execute the feature selection and tuning tasks were of one hour. The elapsed time 

was evaluated in the same machine (Processor: Intel(R) Core (TM) i7-8550U -1.8GHz, with turbo 

boost up to 4.0 GHz). 

  

Table 5.14 and Table 5.15 present the confusion matrix for the first and eighth IED, respectively. 

If both IEDs are compared with the confusion matrix of case 1, we can note a significant 

improvement in the accuracy and dependability. The aforementioned, is possivel note clearly in 

the eighth IED where the numbers of scenarios that were wrongly detected as no-fault presented a 

reduction of 77%. Besides, the scenarios wrongly detected as primary protection or backup 

protection were reduced by 43%. 

 

Table 5.14. Confusion matrix in the first IED for case 2 (IEEE 34 nodes). 

CM 
Group 2-IED1-NN 

NP PP PR1 

NP 1006 2 0 

PP 0 1007 0 

 PR1 0 0 1008 
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Table 5.15. Confusion matrix in the fifth IED for case 2 (IEEE 34 nodes). 

CM 
Group 4-IED5-NN 

NP PP PR1 PR2 PR3 

NP 278 10 0 0 0 

PP 5 282 0 0 2 

PR1 1 2 279 4 2 

PR2 0 0 5 269 14 

PR3 2 0 0 6 280 

  

5.2.2. IEEE 123 Node Test Feeder 

 

The following subsections will present the results obtained for the validation of the IEEE123 node 

test feeder in front of two cases. The first analyzes the method without feature selection and tuning. 

The second studies the models obtained with feature selection and tuning. 

 

A. Test Feeder without Feature Selection  

In this section, the analysis for the decentralized adaptive protection method into the IEEE 123 

node test feeder is made. The IEDs are showed in four categories. Each category is related to the 

number of back-up protection zone that offers each IED. Fig 5.12 shows the accuracy for each IED 

organized for categories. 

 

Fig 5.12. Performance for proposed adaptive protection method for case 1: (a). IEDs with two 

labels; (b). IEDs with three labels; (c). IEDs with four labels; (d). IEDs with six labels. 

The performance of the NN techniques is regular, especially in the category with six labels, 

presenting an average accuracy higher than 45%. In addition, the figure shows that as the number 

of labels increases, the performance of the techniques decreases significantly. This is due to the 
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complexity of the problem increases with an increasing number of labels. On the other hand, Table 

5.16 shows a comparison between the accuracy and dependability of the decentralized adaptive 

protection method for the IEEE 123 test feeder. 

Table 5.16. Accuracy and dependability values in case 1 for IEEE 123 test feeder. 

GROUP IED 

Accuracy 

[%] 

Dependability 

[%] 

NN NN 

1 

2 99.02 98.23 

7 94.41 98.01 

8 100 100 

21 100 100 

28 100 100 

30 99.46 99.78 

2 

11 89.73 100 

13 92.19 100 

14 96.02 99.95 

19 89.9 99.88 

24 99.47 100 

27 86.85 100 

3 

1 72.83 96.28 

4 75.82 99.34 

5 66.26 93.48 

6 68.53 95.69 

9 73.83 100 

10 84.91 99.84 

12 91.76 100 

15 79.98 99.83 

16 76.98 99.58 

17 82.08 99.93 

18 71.92 99.64 

20 96.89 99.26 

22 68.3 99.4 

23 65.71 99.94 

25 83.43 100 

4 

3 47.29 84.92 

26 58.06 100 

29 46.26 99.47 

Average 81.93 98.75 

Standard Deviation 15.6 3.02 
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From Table 5.16 several aspects must be discussed. The first is related with the adaptive protection 

solution, which presents an acceptable performance to detect a status of fault into MG or ADN 

with an average above 81.93% and a standard deviation of 15.6%. Second, the method presents an 

outstanding result when the dependability indicator is analyzed. It shows an average of 98.75% 

and a standard deviation of 3.02 %. Third, the highest results of accuracy were obtained in the first 

and second categories. In addition, the lowest results of accuracy were obtained in the fourth 

category. The aforementioned indicates that an adaptive protection model with a high number of 

labels could present a low accuracy indicator; however, this behavior could not extend to the 

dependability indicator. The confusion matrix for the IEDs with the highest and lowest accuracy 

are presented in Table 5.17 and Table 5.18, respectively. 

 

Table 5.17. Confusion matrix of the twelfth IED in case 1 for IEEE 123 test feeder. 

CM 
Group 3-IED12-NN  

NP PP PR1 PR2 

NP 673 2 6 8 

PP 0 579 4 106 

PR1 0 1 616 72 

PR2 0 19 18 651 

 

Table 5.18. Confusion matrix in the third IED in case 1 for IEEE 123 test feeder. 

CM 
Group 4-IED 3-NN  

NP PP PR1 PR2 PR3 PR4 

NP 79 10 4 5 6 9 

PP 4 65 9 10 5 21 

PR1 8 21 29 22 14 20 

PR2 10 24 20 31 9 20 

PR3 3 7 5 5 44 50 

PR4 1 11 2 6 28 66 

 

Table 5.17 presents the confusion matrix for the twelfth IED, which is located between the nodes 

013-018, with four labels. Likewise, Table 5.18 shows the confusion matrix for the third IED, 

which is located between the nodes 152-054, which has the lowest accuracy in the whole network 

with five labels. 

 

B.  Test Feeder with Feature Selection 

 

Like the previous analysis, Fig 5.13 presents the performance for the proposed decentralized 

adaptive protection method for case 2. This case considers the feature selection and tuning made 

by CSA metaheuristic as was explained in section 3.2. 
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Fig 5.13. Performance for proposed adaptive protection method for case 2: (a). IEDs with two 

labels; (b). IEDs with three labels; (c). IEDs with four labels; (d). IEDs with six labels. 

Due to the feature selection and tuning made Fig 5.13 presents values of accuracy higher than to 

case 1. It shows that the feature selection and tuning strategies of NN models are necessary to 

guarantee acceptable results in decentralized adaptive protection problems. Besides, Fig 5.13 

shows that the third and fourth categories presented a significant increase in the accuracy indicator 

if those values are compared with case 1. Table 5.19 shows a comparison between the accuracy 

and dependability of each IED for case 2 for the different categories. 

