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Abstract 

The vast majority of Swedish utility network customers for nearly a decade has been supported by 

Advanced Metering Management (AMM) systems, including smart meters. Vattenfall´s modern smart 

meters enable a new level of monitoring for LV networks and improved MV network supervision. 

Therefore, improving power quality, fault detection and outage management functionalities are just some 

of the areas that smart metering systems can contribute to. One of the typical faults in LV networks is 

when the neutral conductor is broken or loose at either the network or the load side of the meter. The 

situation of lost continuity of the neutral conductor may damage the connected load or create hazardous 

touch voltages at equipment body. Since there is a big potential to supervise LV networks with assistance 

of the end-customer smart meters, Vattenfall wants to take further advantage of such data. The value is to 

bring in event information from the smart meters in order to contribute to a better and more efficient 

monitoring of the LV and MV network. The goal of this project is to analyze the behavior of the LV grid 

under broken neutral fault conditions and propose effective methods (algorithms) to identify loose neutral 

situation based on end-customer meter readings (disturbance events).  

Based on previous literature review and studies conducted for broken neutral fault detection, phase to 

neutral voltages has been proved that can be a useful indicator to detect the fault, since there is a clear 

pattern during the fault. However, the voltages-based method is not always effective, such as during 

periods when the load is almost balanced among the three phases or when the load magnitude is not high 

enough. This is the reason why other electrical parameters could be useful as well to detect the fault, 

except from the phase to neutral voltages. This study adds a great value into the study of broken neutral 

fault in low voltage grids since no previous work has been found where dynamic load profiles are 

modelled and simulated.  

The broken neutral fault study has started with the creation of dynamic load profiles that has been used in 

MATLAB/SIMULINK to model inductive linear load with or without the integration of single-phase PV 

assets. Furthermore, non-linear load has been investigated during BN fault in a single-customer model, 

where three case studies with different percentages of nonlinear load integration into the system have 

been included. Later, a 7-customer low voltage rural grid has been modelled where not only broken 

neutral but also phase loss and short circuit faults have been modeled and simulated. 9 different locations 

for Broken Neutral and Phase Loss faults and 7 locations for Short Circuit fault, 4 seasons with different 

load profiles and 4 different PV integration combinations with single and three-phase assets were 

considered. It has been proved that the combination of different electrical parameters and not only phase 

to neutral voltages can improve significantly the detection of broken neutral fault, not only on the DSO 

side but also at the customer side, with the use of smart meter data. 

Last but not least, part of this study has been to use the data that have been produced from the 

simulations to train a machine learning model that can accurately detect broken neutral fault. For that 

reason, a Proof of Concept using different machine learning classification methods as well as neural 

networks have been trained and tested, based on large amount of data, has been proposed. Bagged 

decision trees have been found as the most accurate method. 

It is important to highlight that due to data confidentiality issues, specific values and thresholds that have 

been set in the algorithms that are currently used or proposed cannot be published.   
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Nomenclature 

 

AMM Advanced Metering Management  

AMI Advanced Metering Infrastructure 

ANN Artificial Neural Network 

BN Broken Neutral 

CCS Central Collector System 

DSO Distribution System Operator 

EV Electrical Vehicle 

FP False Positive 

FN False Negative 

GIS Geographic Information System 

IPC Insulation Piercing Connectors 

LV Low Voltage 

LVM Low Voltage Monitoring 

ML Machine Learning 

MLP MultiLayer Perceptron 

MV Medium Voltage 

N Neutral 

PE Protective Earthing  

PF Power Factor 

PV Photovoltaic  

RCD Residual Current Devices 

RMS Root Mean Square 

SM Smart Meter 

SS Secondary Substation 

THD Total Harmonic Distortion 

THDv Total Harmonic Distortion of Voltage 

THDi Total Harmonic Distortion of Current 

V Volts 

VF Vattenfall 
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1 Introduction 

The integration of decentralized assets such as PVs and EVs, the increased use of non-linear loads as well 

as the fact that some of the traditional LV networks have significantly degraded, lead to a more complex 

behavior of LV and MV grids. Therefore, Low Voltage grid Monitoring is an increasingly important issue 

for Distribution System Operators, since it allows them to better understand the network behavior during 

normal operation as well as the operation under high stress and fault conditions.   

Smart meters constitute a key component of such grid monitoring systems. Real-time alerts can be 

created, from events that are detected with the use of data gathered by the smart meters installed at each 

customer’s household. Improved power quality, faster and more accurate fault detection in terms of type 

of fault and location, preventive maintenance of the network are some of the benefits of such smart 

monitoring systems.  

One of the most typical faults met in LV networks is when the neutral conductor is loose or broken. The 

location where this lack of continuity takes place, can be at various positions from the secondary 

substation to the load side of the smart meter, and it may be extremely harmful for both end-user’s health 

(danger of electrocution) and domestic electronic appliances; extreme voltage levels can destroy them or 

low voltages can lead to inappropriate functioning.  

Detecting such condition is a challenging task since it is highly dependent on the load unbalance between 

the three phases of every end-user. It is observed that when there is a BN fault, this affects severely the 

voltages of each phase (voltage surges or sags), in the extend of surpassing the specified limits (±10% of 

230Vrms), since the reference of the voltages (neutral) and earth do not have the same potential anymore. 

However, in case the load at the customer side is balanced or close to balanced, these voltage variations 

will not be that evident (can be within the limits allowed) and consequently the identification of a BN fault 

will not be easy. Also, when the neutral is broken, phase currents don’t exceed the limits allowed and 

therefore overcurrent protection devices, fuses or RCDs cannot identify the existence of such fault. 

Moreover, currently used smart meters do not have the capability of detecting this disturbance 

automatically. Last but not least, according to (Xivambu, 2007), Eskom, the largest electricity utility in 

South Africa, pays millions of Rands1 for public liability claims caused by floating neutral in distribution 

networks. Hence, it is clear that broken neutral fault detection is a real challenge but also a necessity for 

DSOs nowadays. 

1.1 Objectives  

Vattenfall´s smart meters are already providing streams of data that are recorded. Some parameters are 

collected routinely by smart meters (energy, and disturbance events) and specific algorithms are already 

implemented in order to identify faults such as BN. However, a conclusion of a previous study conducted 

at Vattenfall R&D (Wallin et al., 2018) demonstrated that the accuracy of detection may be low, due to 

lots of false-positive cases meaning that the BN fault was wrongly detected or, due to balanced load, a lot 

of missing cases, where BN fault was not detected on time. 

Therefore, this MSc Thesis is conducted with the aim to use the information deriving from Vattenfall’s 

smart meters in order to enhance existing knowledge over the behavior of LV grids under BN fault 

conditions, to verify previous algorithmic approaches suggested at (Wallin et al., 2018) and develop new, 

more efficient methods that can detect BN fault more accurately.  

The main objectives of the project can be summarized as follows: 

• Understand the behavior of the LV networks under permanent broken neutral fault. 

• Model a real 7-customer LV grid in SIMULINK and simulate BN fault in various locations, both 

at the DSO and customer side.  

 
1 1M Rand = 647,652.04 SEK  (“Convert South African Rand to Swedish Kronor | XE,” n.d.) 
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• Create algorithmic and machine learning methods with the use of the data that are generated by 

the simulations, to identify and predict accurately permanent BN fault.  

 

1.2 Methodology 

The methodology followed during the project can be summarized in the following steps/tasks that were 

executed in order to fulfil the project objectives: 

• Literature research regarding permanent and intermittent broken neutral fault, in order to 

understand the causes and consequences of such fault in the end-users as well as in the LV 

networks. 

 

• Analyze the current algorithm that is implemented to detect BN fault in Vattenfall’s AMI and 

study the capabilities of the current smart meter versions that are installed at the customers.  

 

• Create daily, dynamic load profiles, with real data obtained from single-family houses in Swedish 

rural areas, throughout the year. The load varies in a per-minute resolution, in all three phases.  

 

• Build single-customer models in SIMULINK with and without PV integration for a typical 

household profile and investigate the network behavior under permanent broken neutral fault.  

 

• Investigate the behavior of Non-Linear Load under permanent BN fault conditions and analyze 

the deviation of THD in current and voltage. 

 

• Build a 7-customer LV network in SIMULINK with the integration of Photovoltaic panels and 

inductive loads, to simulate permanent broken neutral fault in various locations of the grid. Non-

Linear Load is excluded from the full model modelling and simulation. 

 

• Analyze the simulation results and develop appropriate algorithms to detect accurately permanent 

broken neutral fault, both at the DSO and at the customer side.  

 

• Train a machine learning classification model, with the data obtained from the simulations, in 

order to identify permanent BN fault from other type of faults (Short Circuit, Phase Loss) and 

Normal Operation conditions. 

 

1.3 Outline 

Initially, the theoretical background is presented in Chapter 2, where typical Swedish distribution network 

topologies are described and analyzed. Within the same chapter, the causes, the fault locations as well as 

the possible consequences of BN fault for the customers and their domestic appliances are explained. The 

next part of the study, in Chapter 3, refers to the modelling of the LV network under study. The load 

profile creation, the single-customer models and the nonlinear load analysis are described, accompanied 

with the main assumptions that were taken into account. Then, in Chapter 4 the final, rural 7-customer 

LV network topology is presented, and the most characteristic simulation results are explained and 

analyzed. In Chapter 5, the different algorithmic methods that have been developed as well as 

combinations of them are analyzed and the most applicable solutions are suggested. In the end, in Chapter 

6, the conclusions of the project and future work are presented. It is important to highlight that 

throughout the project only permanent Broken Neutral fault has been investigated. Intermittent and 

resistance BN faults were out of the scope of this study. 
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2 Background 

In this chapter, the theoretical background regarding low voltage distribution networks and their 

characterization as strong or weak are presented. Furthermore, the Broken Neutral fault which is the area 

of investigation of this Thesis project is further explained and analyzed and the current algorithm that is 

being used by Vattenfall to detect such faults is generally described .  

 

2.1 Distribution Networks 

Low-voltage or secondary networks constitute the final part of an electric power distribution system, 

carrying electric power from the distribution transformers (secondary substations) to the end users. The 

operational characteristics of such networks, such as phase to neutral voltage rated level, the number of 

conductors used, the earthing system and the frequency of the system may differ from a country to 

another. Furthermore, different topologies can be met, where the electric wiring consists either of 

overhead lines, underground cables or a combination of these. Nowadays, distribution networks are 

characterized as radial, where the power is transmitted from a central source downstream to the 

customers. However, it is expected that in the upcoming years they will transform into more 

interconnected networks, where customers will be able to exchange power with each other.   

 

2.1.1 Low Voltage Networks 

As mentioned above, low voltage networks can differ from one country to another. The main types of low 

voltage grids that can be met, in respect to the phase to neutral voltage rated level, as well as some of their 

characteristics are the following (Taylor, 2018) : 

1. Split-phase 120/240 Vrms – North America, Canada and surroundings  

o Two-wire connection at each customer (phase and neutral) 

o Lower shock threat due to lower voltage level 

o Need for larger conductors due to the higher currents. 

o Many small transformers supply one or a few houses each.  

 

2. Single-phase 230 Vrms – Britain, France, Australia, India and others 

o Two-wire connection at each customer (phase and neutral) 

o 230/400V 3-phase LV network outside the building 

o Typical currents in the range of 60-100 A.  

o Large transformers that supply one to hundreds of customers each. 

 

3. Three-phase 230 Vrms – Nordics, Germany and several other European countries 

o Four-wire connection at each customer (3 phases and neutral) which is beneficial for 

rotating systems. 

o Possibility to use appliances with 400V rated voltage (line-to-line voltage) 

o Higher shock threat due to the voltage level.  

o Typical currents in the range of 16-25A.  