For this case, the average and standard deviation of accuracy are 86.13% and 13.48%, respectively. 

The average increases 6.1%, and the standard deviation decreases 15.72% concerning case 1. On 

the side of dependability, the average and standard deviation present a better behavior than case 1. 

The average of dependability is slightly higher than the average of decentralized adaptive 

protection solutions without feature selection. Besides, the standard deviation of dependability 

decreases 71% with respect the value of case 1.  
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Table 5.19. Accuracy and dependability values in case 2 for IEEE 123 test feeder. 

GROUP IED 

Accuracy 

[%] 

Dependability 

[%] 

NN NN 

1 

2 99.95 99.89 

7 96.2 99.89 

8 100 100 

21 100 100 

28 100 100 

30 99.78 100 

2 

11 95.55 99.95 

13 95.01 100 

14 98.92 100 

19 92.72 99.88 

24 99.61 100 

27 90.46 100 

3 

1 86.38 96.28 

4 87.8 99.45 

5 74.34 97.1 

6 79.25 99.19 

9 84.2 100 

10 89.64 100 

12 94.84 99.93 

15 81.89 99.91 

16 83.66 99.53 

17 85.92 100 

18 74.12 99.93 

20 98.19 99.85 

22 71.03 100 

23 67.24 99.96 

25 83.64 100 

4 

3 53.73 98.62 

26 63.28 100 

29 56.43 99.48 

Average 86.13 99.63 

Standard Deviation 13.48 0.86 

 

Table 5.20 shows the feature combination and hyper-parameters obtained with CSA 

metaheuristics. Here, the eighth, twenty-first, and twenty-eighth IED present the highest accuracy 

with 100%, and the third IED presents the lowest accuracy with 53.73%. 
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Table 5.20. The best combination of features and hyper-parameters for each IED in the IEEE 34. 

IED 
Acc 

[%] 

Hyper 

parameters 
Feature selection combination 

1 86.38 (100,0,0) 
1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,26,27,28,

29,30,31,32,33,34 

2 99.95 (35,13,0) 
1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,26,27,28,

29,30,31,32,33,34 

3 53.73 (118,80,95) 2,3,5,6,8,9,11,14,16,17,18,19,20,21,24,25,26,27,29,33,34 

4 87.80 (94,140,118) 2,4,5,9,13,14,15,16,17,18,19,20,21,22,23,24,25,26,27,29,31,32,33,34 

5 74.33 (89,89,83) 1,2,3,5,6,7,10,12,13,15,16,,18,19,20,21,22,24,25,26,30,31,33,34 

6 79.24 (142,86,26) 1,3,4,7,8,911,13,15,16,18,19,22,24,26,27,29,32 

7 96.20 (127,75,15) 2,4,5,8,10,11,,12,13,14,15,16,17,18,24,25,26,27,31,32,33,34 

8 
100 

(100,0,0) 
1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,26,27,28,
29,30,31,32,33,34 

9 85.86 (115,103,11)1

) 
1,3,4,5,6,8,9,10,11,12,14,15,16,18,21,22,23,26,27,29,30,32,34 

10 90.51 (147,56,71) 1,2,3,4,6,8,9,10,12,13,14,15,16,18,19,20,22,27,28,29,30,31,32,33 

11 94.90 (81,128,68) 1,2,3,5,7,8,11,12,14,16,18,21,23,24,25,26,27,30,31,32,33,34 

12 94.84 (101,101,56) 1,2,3,4,6,9,10,11,14,16,17,18,21,22,23,24,25,26,28,29,30,32,33,34 

13 95.30 (130,86,86) 1,2,3,5,7,8,10,11,12,13,14,15,16,17,19,20,21,25,26,27,30,32,34 

14 99.13 (145,45,18) 2,4,5,7,11,12,13,16,17,18,19,20,21,22,27,29,30,32,33 

15 81.89 (65,101,0) 1,2,3,4,5,6,7,8,9,10,11,12,14,15,17,18,19,23,24,26,27,29,31,32,33,34 

16 83.66 (107,127,83) 1,2,3,4,5,7,8,9,10,14,15,16,17,18,19,20,21,22,23,25,26,27,28,29,30,31,32,34 

17 85.92 (140,69,101) 2,3,5,10,15,16,17,20,21,24,27,28,29,31,32,33 

18 74.12 (125,66,114) 1,2,3,4,5,7,10,11,13,15,17,20,21,22,24,27,28,29,30,31,32,33,34 

19 92.71 (146,91,0) 1,2,3,4,5,6,10,11,12,13,15,16,17,20,22,23,25,27,28,29,31,33,34 

20 98.19 (148,128,94) 1,2,3,4,7,9,11,14,15,16,17,19,21,22,25,27,29,31,33,34 

21 100 (100,0,0) 
1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,26,27,28,

29,30,31,32,33,34 

22 71.02 (138,99,131) 1,2,5,6,8,9,10,12,13,17,19,22,25,28,30,31,33,34 

23 67.24 (136,115,19) 1,2,5,7,9,10,11,12,13,15,16,19,20,21,22,25,26,27,29,30,31,32 

24 99.61 (74,140,64) 2,3,4,5,10,11,12,13,14,18,19,18,20,21,22,23,24,26,27,28,29,30,31,33,34 

25 83.63 (9,122,0) 1,3,5,6,8,10,14,15,16,17,18,20,21,22,23,24,25,27,28,30,31,32,33,34 

26 63.28 (149,127) 1,4,5,6,7,9,10,11,12,14,16,17,18,19,20,21,22,23,25,29,28,29,30,31,34 

27 90.45 (92,135,51) 1,2,5,6,7,8,9,11,14,15,16,17,18,20,21,22,24,25,26,27,28,29,31,32,33 

28 100 (100,0,0) 
1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,26,27,28,

29,30,31,32,33,34 

29 56.42 (112,144,97) 1,2,5,6,7,8,10,12,13,14,15,16,17,18,22,23,24,25,26,27,28,29,31,32,34 

30 99.78 (135,23,0)  2,3,4,5,6,7,8,10,11,12,13,14,15,16,19,20,24,27,29,30,31,33 
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The combinations exposed in Table 5.20 were obtained by CSA, which was executed ten times, in 

this way, it guarantees that the combination obtained for each IED was near an optimal solution, 

achieving a quasi-optimal adjustment. The average time taken by each IED to execute the feature 

selection and tuning were similar to the training made in the IEDs of the IEEE34 test feeder. 