 

The existence of such differences in existing low voltage networks lead to different earthing and 

protection systems as well as cause different consequences in case of faults. Since Sweden is the region 

under investigation within this MSc Thesis project, the three-phase 230 Vrms networks will be the type of 

grids under examination during this work.  
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In terms of earthing systems, there are different low voltage network architectures that can be met. 

According to the IEC 60364-1 standard (IEC. 60364-1, 2005) distribution systems are characterized by 

two or three letter codes (XY or XY-Z), in respect to the type of earthing architecture (Wattel, 2017). 

• X:   Correlation of the distribution system (SS transformer) with the earth. 

        - T2: The neutral node of the transformer is grounded.  

 - I3: The neutral node of the transformer is not grounded. 

• Y:   Correlation of the exposed parts of the equipment (domestic devices) with the earth. 

        - T: Direct connection to the earth.  

 - N: Connection with the point of the installation which is grounded.  

•  Z:   Correlation of neutral conductor and protective earthing (PE) conductor.   

        - S: Separate N and PE conductors.  

 - C: Combined N and PE conductors (PEN).  

 - C-S: There is a PEN conductor in a part of the system and then the PE and N 

 conductors split and remain separate, when the load is connected.   

 

All the above architectures can be depicted in figure 2.1, below. 

 

Figure 2.1 Earthing Systems in Distribution Grids (Papagiannis, 2014) 

 

Vattenfall’s Distribution Network 

Before analyzing further into detail, the different type of faults that may occur into a LV grid, it is 

important to describe VFs distribution grid more in detail. Nowadays, a common distribution network 

architecture that can be found is presented in figure 2.2. It can be seen that the voltage level is 

transformed from MV (10kV) to LV (400V) with the use of transformers placed in secondary substations. 

The transformers are connected to the earth and another conductor, the neutral, derives from the 

secondary side of the transformer (Bo Siltberg, 2017).  

 
2 Terre (Earth in French) 
3 Isolee (Isolated in French) 
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Figure 2.2 TN-C-S Distribution Grid 

 

The distribution network presented above is characterized as TN-C-S and constitutes a common 

architecture that can be found in DSOs in Sweden. The distance from the secondary substation to each 

customer’s smart meter device vary in respect to its location (Wallin et al., 2018) : 

➢ For rural grids this distance is 1-2 km on average.  

➢ For semi-rural areas is between 0.5-1 km on average 

➢ For urban areas is between 0-0.5 km on average.  

Of course, there could be extreme cases that the customer is located up to 5 km away from the source, 

therefore the range presented in the figure 2.2 covers all possible cases within VFs network.  

Regarding the earth electrodes, utilities install them at regular intervals along the neutral conductor of the 

network while the consumer in some cases is required to install an earth electrode at the service entrance. 

Furthermore, it is important to highlight that the distance between the Smart Meter and the consumers 

fuses cabinet is most of the times small, less than one meter. However, when the customer is located on 

an apartment building, this distance could be even more than 100 meters, due to the fact that the smart 

meters are placed always on the ground floor, but the fuses cabinet is in the customer’s apartment. This is 

important for the analysis that will follow, in case there is a broken neutral fault at the customer side, 

meaning the distance from the smart meter to consumer’s load. 

 

2.1.2 Grid Characterization 

A grid is characterized as weak or strong according to its earth fault loop impedance, Zs. The earth fault 

loop impedance is the impedance that a fault current will face, in case a fault occurs between the earth and 

a phase conductor (or the neutral). In other words, it is the total impedance, from the source to the 

ground, in case of a fault. The higher the impedance, the lower the fault current will be and the longer it 

will take for the circuit protection to operate. In general, we want low Zs in order to lead as much current 

as possible into the earth.  

In case we have Zs which is higher than the limits specified above, the distribution network is 

characterized as weak. When Zs is high, the operational voltage level is lower than the nominal, RMS one. 

Hence, in case there is high load, the voltage may fall under the allowed limit of 207 V (-10% 230 Vrms) 

during normal operation. On the other hand, when Zs is low, the operational voltage level fluctuates 

around the nominal, Vrms value. In general, in a weak grid the voltage is more sensible to the load 

variations, meaning that the voltage sags or surges that may appear will be more extreme in comparison to 

similar situations in a strong grid.  

Good electrical quality with respect to slow voltage changes is when (Gunilla Brännman, 2014) : 

• The average RMS phase to neutral voltage for one week is 223 V - 237 V.  

• A ten-minute RMS phase to neutral voltage average is within 215 V - 241 V for 95% of the time.  

• A ten-minute RMS phase to neutral voltage average is within 207 V - 253 V for 100% of the time. 
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As it will be explained later, in weak grids it is observed that when the neutral is broken, the voltage 

deviation is higher and in stronger grids the deviation is lower. Hence, the level of Zs and consequently 

the grid type is important in BN fault studies, since it can affect the voltage deviation among the three 

phases, the voltage magnitude of each phase and therefore the BN fault detection accuracy.  

 

2.1.3 Typical LV network faults 

During this study, except from the under-investigation fault (Broken Neutral), other type of faults where 

considered, namely the Phase Loss and the Short Circuit faults. The goal of these faults’ integration into 

the analysis was to evaluate the created algorithms not only with the use of Normal Operation and Broken 

Neutral fault data, but also with the use of other common faults in low voltage distribution networks. 

Following that approach, the algorithms become more robust and the results more secure.  

 

Phase Loss 

Phase Loss or phase failure is the situation when one or more phases that supply the load are 
disconnected. This lack of continuity of the electrical conductor can be caused by insulation fault, when 
moisture is penetrating the cable or due to high load that leads to overheating the conductor. Other 
reasons that can lead to phase loss fault are mechanical stress or fabrication fault (Euler-chelpin, 2018) as 
well as when the fuses or one or two phases melt. Phase Loss results in losing part of the total load, in 
case it is a single-phase one, or in case of three-phase loads, the other phases may be overloaded and 
therefore increase the risk of damaging the equipment or the conductors themselves.  
 
Short Circuit  

A short circuit is can be defined as an abnormal connection between two nodes of an electric circuit, 
where the current follows a “low-resistance” path, instead of supplying the load. The type of SC fault may 
vary, according to the type of the aforementioned abnormal connection, as follows (Euler-chelpin, 2018): 
 

• Single line to ground (SLGF) fault (represents around 70% of the faults in networks) 

• Line to line fault (LLF), when two lines or conductors (in case of cables) come in contact 

• Double line to ground faults (DLGF)  

• Three-phase to ground faults (LLLGF)  
 
Short Circuit faults in overhead lines may be caused by strong winds or due to the contact of one or more 

conductors with surrounding objects, such as trees, that can contact the line (line-to-ground fault) or cause 

two lines to come in contact with each other (line-to-line fault) (Euler-chelpin, 2018). Regarding cables, 

short circuit faults can occur only in multi-cored cables due to insulation failure that brings the conductors 

in contact. Overheating of the lines or cables, which is the main consequence of such faults, lead to circuit 

damage, fire or explosion. Hence, the prevention and fast restoration of short-circuit faults is really 

important for the safety of the end-users and their domestic appliances. 

 

2.2 Broken Neutral  

Broken or floating neutral is the type of fault when the neutral conductor opens, breaks or gets loose in 
one or more locations, from the generator or the distribution transformer till the customer’s premises. 
From figure 2.1 above, it can be observed that the neutral conductor in both TN and TT electrical 
distribution systems is grounded at the power supply side (transformer/generator) (Cohen, 2012). 
Hence, the earth potential is being set as the voltage reference point for the neutral conductor. In the 
absence of this reference, the neutral point will shift from its previous point, depending on the load 
distribution among the three phases (level of unbalance) as well as the magnitude of the load at that 
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moment. In figure 2.3, the neutral shift that derives from broken neutral fault, is depicted graphically with 
the use of the voltage triangle (shift from O to O’).  
 

 
Figure 2.3 Neutral Shift – Voltage Triangle (Wang, Zhang, Wang, Wu, & Athab, 2016) 

 
When the reference point of the voltages (neutral) shifts to O’, the voltage in some phase(s) may decrease 
or increase, and in the remaining ones the opposite. Theoretically, the best indicator for broken neutral 
detection would be to measure the neutral-to-ground voltage. According to (Parmar, 2012), the neutral-to-
ground voltage level during normal operation is around 5V but under broken neutral conditions, this value 
may be higher than 100V. However, this measurement requires human intervention and cannot be 
achieved, with the use of the existing smart meter infrastructure of Vattenfall. Thus, other, indirect 
methods need to be created in order to detect broken neutral fault in low voltage distribution networks.   
 
The network behavior under broken neutral fault conditions vary heavily according to the load unbalance 
among the three phases and the load magnitude of each phase. However, there are other parameters that 
may affect the network behavior, such as the location of the fault and the type of devices connected 
(single phase or three phase). All of these, as well as the causes and the consequences of the floating 
neutral fault will be described more in detail, in the following sub-chapters.  
 

2.2.1 Causes and Consequences 

Causes 
There are several factors that may lead to broken neutral fault. The main causes are summarized below 
(Xivambu, 2007), and corresponding figures can be found in Appendix A. 
 

• Bad connection on the line tap of the distribution transformer’s bushing. The nut that can be 
seen in figure A.1, in the Appendix, gets loose due to vibrations and temperature difference, 
leading to high connection temperatures and consequently the neutral conductor starts melting.   
 

• Poor workmanship of installation from the technical staff. Inadequate tightening of the neutral 
conductor with the insulation piercing connectors can cause short circuit between the phase and 
neutral conductors especially when it is raining. This can result in melting the neutral conductor. 

 

• Poor Load Balancing and/or overloading from the side of the DSO. The existence of one of 
these factors and even worse, their combination, results in high current flowing through the 
neutral conductor. In the extreme case when this current is higher than the thermal limit of the 
conductor, the conductor can melt but the most common impact of overloading/poor load 
balancing is failures at the weakest spots of the neutral conductor along its length. These “weak” 
points are mainly the joints, the terminations and where the conductor is twisted.  
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• Conductor theft. In Sweden, conductor theft does not constitute a possible cause of broken 
neutral or any other kind of faults. However, in financially less strong countries and areas, such as 
in sub-Saharan Africa, this phenomenon is evident.  

 
 
Consequences 
In three-phase systems, when broken neutral fault occurs, it leads to Overvoltages between one phase or 
two phases and the neutral conductor. As explained above, when BN fault occurs the neutral loses its 
voltage reference point (earth). So, the neutral conductor and the phases have different potential, referring 
to the earth. This can be very dangerous not only for the grid but also for the end users and their electrical 
appliances due to hazardous touch voltages can be experienced at the exposed parts of conductors 
(Xivambu, 2007). According to the Health and Safety Executive, UK, at least one incident of an open-
circuit PEN conductor is reported on a daily basis with 10% of them leading to injury (“Switched On | 
Electrical Safety First,” 2017).  If the unreported incidents are taken into account, this percentage is 
expected to be significantly higher in reality. Also, it is worth mentioning that BN fault heavily depends on 
the level of load unbalance and magnitude, hence it is even more difficult and challenging to detect it.  
 
More specifically, in TN-C-S systems the PEN conductors serve both as a protective earthing and a 
neutral conductor. In many installations, it can be seen that the PEN conductor is bonded to metallic 
structures, such as gas, water or oil pipes in order to be grounded. Even if this is a practical method that 
saves time and reduces the cost of installation, there is high risk of electrocution in case technicians such 
as plumbers, touch the surface of the pipes under broken neutral conditions. Except from the on-site 
danger, also nearby houses that use the same pipelines will experience these high currents even if they 
don’t have a broken neutral point into their premises. Lastly, single-phase electrical loads will endure high 
overvoltage hence the risk of damaging the equipment is high.  
 