  

Table 5.21 and Table 5.22 present the confusion matrix for the twelfth and third IED, respectively. 

If both IEDs are compared with the confusion matrix of case 1. We can note a significant 

improvement in accuracy and dependability. The aforementioned can be noted clearly in the third 

IED, where the numbers of scenarios that were wrongly detected as no-fault presented a reduction 

of 88%. Besides, the scenarios that were wrongly detected as primary protection or backup 

protection were reduced by 10.35%. 

 

Table 5.21. Confusion matrix of the twelfth IED in case 2 for IEEE 123 nodes test feeder. 

CM 
Group 3-IED12-NN  

NP PP PR1 PR2 

NP 676 0 4 9 

PP 0 658 1 30 

PR1 1 0 634 54 

PR2 0 22 21 645 

 

Table 5.22. Confusion matrix in the fifth IED for case 2 (IEEE 123 nodes). 

CM 
Group 4-IED 3-NN  

NP PP PR1 PR2 PR3 PR4 

NP 77 12 12 2 5 5 

PP 0 66 13 22 2 11 

PR1 0 14 50 24 10 16 

PR2 0 24 24 46 5 15 

PR3 1 2 7 6 61 37 

PR4 2 7 10 5 23 67 

. 

5.3. Final Considerations 

 

M1 shows that an NN model was a suitable technique to train an intelligent fault detector model. 

This model presented outstanding results in accuracy performance. Additionally, for this method 

was not necessary to implement a features selection or tuning to improve its performance due to 

the method show an average accuracy above 96% only with common features as magnitudes of 

voltage and current. The method shows its effectiveness in a different context and test feeder. For 

instance, the accuracy of the IEDS located inside of MG were higher than the IEDs located outside 

of the MG. 

For the previous reason, we decide to use the neural network model to develop the M2 method. 

This method shows its effectiveness, adaptability, and outstanding performance-based in NN data-
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driven model for MGs without a communication link between their IEDs. The solution recognizes 

the change of topologies of the ADN to guarantee backup protection to several section lines. One 

of the conclusions of this method is associated with the relation between the performance of the 

decentralized adaptive protection model and the number of labels used by the neural network 

model. If an IED has a high number of labels, it could affect significantly the performance of its 

accuracy. The method uses different features to reach a better performance of the model, for this 

reason, was introduced the features selection and tuning of the neural network model. On the other 

hand, the method presented the concept of coordination because it is capable to assign different 

values of operation time to the same IED. It could operate as primary protection and back-

protection depending on its zone of protection.  

The implementation of M1 used the feature selection and tuning applied in M2. When the features 

and factors are analyzed, it is possible to observe two huge differences. The first is related to the 

characteristics used by M1, like the number of cycles to process the signals and the number of 

features used to identify a state of fault. The implementation of M1 takes 18 features and just one 

cycle to process the input signals, while M2 and M1(simulation test) used two cycles and more 

than 30 features to accomplish this task. The second are the outstanding results showed by the 

intelligent fault detector not only in simulation but also in a physical network. However, different 

aspects have to be considered to reach an acceptable accuracy performance. For example, aspects 

such as the multiple sampling, rate of sampling, number of operating conditions, ML technique, 

and type of SBC play a relevant role in the adaptive fault detector implementation. The 

development of M1 was an experience that allowed understanding the scope of the adaptive 

protection methods. For instance, M1 shows that the unbalance of the network plays an important 

role in the performance of the adaptive protection method used. Besides, it demonstrates that the 

training and validation of adaptive protection devices must consider a dynamic window to obtain 

the features of the current and voltage signals instead of a static window.  

Table 5.23 presents the performance reached by M1 and M2 to different test feeders. This 

performance will be assessed to determine if the research hypothesis must be accepted or rejected. 

This analysis will be made only with the results of M1 and M2 becuase the hypothesis and the 

objectives were formulated for a simulation environment. 

Table 5.23. Performance of M1 and M2 fot the proposed test feeders. 

Indicators 

M1 M2 (With feature selection) 

Accuracy (%) Dependability (%) Accuracy (%) Dependability (%) 

IEEE 

34 

IEEE 

123 

IEEE 

34 

IEEE 

123 

IEEE 

34 

IEEE 

123 

IEEE 

34 

IEEE 

123 

Average ADN/MG 94.95 98.96 95.46 85.99 98.30 86.13 99.51 99.63 

Standard Deviation 

ADN/MG 5.37 0.985 5.22 15.99 1.487 13.48 0.401 0.86 

Confidance interval 
(95%) 

(93.70-
96.19) 

(98.66-
99.25) 

(94.24-
96.67) 

(81.18-
90.79) 

(97.75-
98.84) 

(82.08-
90.17) 

(99.36-
99.65) 

(99.37-
99.88) 

         

Table 5.23 presents a comparison of the performance indicators of M1 and M2 for two test feeders. 

If the results of M1 are analyzed is possible to observe that the accuracy in the IEEE 123 test feeder 
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is higher than in the IEEE 34 test feeder. It can see when the confidence intervals of both models 

are compared; for instance, the maximum accuracy of the confidence interval for the IEEE 34 is 

96.19 %, which is below the minimum accuracy of the confidence interval for the IEEE123 

98.66%. Now, if the dependability of M1 is analyzed, we can see a different behavior. Here, the 

average dependability for IEEE 34 is below the average dependability of IEEE123. This means 

that M1 has low dependability, which could be explained because the adaptive fault detector 

confuses fault-operating conditions with no-fault operating conditions. Besides, it could put at risk 

the networks and their equipment. 

On the other hand, the M2 accuracy performance presents outstanding results in both test feeders. 

However, the method works better in the IEEE34 than in the IEEE123. It could be noted when the 

confidence intervals are compared. For the dependability performance, the behavior is too similar 

in both test feeders. The confidence intervals of both test feeders show that there is a clear 

interception. In this way, we can mention that M2 has a better performance than M1 due to it 

reduces the risk of a misoperation because the dependability indicator is close to 100% in both test 

feeders.  

This thesis developed an adaptive protection method, which is adaptable in front of different 

operating conditions of ADN/MG. The method takes its own protection decisions only with local 

information and AI models. Additionally, it offers backup protection to its adjacent three-phase 

section lines. Beside, it dependability indicator is close to 100% in test feeders with different 

characteristics. Therefore, the hypothesis posed at the beginning of this doctoral thesis can be 

accepted. 

 



 CHAPTER 6. 

 

 

6. Conclusion and Future Work 
 

6.1. Conclusion 

 

This research presents two adaptive protection methods, which were designed over the same 

methodology. This methodology had three relevant considerations such as use local information, 

use artificial intelligence, and an autonomous operation. These considerations seek to fulfill the 

thesis objectives and support the hypothesis validation. Nevertheless, this research presented the 

"decentralized hybrid data-driven cuckoo search-based adaptive protection model" as the most 

important method because of its outstanding results for two different feeders. In this way, the 

hypothesis pose at the beginning of this research was validated according to the results of this 

method. 

 

The most relevant conclusions obtained by each method are described below: 

6.1.1. M1-Intelligent Approach Fault Detector  

This method presented a fault detector for an unbalanced ADN/MG based on artificial intelligence 

models. The proposal presents a novel approach to fault detection, where important 

recommendations were considered in the use of machine-learning models. The modified IEEE 34 

and IEEE 123 distribution systems were used to test the method. Two test cases were proposed to 

validate the method in front of different ML models; the first case trains the IEDs as fault detectors 

outside of an MG, and the second case involves the training of IEDs as fault detectors inside of an 

MG. The results demonstrated the flexibility and simplicity of the method to find models with the 

highest accuracy, showing its versatility to find the suitable ML model for IEDs placed on different 

zones of an ADN. Thus, a protection zone would be composed of groups of IEDs with a variety 

of ML models.  

Moreover, the method evidences excellent benefits in the protection system because each operator 

can train their own IEDs (DSO and MGCC) to bring protection to its zone of influence. In general, 

the solution presented better accuracy in the IEDs belonging to an MG than the ones belonging to 

an ADN with an accuracy of 98% and 97%, respectively. 

Aditionally, this solution was implemented in a real active distribution network, where some 

modifications on the original methods were made. This implementation presents an intelligent 

fault detector based on a neural network model running on an edge device for ADN/MG. The 

method proposes a local protection strategy where each device is responsible for detecting faults 

over its three-phase section line and adjacent lines. The proposed method uses voltage and current 

signals as inputs for the detection process. Additionally, it trains an artificial neural network model 

and embeds it into SBC for real-time operability. The proposed method showed outstanding results 

under the effect of several operating conditions. Besides, the presented method uses a mobile 

window like a factor to obtain the training dataset and takes the decision trip in just one signal 
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cycle. Offline testing shows results with an accuracy of 99.5% and dependability of 99.5%. The 

online test was made in a physical active distribution network. The results show the effectiveness 

and robustness of the intelligent detection model with an accuracy of 95% and dependability of 

100%.  

The main idea of the physical validation was to utilize the decentralized adaptive protection 

method in the ADN laboratory. However, its implementation has a high cost. In this way, the 

implementation of M1 was proposed with some considerations of the methodology used in the 

second method. M1 highlights several aspects to take into account for the implementation of 

adaptive protection methods based on AI. Aspects like time of processing, communication 

protocol, time of communication, and rate of samples must be analyzed, previously. The 

experience gained in this implementation will be used to validate the second method in a physical 

network as future work. 

6.1.2. M2-Micro-Grids Decentralized Adaptive Protection Micro-Grids Based Cuckoo 

Search Algorithm 

The proposed method is validated for a complete set of IEDs using an NN as a model. Besides, it 

uses a CSA to find the best combination of features and hyper-parameters. Also, the optimization 

process uses like fitness function; the accuracy and dependability of each IED. Each IED is trained 

as a classifier, and its classes depend on the number of line sections to protect. In this way, an IED 

have three states to take a protection decision: no-fault, primary protection, and backup protection. 

The proposed method is efficient and robust, using only locally available voltage and current 

signals in each IED without a communications link between them. Additionally, it showed a 

satisfactory performance under different operating conditions such as cut-off generation, change 

of topology, and fault conditions. The time coordination is simple of adjusting because it only need 

to set the time operation for the primary protection and backup protection. 

This method highlights the dependability indicator, which sometimes is negligible for the adaptive 

protection methods based on AI. Therefore, high accuracy is not an indicator of outstanding 

performance. Generally, the number of cases evaluated in the training and validation of AI models 

shows an unbalance dataset that means that the number of the fault and no-fault operating 

conditions are not equal. It can cause a solution with higher accuracy that does not detect some 

fault conditions. Thus, the accuracy indicator supplemented with the dependability indicator makes 

the adaptive protection solution more reliable. 

On the other hand, the method shows the effectiveness of feature selection and tuning, especially, 

by the excellent results obtained in the two test feeder, here, it is possible to observe an increase 

of 5.6% approximately of the accuracy. This increase is obtained without a substantial reduction 

in the dependability indicator. Additionally, the solutions obtained by the method in different test 

feeders show their inclination by symmetrical components features.  

Finally, the method helps to validate the hypothesis of this research. Besides, it demonstrated that 

the hypothesis has to be accepted because the solution accomplishes all the requirements proposed 

in the objectives and its formulation. Also, the method was validated in two test feeders with 

different characteristics, which accomplish with the behavior of ADN/MG. Although the total 

accuracy performance of the method (all IEDS) obtained for one-test feeder shows better results 



 

107 
 

than the other test feeder, the values obtained in specific locations support the hypothesis. 

Additionally, the results of the dependability indicator are close to 100% in both test feeders. 

6.2. Future Work 

 

The future extension of this work aims to explore further the relationship between training class-

balance and model accuracy for ADN and MG fault detection to achieve a protection coordination 

between the IEDs to guarantee reliability. Another future work is to analyze the factors of IED 

location that affect the complexity of the model implementation. 