It is worth mentioning that broken neutral fault in single-phase electrical systems will lead to pause of 
supply, since there will not be a return path of the current from the load back to the source (Cohen, 2012). 
Also, three-phase loads (delta connection) will not be affected by the broken neutral fault, since there is no 
connection with the neutral conductor (Parmar, 2012). In general, the systems and installations affected 
the most by BN fault are single phase systems and single-phase circuits that derive from three phase star 
connected supplies (Cohen, 2012). Again, balanced loads will not experience any overvoltage. The 
existence of the aforementioned consequences is explained from a more physical perspective, in the 
following subchapter.  
 

2.2.2 Network behavior under BN fault 

It is constantly mentioned that broken neutral fault depends on the unbalance of the load at each phase as 

well as of its magnitude. In this subchapter, a more “physical” explanation will be provided and the reason 

why this fault results in overvoltage events will be explained.  

In figure 2.4 (Parmar, 2012), a three-phase 4-wire electrical system is presented. Under normal operation 

conditions the voltage between the phases and the neutral will be around 230Vrms, depending on the 

distance of the customer from the secondary substation and the line-to-line voltage will be around 400V.  

 

Figure 2.4 Normal Operation, 3-phase 4-wire system 
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In figure 2.5 (Parmar, 2012) the same system under broken neutral fault, is presented. Since there is no 

path from the load back to the source the current re-distributes within the phases. This leads to higher or 

lower voltages, from the normal operation one (230Vrms), that can be from 0V to 400V depending on the 

load of each phase. In general, the more loaded a phase is, the lower its voltage will be and the opposite. 

Also, in figure 2.5 can be observed that the 3-phase loads are not affected by BN fault due to lack of 

neutral connection.   

 

Figure 2.5 Broken Neutral fault, 3-phase 4-wire system  

 

2.2.3 Safety Measures for BN fault 

The reason why BN fault is extremely dangerous is not only the severe consequences but also that the 

existing safety measures that are based on current cannot prevent such a condition. Residual current 

devices (RCDs) are placed almost at every household since they can effectively prevent users from electric 

shock and at the same time keep the electrical appliances safe. Unfortunately, in the case of broken 

neutral, RCDs cannot detect the fault at the majority of the cases and therefore prevent people from 

electrocution. The RCD operates by detecting an imbalance between the current flowing through the 

neutral and the current sum of all three phases, being in line with the formula 𝐼�̅� + 𝐼�̅� + 𝐼�̅�  =  𝐼�̅� . Most 

of the RCDs are scaled at 30mA of difference between the currents sum and the neutral current. If the 

current gets higher, then the RCD will trip, and the fault will be isolated. In the analysis conducted at this 

thesis work, it has been found that the currents of the system will behave as in a balanced system, meaning 

that the Isum magnitude will be zero or almost zero. Even if the load is unbalanced, the Isum magnitude 

will be zero or lower than 30mA during the fault condition. Hence, the RCD will not trip in the majority 

of the cases, regardless if the fault is at the DSO side, meaning from the transformer to the smart meter 

(fig. 2.2), or at the customer side, meaning from the smart meter up to the load (fig. 2.2).     

One idea could be to use inverters that can re-distribute the load between phases, in order to ensure 

balance load conditions. In that case, even if there is BN fault, the load will be always close to balanced 

hence the end-user will not experience any overvoltage issues. On the other hand, this is a rather 

expensive solution and the problem will still exist. Good workmanship and frequent maintenance can also 

contribute to the prevention of BN fault, but the conductors will also be prone to aging and unexpected 

damage. Protection devices against overvoltages can be used as an additional protection system but a more 

dynamic and analytical solution, from the side of the DSOs, is needed to holistically solve BN fault issues. 

 

2.3 Vattenfall’s Broken Neutral Detection Method 

The last years Vattenfall has been developing an in-house, Advanced Monitoring Management system 
called LVM (Low Voltage Monitoring). LVM is an analytical applications platform that enable VF to 
analyse data from smart meters, correlate event outcomes with information from other sources, such as 
the grid data, and visualise the results using a geographic information system (GIS) that is able to map the 
low and medium voltage distribution networks that Vattenfall currently operates. This application 
incorporates advanced analytical tools, rich visualization and interfaces, delivering valuable information to 
support VF grid operation and planning. One of the main functionalities of LVM is fault and power 
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quality issues detection, such as broken neutral, phase loss and short circuit. The broken neutral can be 
detected with use of an algorithm that is placed in the Central Collector System (CCS) of the Advanced 
Metering Infrastructure (AMI) of VF. More details for both AMI of LVM and the current algorithm for 
broken neutral detection will be explained below. 

 

2.3.1 Advanced Monitoring Management  

The Advanced Metering Infrastructure consists of three main components; the installed smart meters at 

the customers premises, the data concentrators in the secondary substations and finally the main collector 

system. The main components of LVM are presented in figure 2.6. 

 

Figure 2.6 Low Voltage Monitoring system – main components  

 
Currently, Vattenfall is using different versions of smart meters that can potentially measure other 
electrical parameters, except from the energy consumed by the customers. Data concentrators are placed 
in each secondary substation and have the role of continuously scanning every smart meter and 
collect data. In case an “event” occurs, which is an abnormal activity or operation somewhere in the grid 
(such as voltage surge or sag), an alarm signal will rise (flag) and the data will be gathered from the system 
and transferred to the data collector, that can receive, process and store data. At the same time, the fault 
detection algorithms will be triggered in case of event and start running. 

  

2.3.2 Current BN Algorithm  

 
The way broken neutral can be detected by the AMI system of Vattenfall can be summarized in figure 2.7: 

 

 

Figure 2.7 Current BN detection Algorithm 

 
When a Vsag or Vsurge event takes place, meaning that the voltage level has exceeded some defined 
voltage limits (Wallin et al., 2018) the BN detection algorithm starts running in order to detect the BN 
fault. In general, the current algorithm for broken neutral detection is characterized by the fact that only 
phase to neutral voltages are used to detect a possible fault as well as that it is an event triggered 
algorithm, which means that in case no events occurred the algorithm will not be activated. The latter can 
happen when there is a BN fault, but the load is close to balanced, hence the phase voltages do not exceed 
the specified BN algorithm limit. 
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3 Distribution Network Modelling 

In this chapter, the modelling of the low voltage distribution network, that has been created for the 

simulations, will be described in detail. The subchapters represent the chronological order of execution for 

the network modelling, starting from the load profiles creation till the nonlinear load analysis that has 

been developed. Also, this chapter included analysis of the results obtained from the simulations as well as 

assumptions and conclusions that derive from them.  

 

3.1 Dynamic Load Profiles Creation 

The first step of the system modelling was to create realistic dynamic load profiles that could be used to 

simulate a rural, low voltage grid. The total (3-phase) electrical load data of 7 detached houses, located in a 

rural area of Sweden, have been provided for all four seasons of a year, with an hourly resolution. 

However, the goal was to obtain data where the load deviated for every phase, during a shorter time 

duration (every minute). As mentioned above, the smart meters have a high sensitivity of measurements, 

but measurements are stored and registered with a per-minute resolution. Hence, a per-minute, dynamic 

load profile was chosen to be the most appropriate for this study.  

In order to convert the dataset provided from 3-phase electrical consumption with per-hour resolution, to 

per-minute load, which is different for each phase, more data were needed. That is the reason why another 

dataset obtained from a detached house in Stockholm area, that were recorded during a 9-days period in 

January 2019, have been used. Since, the second dataset was obtained from a 2 seconds resolution meter, 

with different measurements for each phase, such as Pa, Pb, Pc, this dataset has been used in order to 

obtain the deviation of load per phase (%) from the 3-phase load as well as to obtain the % of the hourly 

load that corresponds to every minute of the day. To be more precise, the following steps were followed 

in order to create the dynamic load profiles for the simulations:  

 

1. From the hourly 3-phase data (initial dataset), a per month and per season analysis was conducted 

for each household (out of 7). 

 

2. From the 2 seconds resolution dataset, the hourly average load for each phase was found 

(aggregated values). 

 

3. From the 2 seconds resolution dataset, the percentage of load of each phase from the 3-phase 

load of each hour was calculated. 

 

4. From the 2 seconds resolution dataset, the deviation of each load per phase has been found with 

the use of the corresponding average hourly load (% for each phase with a resolution per second). 

 

5. From the hourly 3-phase data (initial dataset), the hourly load per phase for each season and each 

household was calculated, using the percentages found from step 3.  

 

6. The per-phase hourly load for each household and season obtained from step 5, was transformed 

into per-minute load by multiplying the load fluctuation found from step 4. 

 

After creating the dynamic load profiles, it has been observed that each load profile follows the same 

deviation pattern per minute from the average hourly load of each phase. This leads to same deviation per 

phase for all 7 houses. As this is not realistic and can affect the 7-household low voltage grid model, since 

it will be easier to detect BN when all houses deviate a lot for a specific minute, the initial load profiles 

have been modified as follows: 
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• House 1: NO CHANGE 

• House 2: Swapped values of the first ten minutes of each hour with the last 10 minutes of the 

same hour (so that the total load is the same of that hour)  

• House 3: Same as House 2 but swapped the ten-minute periods of 11-20 and 21-30 

• House 4: Same as House 2 but swapped the ten-minute periods of 21-30 and 31-40 

• House 5: Same as House 2 but swapped the ten-minute periods of 31-40 and 41-50 

• House 6: Same as House 2 but swapped the ten-minute periods of 41-50 and 51-60 

• House 7: Same as House 2 but swapped the ten-minute periods of 21-30 and 41-50 

In that way there will be different voltage magnitude and deviation per minute for all 7 houses. Also, since 

the time shifting is within the same hour timeframe between house 1 and house 7, it is assumed that this 

approach does not affect the integrity of the original dataset (the deviations are still realistic for the 

corresponding minutes).  

The dynamic load profile of house 7, for every season, can be seen in figures 3.1 – 3.4 

 

Figure 3.1 House 7 – Dynamic Load Profile, Summertime 

 

 

Figure 3.2 House 7 – Dynamic Load Profile, Springtime 

 

 

Figure 3.3 House 7 – Dynamic Load Profile, Wintertime 
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Figure 3.4 House 7 – Dynamic Load Profile, Autumntime 

 

For House 7, it can be observed that during the summer the magnitude of the load at each minute and 

phase is the lowest of the year, in contrast to wintertime, when the highest load can be seen. Also, the 

summertime load peak appears during the night in comparison to wintertime, when the maximum load is 

during the morning, since there is high need for shower (hot) water. High activity can be seen also during 

the evening, which was expected since at that time people return back home from work.  

 

3.2 Single Customer Models 

The technical part of this Thesis study was conducted with the use of MATLAB/SIMULINK software. 

More specifically, the goal was to model a low-voltage 7-customer grid in a rural area in Sweden, with the 

load changing at every phase and every minute (dynamically). Also, part of the scope of the project was 

the investigation of the behavior of PVs and non-linear load under broken neutral fault. Hence, the 

methodology that has been followed during the system modelling part of the project, was to examine and 

investigate the behavior of all different type of loads, namely linear, PVs and nonlinear loads, individually, 

with the use of single customer SIMULINK models, in order to better understand their behavior, and 

then integrate them into the final 7-customer model. Furthermore, except from the load behavior, the 

current algorithm for BN fault detection that has already been described above has been tested and 

analyzed, from different aspects, such as the number of broken neutral fault cases detected (accuracy), the 

time needed for the algorithm to search back for an event to detect a case, and others.   