 

The relations between the number of labels of the decentralized adaptive protection model and its 

performance should be exhaustively analyzed. In this way, we can improve the performance of the 

strategy proposed. On the other hand, we should study how different types of networks affect 

performance. Also, we consider that this model should be implemented in a physical network. It 

will contribute to develop an adaptive protection close to real applications. 

 

This thesis does not deppen in the features used to train the adaptive protection models because it 

was not the core of the research. However, we could explore as future work new features that help 

to improve the accuracy and the response of the adaptive protection models in front of faults. In 

this way, several signals processing techniques can be explored and assessed. 

 

On the other hand, the thesis focuses on the development of adaptive protection methods based on 

artificial intelligence, however, other types of protection methods should be evaluated as future 

work. It will be interesting research and development hybrid protection methods that use elements 

as fault current limiters or sources of short circuits into the ADN/MG. 

Finally, this research seeks to reduce the communication between intelligent electronic devices. 

The methods reach this goal and also, they are capable to protect an ADN/MG without 

communication. However, there is an aspect to analyze and develop. It involves a cost-benefit 

analysis of the adaptive protection methods based on AI. Here, we would find the true impact of 

reducing communication, and the potential use of adaptive protection methods in intelligent 

networks. 
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 APPENDIX A. 

 

 

A. System data for IEEE34 test feeders 
 

This appendix presents the most relevant information and characteristic of the modified IEEE 34 

node test feeder. Fig A.1 shows the IEEE 34 in its original topology. 

 

Fig A.1. Modified IEEE 34 nodes test feeder in its original topology. 

The modified IEEE 34 node test feeder has six DG divided in as follow: four sychrnonous 

generator and two photovoltaic systems. Table A.1 contains the information of each DG placed 

into the test feeder. 

Table A.1. Location of DG into the IEEEE 34 node test feeder. 

Item DG Type  Node 

Nominal 

Apparent Power 

(MVA) 

Power Factor 

1 Synchronous 816 0.8 0.85 

2 Synchronous 852 0.8 0.85 

3 PV 832 0.240 0.8 

4 PV 844 0.240 0.8 

5 Synchronous 848 0.8 0.85 
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6 Synchronous 860 0.8 0.85 

 

Table A.2 presents the information of the positive and zero impedance to the all three phase 

section lines into the modified IEEE 34 node test feeder.  

Table A.2. Information of the lines into the IEEE 34 nodes test feeder. 

Line Initial Node Final Node 

Positive 

impedance 

(Ω) 

Zero 

impedance 

(Ω) 

Length (m) 

1 800 802 (0.55+j0.405) (0.687+j1.56) 786 

2 802 806 (0.36+j0.271) (0.46+j1.04) 527 

3 806 808 (6.88+j5.06) (8.58+j19.49) 9823 

4 808 812 (8+j5.88) (9.99+j22.68) 11143 

5 812 814 (6.34+j4.66) (7.92+j17.98) 9061 

6 814 850 (0.003+j0.001) (0.003+j0.003) 3 

7 850 816 (0.099+j0.049) (0.115+j0.188) 94 

8 816 824 (3.27+j1.62) (3.81+j6.19) 3112 

9 824 858 (6.72+j3.33) (7.83+j12.72) 6388 

10 824 828 (0.269+j0.133) (0.313+j0.51) 256 

11 282 830 (6.55+j3.25) (7.64+j12.41) 6230 

12 830 854 (0.166+j0.08) (0.19+j0.315) 158 

13 854 852 (11.81+j5.86) (13.76+j22.36) 11225 

14 852 832 (0.003+j0.001) (0.003+j0.006) 3 

15 832 858 (1.57+j0.78) (1.83+j2.97) 1493 

16 858 834 (1.87+j0.928) (2.17+j3.53) 1776 

17 834 860 (0.64+j0.32) (0.75+j1.22) 615 

18 860 836 (0.85+j0.42) (1+j1.627) 816 

19 836 862 (0.089+j0.044) (0.104+j0.17) 85 

20 862 854 (15.1+j7.54) (17.7+j28.76) 14438 

21 834 842 (0.089+j0.044) (0.104+j0.17) 85 

22 842 844 (0.43+j0.215) (0.504+j0.819) 411 

23 844 846 (1.16+j0.57) (1.36+j2.21) 1109 

24 846 848 (0.17+j0.084) (0.198+j0.321) 161 

 

Table A.3. shows the information of the unbalanced loads into the modified IEEE 34 node test 

feeder. The loads used two conecctions (Star and Delta) and 3 models (Constant Power, Constant 

current and constant impedance).  

Table A.3. Information of the loads into the IEEE34 node test feeder. 

Node 
Load 

Model 

Ph1 

(kW) 

Ph1 

(kVAR) 

Ph 2 

(kW) 

Ph 2 

(kVAR) 

Ph 3 

(kW) 

Ph 3 

(kVAR) 