 

3.2.1 Simulink configuration 

Before starting to model the load, the SIMULINK simulation settings have been investigated. In every 

simulation conducted in the content of this study, the variable-step solver has been chosen instead of 

continuous step solver. In the variable step solver, the step size during the simulation can be reduced from 

the set value to increase accuracy when the state of a model changes rapidly and during zero-crossing 

events. On the other hand, the step size may increase to avoid taking unnecessary steps when the states of 

a model change slowly. Continuous solvers use numerical integration to compute continuous states of a 

model at the current time step based on the states at previous time steps and the state derivatives. The 

Ode23t solver has been selected, since it is suggested for stiff problems.  

In that subchapter it is important to highlight that during the model creation, the phasors simulator has 

been used in SIMULINK (powergui) in order to model the LV network. This was chosen over 

continuous mode in order to reduce the computational time of the system simulations, since we do not 

need to record transient phenomena of the grid for broken neutral fault detection. During simulations 

conducted in the context of a previous study, related to broken neutral fault detection, on the continuous 

mode, the time needed to simulate a 6-customer network was around 2 hours for a stable, per-minute 
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load. Hence, in order to simulate it would be impossible to simulate 1440 minutes (load per min for 1 day) 

since it would take extremely high number of hours per simulation. With phasor simulator the current 

system can be simulated within 1-2 hours in total. However, the phasors simulator has the disadvantage of 

simulating only one specific frequency (in this study 50Hz) so harmonics cannot be obtained. By using 

phasors mode, every parameter such as voltage and current is modelled as a phasor (magnitude and angle) 

which is equal to the maximum value of the corresponding sinusoidal wave. Then, with the use of specific 

SIMULINK blocks this is transformed into RMS value. Last but not least, in order to simulate all 1440 

minutes of 1 day, the simulation was conducted for each minute and in case the neutral was open, a 

breaker opened from this specific minute until the end of the day (permanent broken neutral fault).  

 

3.2.2 Simple linear model  

The first single-customer model that has been created is the one including linear load. Linear load has 

been modelled as a constant impedance load per phase, as it can be seen in the SIMULINK figure 3.5.   

 

Figure 3.5 Linear Simple Model – SIMULINK 

 

The feeder resistance has been chosen as 0.5 Ohm and the service cable resistance as 0.1 Ohm, in order to 

have a normal grid. This means that during normal operation in wintertime, which is the most loaded 

period, the phases to neutral voltages remain within the ±10% of the 230 V RMS reference voltage, as the 

regulation implies for all 10-minute values (Ström, Bollen, & Kolessar, 2011).  

The value of grounding in the terminal cabinet is really important for the behavior of broken neutral fault. 

The lower it is, the “easier” the current flows through the earth, so voltage variations will be smaller, and 

therefore broken neutral detection with the use of phase to neutral voltages will be more difficult.  

According to (Sodeberg, Buhr, & Aronsson, 2015) a customer can be up to 300m away from the 

grounded cabinet point and according to the Association of Swedish Operators (Energiföretagen) the 

maximum grounding value allowed is 150 Ohm. Therefore, in the simple customer models as well as in 

the 7-customer LV grid the resistance at each grounding terminal has be chosen as 100 Ohm. However, 

the grounding in the SS has been chosen as 1 Ohm, which is a typical values in LV grids. 

The different locations of Broken Neutral that were investigated in the single customer analysis were: 

• Start of the line (Breaker 1 in blue - fig. 3.5) 

• In the middle of the line (Breaker 2 in yellow – fig. 3.5) 

• Close to the grounding cabinet (Breaker 3 in orange - fig. 3.5) 

• At the customer side (Breaker 4 in red - fig. 3.5) 
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Furthermore, it is worth mentioning that the linear load that has been treated as constant impedance load, 

had an inductive character. After consulting experts into the fields of Power Quality issues in distribution 

grids and data provided for a detached house in Sweden, it has been noticed that the PFs per phase 

deviated in the range of 0.8-1.0. Hence, in this study the power factors during normal operation have been 

randomly set within that range, with an inductive character.  

In terms of measurements, the 19 electrical parameters that were recorded at each simulation are the 

following: 

• Active and Reactive Power at each phase  

• Power Factors at each phase  

• Phase to neutral voltages at each phase (RMS values) 

• Voltage sum phasor (angle and RMS value of magnitude) 

• Current sum phasor (angle and RMS value of magnitude) 

• Line current at each phase (RMS values) 

 

3.2.3 Simple linear model with PVs  

When integrating photovoltaics in the linear single customer model that has been explained above, the PV 

production during the day had to be defined. Real PV production data with a 15-minute resolution from a 

Swedish household with a single-phase PV asset have been provided. However, the load varied per phase 

every minute, hence the PV production profile should be adjusted to match the deviation of the load in 

terms of resolution. In order to convert the 15-minute resolution profile into a per-minute production 

profile, a steady increase or decrease has been assumed during the 15-minutes intervals. More specifically, 

using as reference PV output values the starting and ending points of each 15-minute period, each interval 

was equal to the value presented in the following formula. 

𝑃𝑠𝑡𝑒𝑝 =
|𝑃𝑡 − 𝑃𝑡+14|

15
 

Where 

𝑃𝑡 is the PV power output for a minute t provided by the original dataset  

 𝑃𝑡+1 is the PV power output after 15 minutes, provided by the original dataset 

 

In figure 3.6 the created production profile for a single-phase PV asset is presented: 

 

Figure 3.6 Single-phase PV production profile 
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The single-customer model with single-phase PV asset integration can be seen in figure 3.7. 

 

Figure 3.7 Linear Simple Model with single-phase PV – SIMULINK 

 

As it can be seen in figure 3.7, the single-phase PV asset has been connected at phase A. The PV asset has 

been modelled as a constant current source where the PV power produced (W) has been used as an input, 

and with the use of voltage measurement at phase A, the current (A) that the PV should have as output 

was dynamically calculated within the SIMULINK model.  

The simulation and grid parameters remained the same as before (linear model). However, the RMS 

current as well as the current that the load at phase A requires have been measured, to test that the model 

performs well and, of course, understand the behavior of the system under PV production and Broken 

Neutral fault conditions. Furthermore, it is important to mention that it has been assumed that the 

inverter of the PV asset will not trip when the voltages exceeds the limits. In reality, it is expected that the 

inverter will cap the voltage output of the PV for safety reasons. However, in this analysis the system has 

been let “free” since the goal was to analyze the behavior with PV asset integration. If the protection of 

the inverter trips, then the PV asset will be disconnected. Therefore, during this new condition, the system 

will behave exactly as previous analyses, i.e. as a broken neutral fault in a system without PV asset. 

 

3.3 Analysis and Results 

In this part, an extensive analysis will be presented as well as results and graphic illustrations that will 

explain the system behavior under broken neutral conditions, with or without the integration of PV assets. 

It is important to mention that after the SIMULINK models creation; the current algorithm of Vattenfall 

for BN detection has been implemented in MATLAB and a thorough algorithmic analysis has been 

conducted.  

Furthermore, a new algorithm called the “Per Minute” algorithm has been suggested and tested. In that 

algorithm, the Smart Meter reports all three phase to neutral voltages every minute and then the algorithm 

checks if at least two phases are surpassing the voltage specified limits (207V-270V) in that minute. In case 

the last requirement is fulfilled, there is a BN fault case detected with the use of the BN “Per Minute” 

algorithm.  

The parameters that have been analyzed in the context of this algorithmic analysis are: 

• The number of Vsurges and Vsags (total events) 

• The number of events that started at the same time (within a one-minute timeframe) 

• The number of events that ended at the same time (within a one-minute timeframe) 
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• The number of events that started and ended at the same time (within a one-minute timeframe) 

• The time needed for the algorithm to search back in order to detect the BN case. This parameter 

has been investigated to test if the 30-minute time set by the current algorithm is appropriate or 

whether it is beneficial to be adjusted. 

• The number of BN cases detected by the current algorithm  

• The number of BN cases, in which the events started at the same time 

• The number of BN cases, in which the events ended at the same time 

• The number of BN cases, in which the events started and ended at the same time 

• The number of BN cases detected by the Per Minute algorithm  

 

The load profiles that have been used in the analysis can be seen in figure 3.8. More specifically, the load 

of all three phases as well as the PV production, for each minute of a typical summer day, when there is 

PV production at phase A, for House 1 are presented.  

 

Figure 3.8 PV production and load profiles – Summertime House 1 

 

3.3.1 Normal Operation Without PV  

During Normal Operation without PV, the voltages and currents of each phase can be seen as follows: 

 
Figure 3.9 Voltages per phase – Summertime Normal Operation House 1 
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Figure 3.10 Currents per phase – Summertime Normal Operation House 1 

It can be seen that during the summer there is not high load and therefore the voltage variations are less 

evident, even if the percent of unbalance of the phases is still the same as in wintertime. In the figure 3.11 

we can also see the Vsum magnitude.  

 

 
Figure 3.11 Vsum magnitude – Summertime Normal Operation House 1 

 

It can be observed that the magnitude of voltage sum during NO is in the range of 0-3V on average. The 

following figures show the active and reactive power of each phase in NO without PV, as well as the 

power factors (introduced in the range between 0.8-1 inductive) 

 

  
Figure 3.12 Pa, Qa (left) and Pb, Qb (right) – Summertime Normal Operation House 1 
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Figure 3.13 Pc, Qc (left) and PFs (right) – Summertime Normal Operation House 1 

 

3.3.2 Broken Neutral Without PV  

A permanent broken neutral fault took place on the 600th minute of the day, meaning at 10am and the 

different fault locations that have been analyzed are shown in figures 3.14 – 3.15. 

 

  
Figure 3.14 Customer side fault (left) and fault close to the grounding cabinet (right) – SIMULINK 

 

 

 
Figure 3.15 Fault in the middle of the line (left) and fault at the start of the line (right) – SIMULINK 

 

• Broken Neutral at the start of the line 

From figure 3.16, it is clear that the voltages surpass the specified limits of BN fault detection 

algorithm. It can be concluded that phase to neutral voltage behavior is a strong indicator of BN fault 

detection. Figure 3.16 depicts the voltage of each phase and the red dots the BN detection moments. 

The “BNAlgorithm” is the Current Algorithm Vattenfall has implemented in its AMI system and the 

“BN per minute” is the Per Minute algorithm that explained above.  

  
Figure 3.16 BN Current (left) and Per Minute (right) algorithms – Fault at the start of the line Summertime, House 1 
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As mentioned before, the current algorithm has been investigated from different perspectives, especially 

when analyzing the events that leaded to the detection of broken neutral fault. In figure 3.17 the 

algorithmic analysis results are summarized.  

 

 
 

Figure 3.17 Algorithmic Analysis – Fault at the start of the line Summertime, House 1 

 

It is important to highlight that in the 95% of the cases that the existing algorithm detected BN fault, 

the algorithm had to search for maximum 10 minutes back from the time an event ended 

(Vsag/Vsurge) in order to detect an opposite event (Vsurge/Vsag) that fulfilled the requirements of 

Broken Neutral fault. This is a clear indicator that the detection time of 30 minutes that is currently 

being used can be reduced. From the events perspective the following results can be noticed:  

 

• In 18/57 = 31.5% of the BN fault cases, a Vsag and Vsurge event started at the same time. 

• In 18/83 = 21.6% of the events that started at the same time led to BN detection.  

• In 11/78 = 14% of the events that ended at the same time led to BN detection. 

 

In figure 3.18 the currents for each phase are depicted. The currents don’t show any “suspicious 

behavior” that could be potentially used as indicator of BN detection. Of course, the current flowing 

through the neutral conductor (purple) is reduced however there is not a clear pattern before and after 

the fault so that a threshold could be set, to detect the fault.  

 

 
Figure 3.18 Currents per phase – Fault at the start of the line Summertime, House 1 
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The same conclusion can be drawn for the Vsum angle, the active and reactive power of each phase as 

well as the power factor of each phase.  