860 Y-PQ 20 16 20 16 20 16 

840 Y-I 9 7 9 7 9 7 
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844 Y-Z 135 105 135 105 135 105 

848 Δ-PQ 20 16 20 16 20 16 

890 Δ -I 150 75 150 75 150 75 

830 Δ -Z 10 5 10 5 10 5 

802 Y-PQ 0 0 15 7.5 12.5 7 

806 Y-PQ 0 0 15 7.5 12.5 7 

808 Y-I 0 0 8 4 0 0 

810 Y-I 0 0 8 4 0 0 

818 Y-Z 17 8.5 0 0 0 0 

820 Y-Z 17 8.5 0 0 0 0 

820 Y-PQ 67.5 35 0 0 0 0 

822 Y-PQ 67.5 35 0 0 0 0 

816 Δ -I 0 0 2.5 1 0 0 

824 Δ -I 0 0 2.5 1 0 0 

824 Y-I 0 0 20 10 0 0 

826 Y-I 0 0 20 10 0 0 

824 Y-PQ 0 0 0 0 2 1 

828 Y-PQ 0 0 0 0 2 1 

828 Y-PQ 3.5 1.5 0 0 0 0 

830 Y-PQ 3.5 1.5 0 0 0 0 

854 Y-PQ 0 0 2 1 0 0 

856 Y-PQ 0 0 2 1 0 0 

832 Δ -Z 3.5 1.5 1 0.5 3 1.5 

858 Δ -Z 3.5 1.5 1 0.5 3 1.5 

858 Y-PQ 1 0.5 0 0 0 0 

864 Y-PQ 1 0.5 0 0 0 0 

858 Δ -PQ 2 1 7.5 4 6.5 3.5 

834 Δ -PQ 2 1 7.5 4 6.5 3.5 

834 Δ -Z 8 4 10 5 55 27.5 

860 Δ -Z 8 4 10 5 55 27.5 

860 Δ -PQ 15 7.5 5 3 21 11 

836 Δ -PQ 15 7.5 5 3 21 11 

836 Δ -I 9 4.5 11 5.5 0 0 

840 Δ -I 9 4.5 11 5.5 0 0 

862 Y-PQ 0 0 14 7 0 0 

838 Y-PQ 0 0 14 7 0 0 

842 Y-PQ 4.5 2.5 0 0 0 0 

844 Y-PQ 4.5 2.5 0 0 0 0 

844 Y-PQ 0 0 12.5 6 10 5.5 

846 Y-PQ 0 0 12.5 6 10 5.5 

846 Y-PQ 0 0 11.5 5.5 0 0 

848 Y-PQ 0 0 11.5 5.5 0 0 
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Finally, Fig A.2 to A.7. present different topologies of the modified IEEE 34 node test feeder 

used to validate the adaptive proctetion models. Each topology can be obtained with a variation 

in the status of their switchgears where the total number of switchgears is 4. 

 

Fig A.2.Second topology of the IEEE 34 node test feeder. 

 

Fig A.3. Third topology of the IEEE 34 node test feeder 
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Fig A.4. Fourth topology of the IEEE 34 node test feeder. 

 

Fig A.5. Fifth topology of the IEEE 34 node test feeder. 
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Fig A.6. Sixth topology of the IEEE 34 node test feeder. 

 

 

Fig A.7. Seventh topology of the IEEE 34 node test feeder. 

802 806 808 812

810

814 850

818

820

822

816 824 826

828

830 854 856

852

832

858
PCC

864

888 890

842

844

846

848

834 860 836 840

862

838

800
S/E

IED1 IED2 IED3 IED4 IED5

IED6

IED7

IED8

IED9

IED10

IED11

IED15

IED16

IED17

IED20

IED18 IED19IED12 IED13

IED14

864

866 868

802 806 808 812

810

814 850

818

820

822

816 824 826

828

830 854 856

852

832

858
PCC

864

888 890

842

844

846

848

834 860 836 840

862

838

800
S/E

IED1 IED2 IED3 IED4 IED5

IED6

IED7

IED8

IED9

IED10

IED11

IED15

IED16

IED17

IED20

IED18 IED19IED12 IED13

IED14

864

866 868



 APPENDIX B. 

 

 

B. System data for IEEE123 test feeders 
 

This appendix presents the most relevant information and characteristic of the modified IEEE 123 

node test feeder. Also, it is important to mention that this information is scencial to model the same 

behavior observed in the simulations. Fig B.1 shows the IEEE 123 in its original topology. 

 

 

Fig B.1. Modified IEEE 123 nodes test feeder in its original topology. 

The modified IEEE 123 node test feeder has six DG divided in as follow: 3 sychrnonous generator, 

two photovoltaic systems and one wind generator. Table B.1 contains the information of each DG 

placed into the test feeder. 
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Table B.1.  Location of DG into the IEEEE 123 node test feeder. 

Item DG Type  Node 

Nominal 

Apparent Power 

(MVA 

Power Factor 

1 Synchronous 135 1 0.85 

2 PV 44 0.350 0.8 

3 Synchronous 151 1 0.85 

4 Synchronous 97 1 0.85 

5 WT 76 1  

6 PV 95 0.350 0.8 

 

Table B.2 presents the information of the positive and zero impedance to the all three phase 

section lines into the modified IEEE 123 node test feeder.  

Table B.2. Information of lines into the IEEE 123 node test feeder. 

Line Initial Node Final Node 
Positive 

impedance (Ω) 

Zero 

impedance 

(Ω) 

Length 

(m) 

1 149 001 (0.023+j0.047) (0.058+j0.146) 121 

2 001 007 (0.017+j0.035) (0.043+j0.11) 91 

3 007 008 (0.011+j0.023) (0.029+j0.073) 61 

4 0008 013 (0.017+j0.035) (0.043+j0.11) 91 

5 013 018 (0.047+j0.097) (0.120+j0.302) 251 

6 018 021 (0.017+j0.035) (0.043+j0.11) 91 

7 021 023 (0.0144+j0.029) (0.036+j0.091) 76 

8 023 025 (0.0159+j0.032) (0.0402+j0.10) 83 

9 025 028 (0.011+j0.023) (0.029+j0.073) 61 

10 028 029 (0.017+j0.035) (0.043+j0.11) 91 

11 029 030 (0.020+j0.041) (0.051+j0.12) 106 

12 030 250 (0.011+j0.023) (0.029+j0.073) 61 

13 135 035 (0.021+j0.044) (0.054+j0.137) 114 

14 035 040 (0.014+j0.029) (0.036+j0.091) 76 

15 040 042 (0.014+j0.029) (0.036+j0.091) 76 

16 042 044 (0.011+j0.023) (0.029+j0.073) 61 

17 044 047 (0.014+j0.029) (0.036+j0.091) 76 

18 047 049 (0.014+j0.029) (0.036+j0.091) 76 

19 049 050 (0.014+j0.029) (0.036+j0.091) 76 

20 050 051 (0.014+j0.029) (0.036+j0.091) 76 

21 051 151 (0.028+j0.059) (0.073+j0.18) 152 

22 152 052 (0.023+j0.047) (0.058+j0.14) 122 

23 052 053 (0.011+j0.023) (0.029+j0.073) 61 

24 053 054 (0.007+j0.014) (0.018+j0.045) 38 

25 054 055 (0.0159+j0.032) (0.0402+j0.10) 83 

26 054 057 (0.020+j0.041) (0.051+j0.12) 106 
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27 057 060 (0.043+j0.089) (0.109+j0.275) 228 