 

 
Figure 3.19 Vsum angle – Fault at the start of the line Summertime, House 1 

 

 

   
Figure 3.20 Pa, Qa (left) and Pb, Qb (right) – Fault at the start of the line Summertime, House 1 

 

 

   
Figure 3.21 Pc, Qc (left) and PFs (right) – Fault at the start of the line Summertime, House 1 

 

However, the Vsum magnitude increases significantly (fig. 3.22) after the BN fault moment. This can be 

used as an indicator for BN detection. 
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Figure 3.22 Vsum magnitude – Fault at the start of the line Summertime, House 1 

 

• Broken Neutral fault in the middle of the line 

The phase to neutral voltages deviate significantly from the Normal Operation values and, as before, 

the BN fault detection limits are surpassed (fig. 3.23). 

 
Figure 3.23 BN Current(left) and Per Minute(right) algorithms – Middle of the line fault, Summertime, House 1 

 

 
Figure 3.24 Algorithmic Analysis – Middle of the line fault, Summertime, House 1 

 

Again in 95% of the cases that the current algorithm detected BN faults, the algorithm had to search 

for maximum 10 minutes back from the time an event ended (Vsag/Vsurge) in order to detect an 

opposite event (Vsurge/Vsag) that fulfilled the requirements of BN. From a BN events perspective 

the following results can be noticed:  

 

• In 18/57 = 31.5% of the BN faults, a Vsag and Vsurge event started at the same time. 

• In 18/83 = 21.6% of the events that started at the same time led to BN detection.  

• In 11/78 = 14% of the events that ended at the same time led to BN detection. 
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As at the fault at the start of the line, the currents don’t show any “suspicious behavior” (fig. 3.25). 

 

 
Figure 3.25 Currents per phase – Middle of the line fault, Summertime, House 1 

The same conclusion can be drawn for the Vsum angle, the active and reactive power of each phase as 

well as the power factor of each phase.  

 
Figure 3.26 Vsum angle – Middle of the line fault, Summertime, House 1 

 

   
Figure 3.27 Pa, Qa (left) and Pb, Qb (right) - Middle of the line fault, Summertime, House 1 

   

Figure 3.28 Pc, Qc (left) and PFs (right) – Middle of the line fault, Summertime, House 1 
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However, the Vsum magnitude again shows a clear pattern that can be used for BN detection (fig. 3.29). 

 
Figure 3.29 Vsum magnitude – Middle of the line fault, Summertime, House 1 

 

• BN close to the grounding cabinet 

The following graphs depict the phase to neutral voltages and the red dots the BN detection cases. As 

before, the BN fault detection limits are surpassed (fig. 3.30). 

 

 
Figure 3.30 BN Current(left) and Per Minute(right) algorithms – Fault close to the grounding cabinet, Summertime, House 1 

 

 
Figure 3.31 Algorithmic Analysis – Fault close to the grounding cabinet, Summertime, House 1 

 

In 94% of the cases that the current algorithm detected BN faults, the algorithm had to search for 

maximum 10 minutes back from the time an event ended (Vsag/Vsurge) in order to detect an 

opposite event (Vsurge/Vsag) that fulfilled the requirements of BN. From a BN events perspective 

the following results can be noticed:  
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• In 71/265 = 26.8% of the BN faults, a Vsag and Vsurge event started at the same time. 

• In 71/134 = 52.9% of the events that started at the same time led to BN detection.  

• In 71/124 = 57.3% of the events that ended at the same time led to BN detection. 

 

In that fault location there is no path for the current to flow through the neutral (fig. 3.32). 

 

 
Figure 3.32 Currents per phase – Fault close to the grounding cabinet, Summertime, House 1 

 

As before, Vsum angle, the active and reactive power of each phase as well as the power factor of each 

phase do not show any “suspicious” behavior. 

 

 
Figure 3.33 Vsum angle – Fault close to the grounding cabinet, Summertime, House 1 

 

 

 
Figure 3.34 Pa, Qa (left) and Pb, Qb (right) – Fault close to the grounding cabinet, Summertime, House 1 
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Figure 3.35 Pc, Qc (left) and PFs (right) – Fault close to the grounding cabinet, Summertime, House 1 

 

However, the Vsum magnitude again shows a clear pattern that can be used for BN detection (fig. 3.36). 

 

 

 
Figure 3.36 Vsum magnitude – Fault close to the grounding cabinet, Summertime, House 1 

 

Before analysing the BN fault at the customer side, it is important to highlight that in most of the BN 

cases at the DSO side, the closer the fault is to the customer the higher the voltage deviation will be. 

However, there might be cases when this doesn’t happen since the fault behaviour is strong dependent on 

the unbalance of the load. 

 

• BN at the customer side 

At the customer side BN fault, the smart meter still is connected with the substation grounding. However, 

it is not connected anymore, through the neutral conductor, with the loads. Since, the SM keeps its voltage 

reference point and there is no current on the neutral (no neutral connection), the meter will wrongly 

“detect” a system where the voltage of all phases gets even closer to the nominal value than in NO 

conditions. Therefore, the BN fault cannot be easily detected with the use of the algorithmic methods that 

have been used so far. As we can see from figure 3.37 the SM “understands” a totally normal and 

balanced voltage behavior.  

 

However, it is important to mention that the danger of electrocution for end users and the risk of damage 

of electrical domestic appliances still exists, since the load will still experience high voltages due to the loss 

of neutral continuity. 
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Figure 3.37 BN Current algorithm – Fault at the customer side, Summertime, House 1 

 

In the following graph we can see the currents of each phase, as well as the current that flows through 

the neutral conductor. As it can be seen, this current gets extremely low when the fault takes place (in 

the range of mA). 

 

 
Figure 3.38 Currents per phase – Fault at the customer side, Summertime, House 1 

 

 

Vsum angle graph (fig. 3.39), the active and reactive power per phase do not show any clear pattern.   

 

 

  
Figure 3.39 Vsum angle(left) Pa, Qa(right) – Fault at the customer side, Summertime, House 1 
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Figure 3.40 Pb, Qb (left) and Pc, Qc (right) – Fault at the customer side, Summertime, House 1 

 

  

Figure 3.41 PFs – Fault at the customer side, Summertime, House 1 

 

In figure 3.41 it can be seen that the PFs deviate from the NO values. In the case of House 1 during 

summertime, this deviation is not enough to show us an “abnormal” behavior, since the PF values still 

remain within a “normal” range (0.6 - 1). However, this is because the PFs of the load have been set in the 

range between 1 - 0.8 during normal operation. Hence, the power factors could potentially be a useful 

indicator when the fault takes place at the customer side, since it is a parameter that is affected in 

comparison to the normal operation conditions.   

 

 
Figure 3.42 Vsum magnitude – Fault at the customer side, Summertime, House 1 
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Since there is no current flowing through the neutral conductor the Vsum magnitude is zero. However, this 

value can be similarly almost zero during normal operation when the load in the three phases is totally 

balanced. Hence, Vsum magnitude cannot be used as an indicator to detect BN fault at the customer side. 

 

The overall conclusions that derived from the single-customer models analysis under BN fault without the 

penetration of PVs can be seen in Table 3.1   

 
Table 3.1 Overall BN fault detection conclusions – Single customer model, Summertime, House 1 

Detection of BN 

without PV 
RMS Voltages RMS Currents Vsum Magnitude Vsum Angle PF 

Start of the Line 
     

Middle of the Line 
     

Close to the 

grounding cabinet      

Customer Side      

 

 

OBSERVATIONS 

1. Phase to neutral voltage behavior is the most obvious indicator for BN fault detection. The 

unbalance (% from the total three phase load) as well as the magnitude of the load at a specific 

time define whether the BN fault can be detected or not using this approach. The higher the 

magnitude and the unbalance the easier it is to detect the fault. Since the magnitude of the load is 

higher in wintertime, during this season we could detect the BN fault easier than during 

summertime, since the load per phase is lower. 

 

2. One of the first algorithmic approaches that have been developed by VF was to create an 

algorithm that can only be triggered by voltage sag and surge events that start at the same time. 

This idea has been suggested in order to avoid the process where the algorithm checks if there 

was a voltage sag/surge in one of the remaining phases at least once during the previous 30 

minutes time period (Current Algorithm). However, based on the above results it is clear that this 

approach could limit the efficiency and accuracy of the algorithm since the percentage of BN 

events that start at the same time was 31.5% in the best-case scenario. 

 

3. The most loaded phase at each minute is the one that leads to a Vsag during BN fault (DSO side) 

and the less loaded phase at each minute leads to a Vsurge during BN fault (DSO side). 

 

4. The Vsum magnitude is a clear indicator for BN detection when the fault is at the DSO side. 

 

5. In case of a BN fault at the customer side, there are not accurate enough indicators to prove the 

existence of the fault. However, the PFs seem a promising indicator that could be potentially used 

for BN fault detection at the customer side. 

 

6. The time needed for the current algorithm to go back and find an event in order to detect Broken 

Neutral fault could be reduced to 0-10 min instead of being 30min, since around 95% of the BN 

cases detected belong to this timeframe. This action could reduce the number of false positive 

cases generated by two events (sag & surge) that do not have any relation with each other.   
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7. The closer the BN fault location (at the DSO side) to the load the higher the voltage variation is, 

depending on the unbalance of the load. Hence, it might be easier to detect BN faults that are 

closer to the load. 

 

3.3.3 Normal Operation with PV  

During Normal Operation with a single-phase PV connected at phase A, the RMS voltages and currents 

of each phase can be seen as follows: 

 

 
Figure 3.43 Voltages per phase – Summertime Normal Operation House 1, with PV at phase A 

 

 
Figure 3.44 Currents per phase and neutral – Summertime Normal Operation House 1, with PV at phase A 

 

 

It can be seen that when there is power production at phase A due to the PV asset, the voltage of phase A 

is increasing as well as the magnitude of the current flowing through the line.  
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Figure 3.45 Vsum magnitude – Summertime Normal Operation House 1, with PV at phase A 

It can be observed that the voltage sum magnitude during NO is in the range of 0-30V. Therefore, it is 

possible to have high magnitude of Vsum during NO, when there is a single-phase PV asset connected in 

one of the phases. Also, the pattern of Vsum angle during NO with PV integration differs from the 

previous case of NO without PV assets, since the angles deviate around zero degrees when there is power 

production (fig. 3.46).    

 

 
 Figure 3.46 Vsum angle – Summertime Normal Operation House 1, with PV at phase A 

 

In figure 3.47 the active and reactive power of phase A (production) and the power factors are presented.  

 

 
Figure 3.47 Pa, Qa(left) and PFs(right) – Summertime Normal Operation House 1, with PV at phase A 

 

It should be mentioned that production of power is presented with a negative sign on the graphs and that 

the PFs are presented as absolute values that can be characterized as inductive or capacitive, according to 

the behavior of the active power flow.   
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3.3.4 Broken Neutral with PV  

In this subchapter, the broken neutral fault when single-phase PV assets are integrated into the LV grid is 

analyzed. As it can be noticed from the extensive analysis of BN fault without PV assets, the pattern of 

the different electrical parameters was similar among the different fault locations. However, when the fault 

is located at the customer side the pattern of these parameters differs. Hence, in this part of the study it is 

chosen to present only the results of a fault in the middle of the line (DSO side) and a customer side BN 

fault where there is PV integration. 

 

• Broken Neutral fault in the middle of the line 

The phase to neutral voltages deviate significantly from the Normal Operation values and, as before, the 

BN fault detection limits are surpassed (fig. 3.23). 

 

 
Figure 3.48 Phase to neutral voltages – Middle of the line fault, Summertime, House 1 with PV at ph. A 

 

From the voltages behavior in figure 3.48 it can be deducted that when there is PV integration at one 

phase, the system voltages deviate in a more extreme way outside the specified limits. Therefore, the 

BN fault detection with the use of the current algorithm will be easier.  