28 060 061 (0.031+j0.065) (0.080+j0.20) 167 

29 060 062 (0.024+j0.011) (0.060+j0.029) 38 

30 062 063 (0.016+j0.008) (0.042+j0.020) 26 

31 063 064 (0.033+j0.016) (0.084+j0.041) 53 

32 064 065 (0.040+j0.019) (0.102+j0.050) 64 

33 065 066 (0.062+j0.029) (0.156+j0.077) 99 

34 160 067 (0.020+j0.041) (0.051+j0.12) 106 

35 067 072 (0.0159+j0.032) (0.0402+j0.10) 83 

36 072 076 (0.011+j0.023) (0.029+j0.073) 61 

37 076 077 (0.023+j0.047) (0.058+j0.14) 122 

38 077 078 (0.005+j0.011) (0.014+j0.036) 30 

39 078 080 (0.027+j0.056) (0.069+j0.17) 144 

40 080 081 (0.027+j0.056) (0.069+j0.17) 144 

41 081 082 (0.014+j0.029) (0.036+j0.091) 76 

42 082 083 (0.014+j0.029) (0.036+j0.091) 76 

43 076 086 (0.040+j0.083) (0.102+j0.256) 213 

44 086 087 (0.026+j0.053) (0.065+j0.165) 137 

45 087 089 (0.0159+j0.032) (0.0402+j0.10) 83 

46 089 091 (0.013+j0.026) (0.032+j0.082) 68 

47 091 093 (0.013+j0.026) (0.032+j0.082) 68 

48 093 095 (0.017+j0.035) (0.043+j0.11) 91 

49 067 097 (0.014+j0.029) (0.036+j0.091) 76 

50 097 098 (0.0159+j0.032) (0.0402+j0.10) 83 

51 098 099 (0.031+j0.065) (0.080+j0.20) 167 

52 099 100 (0.017+j0.035) (0.043+j0.11) 91 

53 100 450 (0.046+j0.095) (0.11+j0.293) 243 

54 197 101 (0.014+j0.029) (0.036+j0.091) 76 

55 101 105 (0.0159+j0.032) (0.0402+j0.10) 83 

56 105 108 (0.018+j0.038) (0.047+j0.119) 99 

57 108 300 (0.057+j0.118) (0.146+j0.366) 304 

 

Table B.3. shows the information of the unbalanced loads into the modified IEEE 123 node test 

feeder. The loads used two conecctions (Star and Delta) and 3 models (Constant Power, Constant 

current and constant impedance).  

 

Table B.3. Information of loads into the IEEE 123 node test feeder. 

Node 
Load 

Model 

Ph1 

(kW) 

Ph1 

(kVAR) 

Ph 2 

(kW) 

Ph 2 

(kVAR) 

Ph 3 

(kW) 

Ph 3 

(kVAR) 

001 Y-PQ 40 20 0 0 0 0 

002 Y-PQ 0 0 20 10 0 0 

004 Y-PQ 0 0 0 0 40 20 

005 Y-I 0 0 0 0 20 10 
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006 Y-Z 0 0 0 0 40 20 

007 Y-PQ 20 10 0 0 0 0 

009 Y-PQ 40 20 0 0 0 0 

010 Y-I 20 10 0 0 0 0 

011 Y-Z 40 20 0 0 0 0 

012 Y-PQ 0 0 20 10 0 0 

016 Y-PQ 0 0 0 0 40 20 

017 Y-PQ 0 0 0 0 20 10 

019 Y-PQ 40 20 0 0 0 0 

020 Y-I 40 20 0 0 0 0 

022 Y-Z 0 0 40 20 0 0 

024 Y-PQ 0 0 0 0 40 20 

028 Y-I 40 20 0 0 0 0 

029 Y-Z 40 20 0 0 0 0 

030 Y-PQ 0 0 0 0 40 20 

031 Y-PQ 0 0 0 0 20 10 

032 Y-PQ 0 0 0 0 20 10 

033 Y-I 40 20 0 0 0 0 

034 Y-Z 0 0 0 0 40 20 

035 Δ-PQ 40 20 0 0 0 0 

037 Y-Z 40 20 0 0 0 0 

038 Y-I 0 0 20 10 0 0 

039 Y-PQ 0 0 20 10 0 0 

041 Y-PQ 0 0 0 0 20 10 

042 Y-PQ 20 10 0 0 0 0 

043 Y-Z 0 0 40 20 0 0 

045 Y-I 20 10 0 0 0 0 

046 Y-PQ 20 10 0 0 0 0 

047 Y-I 35 25 35 25 35 25 

048 Y-Z 70 50 70 50 70 50 

049 Y-PQ 35 25 35 25 35 25 

050 Y-PQ 0 0 0 0 40 20 

051 Y-PQ 20 10 0 0 0 0 

052 Y-PQ 40 20 0 0 0 0 

053 Y-PQ 40 20 0 0 0 0 

055 Y-Z 20 10 0 0 0 0 

056 Y-PQ 0 0 20 10 0 0 

058 Y-I 0 0 20 10 0 0 

059 Y-PQ 0 0 20 10 0 0 

060 Y-PQ 20 10 0 0 0 0 

062 Y-Z 0 0 0 0 40 20 

063 Y-PQ 40 20 0 0 0 0 

064 Y-I 0 0 75 35 0 0 

065 Δ-Z 35 25 35 25 70 50 
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066 Y-PQ 0 0 0 0 75 35 