 

The RMS currents follow the production profile until the moment of the broken neutral fault 

(t=600min). Again, current as a parameter cannot be useful to detect BN fault.  

 

 
Figure 3.49 Currents per phase – Middle of the line fault, Summertime, House 1 with PV at ph. A 



-39- 
 

 
Figure 3.50 Vsum angle – Middle of the line fault, Summertime, House 1 with PV at ph. A 

The angle of voltage sum behaves differently when there is PV production. Before the fault moment the 

angles are around the zero angle area and after the fault, during the production timeperiod the angles 

range from 0 – 50 deg. By observing these results, a threshold of Vsum angle cannot be set with certainty to 

detect BN fault. As probably expected, the Vsum magnitude after the fault is even more clear when there is 

PV into the system. The difference before and after the fault is higher and the magnitude of Vsum ranges in 

a voltage area that cannot be seen during normal operation conditions.  
 

 
Figure 3.51 Vsum magnitude – Middle of the line Summertime, House 1 with PV at ph. A 

 

 
Figure 3.52 PFs – Middle of the line Summertime, House 1 with PV at ph. A 
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The power factors of the non-production phases (B and C) remain within the normal operation range 

(0.8-1) and therefore the detection of BN fault with the use of PF is not possible.  

 

• BN at the Customer side 

As in the case of BN fault without the integration of PV assets, the Smart Meters detect a wrong behavior 

of the system. The voltages remain within the limits (fig. 3.53) according with the voltage value measured 

by the SM and therefore the detection of BN fault with the current algorithm is not feasible due to the 

absence of events. 

 

 
Figure 3.53 Phase to neutral voltages – Fault at the customer side, Summertime, House 1 with PV at ph. A 

 

 

 
Figure 3.54 Currents per phase – Fault at the customer side, Summertime, House 1 with PV at ph. A 

 

 

The RMS currents follow the production profile until the moment of the broken neutral fault. After that 

moment, the current in the neutral In which is equal to the magnitude of Isum becomes almost zero (in the 

range of mA). Again, a threshold of Vsum angle (fig. 3.55) cannot be set with certainty to detect BN fault.  
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Figure 3.55 Vsum angle – Fault at the customer side, Summertime, House 1 with PV at ph. A 

 

 
Figure 3.56 Vsum magnitude – Fault at the customer side, Summertime, House 1 with PV at ph. A 

 

Since, the voltages are quite balanced the magnitude of voltage sum gets really low after the BN fault at 

the customer side. Hence, this parameter cannot be used to detect a BN fault at that location. The only 

parameter that may be useful is the PFs, that are presented in figure 3.57.  

 

 

Figure 3.57 PFs – Fault at the customer side, Summertime, House 1 with PV at ph. A 
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It can be observed that the PFs of all three phases when there is active power injection can get really low, 

in case there is fault at the customer side and PV production at the same time. Hence, when there are PV 

assets integrated into the system, the customer side fault could be detected with the use of PFs of the 

phases that are not contributing (without PV phases). 

3.4 Non-Linear Load Analysis 

From (Agency & End-use, 2009) it can be concluded that in a typical Swedish household non-linear load 

accounts for about 8-10 % of the total three-phase load. Based on that, the goal of this analysis is to create 

a single-customer load profile that consists of 10% nonlinear load and 90% of linear load for each house, 

without the use of PVs.  

The most preferable option would have been to create a holistic household model that includes the most 

common nonlinear loads and house appliances as well as typical linear loads. After extensive literature 

research, such a holistic nonlinear model for an average household was not found and therefore it was 

thought that it could be possible to model the most representative type of nonlinear loads. However, 

every nonlinear load has its own model and in order to make a more realistic analysis, typical nonlinear 

domestic devices should be modelled in SIMULINK (as blocks) and then combine them to obtain an 

overall idea for the household (Venkatesh & Kumar, 2008). Since, our goal is to investigate BN fault and 

detect it, it would have been out of scope to spend time in designing various models for each domestic 

nonlinear device that may be used. Even in that case, we cannot be sure about the type of devices that 

each customer has and operates; same type of device but different brand can change the behaviour as 

different Power Electronics are used. Hence, it is chosen to follow a generic analysis that can give us a 

preliminary idea of the nonlinear load behaviour under BN, instead of implementing nonlinear load 

models that are not representative for various households. 

In order to generalize the model as much as possible, we have considered two type of nonlinear, domestic 

loads; laptops and compact fluorescent lamps (CFLs). In the literature review, it has been found that both 

devices can be simulated as a rectifier where the RLC components were adjusted in order to simulate the 

behaviour of laptops (Ma, 2016) and CFLs (Malagon-Carvajal et al., 2015) in terms of current and voltage. 

Since the load changes every minute, it means that the amount of nonlinear load, namely CFLs or laptops, 

may increase or decrease at every minute. A reference rectifier model of a 100W constant power load has 

been found for laptops where R=0.5 Ω, L=10mH and C=50μF and another one of 11W for CFLs where 

R=10.2 Ω, L=0.3mH and C=1.2μF. The idea is that more rectifier models will be connected in parallel 

when the load is higher from 100W or less models when the load is lower than 100W, in case of laptops 

for example. Hence, some “k” factors are defined for the load of each phase, following the formula below: 

𝑘𝑝ℎ𝑎𝑠𝑒  =  
𝑛𝑜𝑛𝑙𝑖𝑛%  ·  𝑃𝑝ℎ𝑎𝑠𝑒

2 · 𝑃𝑟𝑒𝑓
  

Where  

𝑛𝑜𝑛𝑙𝑖𝑛% = percentage of the total, 3ph load that is nonlinear 

𝑃𝑝ℎ𝑎𝑠𝑒 (W) = load of the phase for a specific minute 

𝑃𝑟𝑒𝑓 (W) = the reference load (for laptops = 100W and for CFLs = 11W) 

The “2” in the formula is because we assume that 50% of the nonlinear load accounts for laptops and 

50% for CFLs.  

 

The SIMULINK model for the nonlinear load that has been created (laptops and CFLs) can be seen in 

figure 3.58. The simulation has been conducted in the continuous mode, since phasors mode include only 

one frequency (for ex. 50Hz) level and therefore THDi and THDv as well as harmonic currents would not 

be possible to be measured.  
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Figure 3.58 Nonlinear rectifier model – SIMULINK 

 

The final model that has been used in SIMULINK is shown in figure 3.59 below.  

 

 

Figure 3.59 Single-customer model with linear and nonlinear load – SIMULINK 

 

For Normal Operation and Broken Neutral Fault (customer side and DSO side) the following cases have 

been investigated, in terms of THDi, THDv and harmonic currents, especially 3rd harmonic current, since 

according to (Yong, Zhou et al., 2012) the 3rd harmonic can lead to BN fault detection. The following 

cases were investigated in the single-customer nonlinear model analysis: 

• Mainly linear load (nonlinear ~10% of total 3ph load)  

• Higher contribution of nonlinear load (nonlinear ~30% of total 3ph load) 

• Lower contribution of nonlinear load (nonlinear ~5% of total 3ph load) 
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Baseline Scenario: Linear Load 90% - Nonlinear load 10% 

 

• Normal Operation 

The total harmonic distortion of voltage and current during normal operation are illustrated in 

figures 3.60 and 3.61. It can be seen that the THDv values are low, in the range of 0.85% – 1.3%. 

However, the THDi values are higher, from 5.2% – 7.4%.  

 

According to the THD standards set within the EN 50160, the THDv is not polluted when it is 

lower than 5% and the THDi when it is lower than 10% (Sapera, 2017). Therefore, both THD 

parameters in the baseline scenario are within the specified limits during normal operation.  

 

Figure 3.61 THDv with Nonlinear Load 10% – Normal Operation, Wintertime, House 1 

 

 

Figure 3.62 THDi with Nonlinear Load 10% – Normal Operation, Wintertime, House 1 

 

In figures 3.63 – 3.65 the 3rd harmonic currents for each phase are presented. The phase with the higher 

contribution is phase B, where the 3rd harmonic current reached a peak of 1.4 A.  
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Figure 3.63 I3a Nonlinear Load 10% – Normal Operation, Wintertime, House 1 

 

 

Figure 3.64 I3b with Nonlinear Load 10% – Normal Operation, Wintertime, House 1 

 

 

Figure 3.65 I3c with Nonlinear Load 10% – Normal Operation, Wintertime, House 13 
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• Broken Neutral fault at the DSO side 

During BN fault at the DSO side, it can be observed that the total harmonic distortion in voltage 

follows a clear pattern, since every minute after the fault the THDv range is from around 4% - 14.5%. 

Such extreme value of THDv cannot be seen during Normal Operation, hence it can be concluded 

that THDv can be used as an indicator for BN fault at the DSO side.  

 

Figure 3.66 THDv with Nonlinear Load 10% – BN fault at the DSO side, Wintertime, House 1 

 

The total harmonic distortion in currents (fig. 3.67) decreases after the BN fault and the range of the 

values that can be seen is broader in comparison to the one during normal operation. However, such low 

THDi (%) values can be seen during NO conditions, in case the load is purely linear. Therefore, THDi 

(%) cannot be trusted for BN fault detection that took place at the DSO side. 

 

 

Figure 3.67 THDi with Nonlinear Load 10% – BN fault at the DSO side, Wintertime, House 1 

 

The 3rd harmonic currents when there is a fault at the DSO side can be seen in figures 3.68 – 3.70. After 

the BN fault, it can be observed that the profile of currents decreases in comparison to the one during 

normal operation (fig. 3.63 – 3.65). The maximum magnitude of the 3rd harmonic current still remains the 

same. In general, there is not a clear pattern that can lead to BN detection for a fault at the DSO side, 

when analyzing the 3rd harmonic currents.  
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Figure 3.68 I3a Nonlinear Load 10% – BN fault at the DSO side, Wintertime, House 1 

 

 

Figure 3.69 I3b with Nonlinear Load 10% – BN fault at the DSO side, Wintertime, House 1 

 

 

Figure 3.70 I3c with Nonlinear Load 10% – BN fault at the DSO side, Wintertime, House 1 
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• Broken Neutral fault at the customer side  

 

During a broken neutral fault at the customer side, as presented in subchapters 3.2 and 3.3, the 

voltage behavior considered from the Smart Meter looks like normal operation. The THDv result 

is shown in figure 3.71.  

 

Figure 3.71 THDv with Nonlinear Load 10% – BN fault at the customer side, Wintertime, House 1 

 

The total harmonic distortion in currents (fig. 3.72) follows the same pattern shown in fig. 3.67. The 

THDi (%) parameter cannot be used for BN fault detection at the customer side.  

 

Figure 3.72 THDi with Nonlinear Load 10% – BN fault at the customer side, Wintertime, House 1 

 

 

The same conclusion as for the THDi (%) can be conducted for the 3rd harmonic currents when there is a 

fault at the customer side (fig. 3.73 – 3.75).  
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Figure 3.73 I3a Nonlinear Load 10% – BN fault at the customer side, Wintertime, House 1 

 

 

 

Figure 3.74 I3b with Nonlinear Load 10% – BN fault at the customer side, Wintertime, House 1 

 

 

Figure 3.75 I3c with Nonlinear Load 10% – BN fault at the customer side, Wintertime, House 1  
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The total results regarding the THDi and THDv as well as the 3rd harmonic currents for the baseline 

scenario (10% of Nonlinear load) can be seen in tables 3.2 – 3.3 below. 

Table 3.2 THD Results – Baseline Scenario (10% Nonlinear load) 

THD Normal Operation DSO side (Middle of Line)  Customer Side 

Ia_min 5.7130 % 3.0715 % 2.6213 % 

Ib_min 5.2765 % 2.4011% 2.3178 % 

Ic_min 5.5120 % 2.2484 % 2.0744 % 

Ia_max 7.2196 % 8.0753 % 8.3305 % 

Ib_max 7.2110 % 7.5774 % 7.9615 % 

Ic_max 7.4395 % 8.1959 % 8.3659 % 

Va_max 1.1611 % 13.0841 % 1.1611 % 

Vb_max  1.3115 % 14.2740 %  1.3115 % 

Vc_max  1.0911 % 13.0123 %  1.0911 % 

 

Table 3.3 3rd Harmonic Currents – Baseline Scenario (10% Nonlinear load) 

3rd Harmonic Currents Normal Operation DSO side (Middle of Line) Customer Side 

I3a_max (A) 0.796 0.796 0.796 

I3b_max (A) 1.419 1.419 1.419 

I3c_max (A) 0.824 0.6059 0.623 

 

The graphs of the rest 2 cases, where the nonlinear load is 5% and 30%, can be found in the APPENDIX 

A2. The results are summarized in tables 3.4 – 3.7 below.  

 

Case 1:  Linear Load 95% - Nonlinear load 5% 

Table 3.4 THD Results – Case 1 (5% Nonlinear load) 

THD Normal Operation DSO side (Middle of Line)  Customer Side 

Ia_min 2.8734 % 1.7400 % 1.5420 % 

Ib_min 2.6522 % 1.2039 % 0.8863 % 

Ic_min 2.8374 % 1.1622 % 1.1736 % 

Ia_max 3.8861 % 4.0978 % 4.4380 % 

Ib_max 3.9345 % 4.1104 % 4.1674 % 

Ic_max 4.0555 % 4.2644 % 4.8689 % 

Va_max 1.0013 % 8.4846 % 0.9997 % 

Vb_max 0.9310 % 8.6556 % 0.9299 % 

Vc_max 0.9908 % 7.9152 % 0.9864 % 
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Table 3.5 3rd Harmonic Currents – Case 1 (5% Nonlinear load) 

3rd Harmonic Currents Normal Operation DSO side (Middle of Line) Customer Side 

I3a_max (A) 0.3539 0.3539 0.3539  

I3b_max (A) 0.5828 0.5828 0.5828  

I3c_max (A) 0.3522 0.2868 0.2868  

 

Case 2: Linear Load 70% - Nonlinear load 30% 

Table 3.6 THD Results – Case 2 (30% Nonlinear load) 

THD Normal Operation DSO side (Middle of Line)  Customer Side 

Ia_min 13.6997 % 7.6044 % 6.9369 % 

Ib_min 9.5152 % 7.6840 % 6.5749 % 

Ic_min 12.1742 % 6.6124 % 6.1986 % 

Ia_max 21.2232 % 22.3302 % 23.0546 % 

Ib_max 21.1766 % 21.1119 % 21.9023 % 

Ic_max 20.9057 % 21.3955 % 22.4152 % 

Va_max 1.8318 % 20.59466 % 1.8151 % 

Vb_max 1.9234 % 21.7567 % 1.9058 % 

Vc_max 1.9618 % 19.1758 % 1.9435 % 

 

Table 3.7 3rd Harmonic Currents – Case 2 (30% Nonlinear load) 

3rd Harmonic Currents Normal Operation DSO side (Middle of Line) Customer Side 

I3a_max (A) 1.9832 2.0341 2.0386 

I3b_max (A) 2.2737 2.2737 2.2737 

I3c_max (A) 1.9580 1.8939 1.8352 

 

General Conclusions 

From the results presented in tables 3.2 - 3.7 the following conclusions can be drawn: 

• From the THDv and THDi maximum and minimum values it can be concluded that when there 

is a BN fault at the DSO side, the maximum values of THDv increase a lot, exceeding the 

allowed thresholds of 5% THDv. This can be a useful indicator for BN fault detection if a 

threshold of 12% THDv, for example, is set. Also, false positive cases are not excepted during 

Normal Operation since cases 1 (5% of nonlinear load) and 2 (30% of nonlinear load) prove that 

the THDv remain quite stable during normal operation. 

 

• The higher the penetration of nonlinear load, the higher the THDv values after the moment a BN 

fault takes place and therefore, the easier it is to be detected if a threshold is set.  

 

• THDi and 3rd harmonic current thresholds cannot be found in order to detect BN fault at both 

DSO and customer side. The minimum THDi decreases after a DSO side BN fault takes place 

but such low THDi values can be met during Normal Operation conditions. 
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4 7-customer LV rural grid  

In chapter 4, the final 7-customer LV rural grid model as well as results and observations that have 

derived from the analysis of the full model simulations will be presented.  

 

4.1 Model  

In figure 4.1 the topology of the LV network that will be modeled and examined can be seen.  

 

Figure 4.1. Topology of LV network 

 

It can be seen that there are 3 branches in this LV network. The first one includes two households (LC1, 

LC2) the second one two more houses (L-C3-1, L-C3-2) where there are also PV assets installed and the 

third branch includes two more households (L-C4, L-C5). The primary substation voltage level was set to 

66/11 kV and the secondary substation level to 11/0.42 kV. The secondary substation grounding has been 

set to 1 Ohm and the grounding at the terminals 100 Ohm (purple resistors – fig.4.2).  

In the system modelled in SIMULINK, one more household has been added in branch 3, without 

modifying the line data since it has been tested that the grid has enough capacity to withstand another 

household. Furthermore, in the model that has been created it has been decided to add one single-phase 

PV asset at household 1 (L-C1) and another one at household 7 (added house). In both cases, the system 

has been tested in terms of capacity under normal operation conditions. 

In the 7-customer LV rural grid modelled in SIMULINK three type of faults have been modeled and 

simulated; Broken Neutral fault, Phase Loss fault and Short-Circuit fault (line-to-line and line-to-ground). 

This decision has been taken in order to have different fault data that can be used to train the machine 

learning methods, as it will be explained in chapter 5. All three type of faults have been modeled with the 

use of breakers that opened (BN and PL) or closed (SC) permanently when the fault took place. The red 

breakers seen presented in figure 4.2 represent BN fault, the blue ones SC fault and the yellow ones PL 

fault. 
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The fault locations that have been considered are the following and can be seen in figure 4.2: 

• In the MV grid (Phase Loss fault) 

• Close to the Secondary Substation (Broken Neutral and Line-to-Ground Short Circuit faults) 

• Start of the Line (Broken Neutral and Phase Loss fault) 

• Close to the Grounding cabinet BRANCH 1 (BN, PL and Line-to-Ground SC faults)  

• Close to the Grounding cabinet BRANCH 2 (BN, PL and Line-to-Ground SC faults)  

• Middle of the Line BRANCH 3 (Broken Neutral and Phase Loss faults)  

• Before House 7 (Broken Neutral and Phase Loss fault) 

• Customer Side House 1 (BN, PL and Line-to-Line SC faults) 

• Customer Side House 3 (BN, PL and Line-to-Line SC faults) 

• Customer Side House 7 (BN, PL and Line-to-Line SC faults) 

 

 

Figure 4.2. 7-customer LV rural grid - SIMULINK 
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The customer side fault locations for House 3 can be seen in figure 4.3. Furthermore, the measurement 

SIMULINK block as well as the way single and three-phase PV assets have been simulated is depicted. 

 

Figure 4.3. House 3 block - SIMULINK 

 

4.1.1 Model assumptions and parameters 

The assumptions that have been made when modeling the system in SIMULINK are the following: 

• Three phase PV assets. In order to model a three phase PV asset, real measurements have been 

provided. The goal of these simulations was to test the network with as high PV penetration as 

possible, under BN fault conditions. Therefore, the real PV profile that has been provided has 

been modified (increased) with the same % for each minute, so that the maximum production 

during the day would be close to the maximum production allowed (43.5 kWpeak). Furthermore, 

the data provided for the 3-phase PV asset have a 15-minute resolution. Hence, same 

methodology as in the single-phase PV assets (chapter 3.2.3) has been followed to transform 

them in a per-minute resolution. Also, it has been assumed that the 3-phase power produced is 

equally distributed to the three phases. 

  

• The linear load of each phase (impedance) should always be positive. So, zero load is not allowed 

in SIMULINK.  

 

• The single-phase and three-phase PV production profiles were the same for every household. 

 

• The power factors were the same for each household. 

 

• Nonlinear load has not been considered into the 7-customer model for the following reasons:  

➢ As already mentioned in 3.4 subchapter, an extensive literature research has been conducted 

in order to find a holistic nonlinear model for an average household that can include all 

different domestic nonlinear appliances. Unfortunately, the research was not fruitful and 

since it would have been extremely time-consuming and out of scope of the project to design 

each domestic nonlinear device that may be used, it has been decided not to include 

nonlinear load in the final model. Another idea could be to use the same simple nonlinear 
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model that has been designed for the single-customer analysis but for the following reasons 

even this approach has been excluded.    

 

➢ Nonlinear load accounts for around 10% of the total, three phase load in an average Swedish 

single-family household (Agency & End-use, 2009). Especially, during wintertime that 

electrical heating is dominant (linear load), the influence of nonlinear loads in the total 

household load profile will not severely affect the level of currents and voltages during 

normal operation. 3rd harmonic changes will take place, but the current smart meter 

infrastructure cannot detect spontaneous changes in 3rd harmonic currents and voltages. So, 

it is thought that the preliminary analysis conducted before was adequate to understand the 

network behaviour when nonlinear load is connected under BN fault conditions. 

 

➢ During the model creation, the phasors simulator mode has been used in SIMULINK in 

order to model the LV network. This was chosen in order to reduce the computational time 

of the system simulations since we do not need to record transient phenomena. In a previous 

study conducted on the continuous mode, the time needed to simulate a 6-customer network 

was around 2 hours for a constant load. Hence, it would be impossible to simulate 1440 

minutes, that correspond to 1440 constant load cases, since it would take countless hours. 

When simulating the 7-customer model in the phasors model it takes 1-1.5 hours in total for 

a one-day simulation so there is a clear benefit of simulating the final system in the phasors 

mode. However, the phasors simulator has the disadvantage of simulating on one specific 

frequency (let's say 50Hz) so harmonics cannot be measured and analysed.  

 

• RL line impedances have been used to model the LV grid overhead lines and cables, since the 

ratio of R/X is quite high in LV distribution grids, hence the reactance is not that important 

(Taylor, 2018). Also, capacitive reactance C will not be considered since it may cause issues when 

modelling the Broken Neutral fault. 

 

• The simulations when PV assets have been connected into the grid have been conducted for 

Summer and/or Springtime since the original dataset has been obtained from summertime 

measurements. Also, during Winter and Autumn the solar irradiance in Sweden is quite low. 

 

• The power factors of each phase have been assumed in the range of 0.8 – 1, with an inductive 

character, as in the single-phase customer models. 

 

In terms of measurements, the following 25 electrical parameters have been recorded at each simulation: 

• Active and Reactive Power at each phase  

• Power Factors at each phase  

• Phase to neutral voltage magnitudes at each phase (RMS values) 

• Phase to neutral voltage angles at each phase  

• Voltage sum phasor (angle and RMS value of magnitude) 

• Current sum phasor (angle and RMS value of magnitude) 

• Line current magnitudes at each phase (RMS values) 

• Line current angles at each phase  
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PV combinations 

During Normal Operation different combinations of PVs integrated in the network have been 

investigated. Houses 1,3,4 and 7 can potentially contribute with their installed PVs. Three different cases 

have been considered when simulating PV integration with BN fault. The choice has been made in order 

to achieve the “worst case” conditions with PV integration and therefore high voltages during NO.  