068 Y-PQ 20 10 0 0 0 0 

069 Y-PQ 40 20 0 0 0 0 

070 Y-PQ 20 10 0 0 0 0 

071 Y-PQ 40 20 0 0 0 0 

073 Y-PQ 0 0 0 0 40 20 

074 Y-Z 0 0 0 0 40 20 

075 Y-PQ 0 0 0 0 40 20 

076 Δ-I 105 80 70 50 70 50 

077 Y-PQ 0 0 40 20 0 0 

079 Y-Z 40 20 0 0 0 0 

080 Y-PQ 0 0 40 20 0 0 

082 Y-PQ 40 20 0 0 0 0 

083 Y-PQ 0 0 0 0 20 10 

084 Y-PQ 0 0 0 0 20 10 

085 Y-PQ 0 0 0 0 40 20 

086 Y-PQ 0 0 20 10 0 0 

087 Y-PQ 0 0 40 20 0 0 

088 Y-PQ 40 20 0 0 0 0 

090 Y-I 0 0 40 20 0 0 

092 Y-PQ 0 0 0 0 40 20 

094 Y-PQ 40 20 0 0 0 0 

095 Y-PQ 0 0 20 10 0 0 

096 Y-PQ 0 0 20 10 0 0 

098 Y-PQ 40 20 0 0 0 0 

099 Y-PQ 0 0 40 20 0 0 

100 Y-Z 0 0 0 0 40 20 

102 Y-PQ 0 0 0 0 20 10 

103 Y-PQ 0 0 0 0 40 20 

104 Y-PQ 0 0 0 0 40 20 

106 Y-PQ 0 0 40 20 0 0 

107 Y-PQ 0 0 40 20 0 0 

109 Y-PQ 40 20 0 0 0 0 

111 Y-PQ 20 10 0 0 0 0 

112 Y-I 20 10 0 0 0 0 

113 Y-Z 40 20 0 0 0 0 

114 Y-PQ 20 10 0 0 0 0 

 

Finally, Fig B.2 to B.7. present different topologies of the modified IEEE 123 node test feeder 

used to validate the adaptive proctetion models. Each topology can be obtained with a variation in 

the status of their switchgears where the total number of switchgears is six. 
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Fig B.2. Second topology of the IEEE 123 node test feeder. 

 

Fig B.3. Third topology of the IEEE 123 node test feeder. 
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Fig B.4. Fourth topology of the IEEE 123 node test feeder. 

 

Fig B.5. Fifth topology of the IEEE 123 node test feeder. 
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Fig B.6. Sixth topology of the IEEE 123 node test feeder. 

 

Fig B.7. Seventh topology of the IEEE 123 node test feeder. 
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Fig B.8. Eighth topology of the IEEE 123 node test feeder. 
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 APPENDIX C. 

 

 

C. System data for Unigrid ADN Laboratory 
 

The Uninorte ADN Laboratory is the result of the effort carried out by the College of Engineering 

at Universidad del Norte (Barranquilla-Colombia) under the Strategic Research Area of Energy. 

This laboratory is based on the IEEE-13 Node Test Feeder scaled down to 220V, which is the 

voltage level available at the university facilities. Thus, each component of the test feeder had to 

be scaled so that the performance of the original test feeder can be emulated at the lab. The 

selection of the IEEE-13 Node Test Feeder allows an unbalanced-nature real working system with 

the presence of single-phase, two-phase and three-phase laterals. Fig C.1 shows the Unigrid ADN 

Laboratory in its original topology. It is important to note that the Uninorte ADN Laboratory has 

been conceived as modular; so that different topological configurations can be assembled. 

 

 

Fig C.1.Unigrid  AND Laboratory in its original topology. 

 

 Sections A to F present the different elements that comprise to lab.  

A. Source/Main Generator Node 

This element is represented by a power module De Lorenzo DL1013M3, which is able to supply 

fix and variable AC current and rectified, fixed and variable DC current. This module is connected 

to the university main grid, and provides a 220V line voltage with a 20A thermal protection in case 

a system failure or overload. 
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B. Nodes 

The nodes are represented with electrical boards which can be controlled manually or remotely. 

The nodes can be views as junctions that allow the connection of the different elements such as 

loads, generators, lines and/or capacitor banks. Additionally, each node has its respective 

measuring device and communications capabilities.  

C. Lines 

These elements were constructed through different caliber wire layers on iron cores targeting 

values of own and mutual inductances and the desired resistance. Table C.1 presents the 

description of the conductors used for each line of the network.  

Table C.1. Information of the lines into the Unigrid AND Laboratory. 

Line Specifications Capacity [A] 

L632-645 

L645-646 

L684-652 

L671-684 

L684-611 

½” Iron rod with 11 cm in length 

and 77 turns of 18.5 gauge wire 
5,3 

L632-633 

L692-675 

½” Iron rod with 11 cm in length 

and 81 turns of 17 gauge wire 
7,8 

L650-632 

L632-671 

L671-680 

½” Iron rod with 11 cm in length 

and 81 turns of 14 gauge wire 
16,8 

 

D. Loads 

These elements are represented by De Lorenzo Inductance and Resistance bank modules and two-

phase motors. The De Lorenzo 1017 modules allow to vary the resistance and inductance values 

for each phase according the range presented in Table C.2.  

 

Table C.2. Information of the load into the Unigrid AND Laboratory. 

Load Reference 
Range 

R [𝛀] 

Range L 

[H] 
Power 

Biphase Motor 
Siemens-1RF3092-

4YB90 
- - - - - - - - - - - - 0.33 HP 
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25V Motor  
De Lorenzo Dl10115 

Dl10300A 
- - - - - - - - - - - - 180W 

Resistence Node 632 Dlorenzo-Dl2090 (42-245) - - - - - - - - - - 

Inductance Node 632 Dlorenzo-Dl1017 - - - - - - (0.47-3.2) - - - - 

Inductance Node 675 Dlorenzo Dl2091 - - - - - - (0.146-0.87) - - - - 

Resitances  Node 652 
Dlorenzo Dl1017 

Rhd 
(59-73) - - - - - - - - - - 

 

E. Distributed Generators 

For this element, a De Lorenzo DL 1023 DC motor with composed excitation is coupled to a three-

phase synchronous generator De Lorenzo DL 1026. These coupled modules represent Distributed 

Generation (DG) based on conventional sources and its information is present in Table C.3. These 

elements are connected to the network that emulates the laboratory, though a synchronism module.  

Table C.3. Location of the DG into the Unigrid AND Laboratory. 

Generator Node 
Active Power 

[kW] 

Reactive Power 

[kVAR] 

Apparent Power 

[kVA] 

Generator 1 671 0.428 0.455 0.624 

 

F. Capacitor Banks 

Like the loads, these elements are represented by De Lorenzo DL 1017C capacitance modules, 

which can be varied for each phase independent. 

Finally, Fig C.3 presents an alternative topology of the Unigrid AND Laboratory used to validate 

the adaptive proctetion models. The topology can be obtained due to the variation in the status of 

its switchgears where the total number of switchgears is one. 
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Fig C.2. Second topology of the Unigrid AND Laboratory. 
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