 

1. Single-phase PV asset at House 1 to understand the system behavior 

 

2. 4 single-phase PV assets integration 

a. PV at House 1, connected at phase A.  

b. PV at House 3, connected at phase B. 

c. PV at House 4, connected at phase B. 

d. PV at House 7, connected at phase C 

 

3. 3 single-phase PV assets integration 

a. PV at House 1, connected at phase B.  

b. PV at House 3, connected at phase B. 

c. PV at House 7, connected at phase C. 

 

4. Three-Phase PV asset integration at House 3 

Considering all type of faults and locations, the different seasons, the type of the grid, the minute of the 

permanent BN fault as well as the integration of PV assets, 112 simulations have been conducted where all 

7 houses data have been measured and stored. It is important to mention that 5 of these simulations have 

been conducted to test the grid capacity in terms of single-phase PV assets integration. 

 

4.2 System Behavior  

In this subchapter some characteristic cases will be presented, aiming to cover faults that took place in 

different grid locations, the impact that single and three-phase PV assets may have on the system as well 

as the difference between a strong grid and a weak grid, as the grid under investigation.  

4.2.1 Fault locations impact 

In the single-customer model results, the impact that the fault location may have on the behavior of phase 

to neutral voltages as well as on the other parameters, have been investigated thoroughly. However, it is 

more interesting to further analyze the behavior of the system when more customers are connected into 

the grid, under BN fault conditions.  

It has been concluded from the single model analysis, that the closer the fault takes place to the 

customer’s Smart Meter, the more extreme the voltage behavior becomes. When analyzing the behavior of 

House 7, which is located at the end of the line (Branch 3) this conclusion can be verified. In the 

following analysis, graphs such as the Vsum angle, the RMS currents, the active and reactive power of each 

phase will not be presented, as according to the single-customer model analysis they cannot contribute to 

the BN fault detection, and therefore there is no need to include them in the report.  

 

Without PV integration – weak grid 

• Normal Operation - House 7 Wintertime 

In figure 4.4, the neutral to phase voltages are presented, for normal operation without PV 

integration for House 7 during wintertime, when the load is high. 
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Figure 4.4 Voltages per phase – Wintertime Normal Operation House 7 

It can be seen that there are some minutes when the voltage is lower than the limit allowed from 

the regulation (±10% of 230Vrms). However, these Vsags do not last more than 10 minutes 

(Ström et al., 2011)  and therefore this voltage profile can be “acceptable”.  

In figure 4.5 the magnitude of Vsum that has been shown that could be useful for BN fault 

detection is presented. The maximum value that was reported for House 7, during Wintertime in 

normal operation conditions was about 55V. This was the maximum Vsum magnitude value 

reported in the system. 

 

 

Figure 4.5 Vsum magnitude – Wintertime Normal Operation House 7 

 

• Broken Neutral Fault - House 7 Wintertime 

In figures 4.6 - 4.9 the phase to neutral voltages are presented when there is BN fault at the start 

of the line, in the middle of branch 3, before house 7 and at the customer side, respectively. The 

BN fault took place at 10 am (t=600min). 
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Figure 4.6 Voltages per phase – Wintertime BN fault at the Start of the Line, House 7 

 

Figure 4.7 Voltages per phase – Wintertime BN fault in the middle of Branch 3, House 7 

 

Figure 4.8 Voltages per phase – Wintertime BN fault before House 7 
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Figure 4.9 Voltages per phase – Wintertime Customer Side fault, House 7 

 

From the phase to neutral voltage graphs above, it can be observed that the closer the fault takes 

place to the customer, the more spikes appear, both Vsurges and Vsags. This is due to the fact 

that when the fault is farther away there are more ways (earth paths) for the current to flow back 

to the source. Furthermore, when the fault takes place close to the SS or at the start of the line, 

the aggregated load downstream is more balanced than the load of each household individually, 

and therefore the phase voltages are not affected in the same proportion and the number of 

Vsags and Vsurges decrease. Consequently, the closer the fault to the customer the higher the 

chance is to detect a BN fault or the more BN cases will be detected with the use of the Current 

algorithm. 

When the fault is at the customer side, as explained in chapter 3, the SM understands a false 

voltage behavior after the fault. If figure 4.9 is compared with figure 4.4 (normal operation) it can 

be seen that the number of Vsags in the latter are more. Hence, it can be stated that when there is 

a customer side fault the SM understands an even more “balanced” system than in normal 

operation, so it is more difficult to detect a BN fault at that location using a phase voltages 

approach.  

The pattern of Vsum magnitude is presented in figures 4.10 - 4.13 below.  

 

Figure 4.10 Vsum magnitude – Wintertime BN fault at the Start of the Line, House 7 
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Figure 4.11 Vsum magnitude – Wintertime BN fault in the middle of Branch 3, House 7 

 

 

Figure 4.12 Vsum magnitude – Wintertime BN fault before House 7 

 

 

Figure 4.13 Vsum magnitude – Wintertime Customer Side fault, House 7 
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The same behavior as in the phase to neutral voltages can be observed with the Vsum magnitude. 

BN fault detection gets easier when the fault is located closer to the customer when using Vsum 

magnitude, since the magnitude of this parameter is higher. As it can be seen in figure 4.13, the 

Vsum magnitude after the fault at the customer side doesn’t show the same behavior as in the case 

of a fault at the DSO side. The values after the fault remain within a “normal” range. 

In figure 4.14 the power factors of each phase are presented when the fault is located at the 

customer side of House 7. The results, as expected from the single-customer analysis, show a 

decrease of the PF after the fault. However, these spikes cannot be used with absolute certainty to 

detect BN fault, since setting a threshold of 0.8 may lead to false positive cases. 

 

Figure 4.14 PFs – Wintertime Customer Side fault, House 7 

 

Also, it would be interesting to test the behavior of houses that are located downstream or upstream of 

the fault. In figure 4.14 the phase to neutral voltages of House 3, when a BN fault close to the Grounding 

cabinet in branch 2 takes place, are illustrated. 

 

 

Figure 4.15 Voltages per phase – Wintertime, BN fault close to the grounding cabinet branch 2, House 3 
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In figures 4.16 – 4.17, for the same fault location (same simulation), the voltages per phase are depicted 

for House 1 that is located in Branch 1 and House 6 that is located in Branch 3. It can be seen that for 

House 1 the voltages remain within the specified limits of the BN current algorithm (207V – 270V) but in 

the case of House 6, the opposite. Therefore, it can be concluded that when a fault takes place, it affects 

all houses downstream of the fault and not the other ones. As expected, the Vsum magnitude will have the 

same behavior but for the sake of space in the report the graphs is decided not to be presented.  

 

Figure 4.16 Voltages per phase – Wintertime, BN fault close to the grounding cabinet branch 2, House 1 

 

 

Figure 4.17 Voltages per phase – Wintertime, BN fault close to the grounding cabinet branch 2, House 6 

 

4.2.2 PV impact  

In figures 4.18 – 4.24 the normal operation graphs of phase to neutral voltages for the worst-case PV 

production combinations are presented. The single-phase PVs are connected at House 1 (phase A), House 

3 (phase B), House 4 (phase B) and House 7 (phase C).   
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Figure 4.18 Phase to neutral voltages – Normal Operation, Summertime, 4 PV assets, House 1 

 

 

Figure 4.19 Phase to neutral voltages – Normal Operation, Summertime, 4 PV assets, House 3 

 

 

Figure 4.20 Phase to neutral voltages – Normal Operation, Summertime, 4 PV assets, House 4 
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Figure 4.21 Phase to neutral voltages – Normal Operation, Summertime, 4 PV assets, House 7 

In the figures 4.19 – 4.21 it is interesting that phase’s A voltage level is lower than the other phases and 

especially of phase B which is the most loaded phase during normal operation. This is due to the fact that 

phase B is the production phase of Houses 3 and 4 and phase C is the production phase of House 7 

where the single-phase PV assets are connected. At House 7 (fig. 4.21) which is the last house of the grid 

it can be seen that phase’s B voltage profile is similar to the one of phase C, that is the production phase 

of House 7. This is due to the fact that active power produced from both Houses 3 and 4 at phase B is 

injected from branch 2 to branch 3 since the production is higher than the demand in branch 2. 

Consequently, lower current flows from the grid to the load of phase B at House 7, leading to lower 

voltage drop.      

In case there is a 3-ph PV asset installed at house 3, the voltages graph under Normal Operation 

conditions is presented in figure 4.22.  

 

Figure 4.22 Phase to neutral voltages – Normal Operation, Summertime, 3-phase PV asset, House 3 

 

It is worth mentioning that houses upstream (House 1 and 2) are not affected by the PV production (fig. 

4.23) in contrast to the Houses downstream (4,5,6,7) that their voltage profiles are affected. More 

specifically, the phase to neutral voltages at House 7 are close to exceeding the upper limit of 253V that 

the regulation implies for RMS voltages. 



-65- 
 

 

Figure 4.23 Phase to neutral voltages – Normal Operation, Summertime, 3-phase PV asset, House 2 

 

 

Figure 4.24 Phase to neutral voltages – Normal Operation, Summertime, 3-phase PV asset, House 7 

 

 

Broken Neutral Fault – 1 phase PV assets  

The behavior of the system when there is BN fault with PV assets installed is similar to the one shown 

when there were no PVs. As it can be seen in figures 4.25 – 4.27 that depict the voltages under a BN fault 

in the middle of the line, branch 3, the fault affects only the houses downstream of it (House 7) and not 

Houses 1 and 3 that are located on branch 1 and 2, respectively. It is worth mentioning that when 

investigating the PV impact under BN fault conditions, the fault started at 1am (60min) to be able to 

capture all the time of the day when there is power productions from the panels. Here, it should be 

reminded that the inverters of the PV assets is chosen not to trip when the voltage level exceeds the limits, 

since the reason of this PV impact analysis is to understand how the system is affected by intense PV 

production. 
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Figure 4.25 Phase to neutral voltages – BN fault in the middle of the line, branch 3, Summertime, 4 PV assets, House 1 

 

 

Figure 4.26 Phase to neutral voltages – BN fault in the middle of the line, branch 3, Summertime, 4 PV assets, House 3 

 

 

Figure 4.27 Phase to neutral voltages – BN fault in the middle of the line, branch 3, Summertime, 4 PV assets, House 7 
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In figure 4.28 it is illustrated a BN fault before House 7. When comparing this phase to neutral voltage 

graph with figure 4.27, it can be seen that the closer the fault is to House 7, the more extreme the phase to 

neutral voltages will be.  

 

Figure 4.28 Phase to neutral voltages – BN before House 7, Summertime, 4 PV single phase assets, House 7 

 

In figure 4.29, the PFs are presented for a customer side fault at House 7. The corresponding graph of 

phase to neutral voltages that prove that there are no events, meaning Vsurges or Vsags, that can lead to 

BN detection can be seen in APPENDIX B.  

 

Figure 4.29 PFs – Customer Side Fault, Summertime, 4 PV single phase assets, House 7 

 

As shown in the simple model analysis, the Power Factors under BN fault at the customer side deviate 

significantly, when there is power production from the PV assets. While in normal operation the PF that 

deviate would be only the one of phase C, which is the production phase of House 7, when there is a BN 

fault at the customer side the behavior of the system gets more complex. In the absence of the neutral 

conductor, the excess current and therefore active power flows through the other phases, covering the 

load of each phase. At the same time, there are moments when active power in injected into the grid. In 

these minutes, the PF is presented as a positive value but its character changes from inductive to 

capacitive.  
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General Conclusion 

From detailed analysis conducted, it can be concluded that when there are single-phase PV assets 

connected into the system, BN fault detection with the use of the current algorithm is easier in 

comparison to the case of three-phase PV assets. This is due to the fact that the latter’s impact is that all 

voltages are shifted upwards and therefore the number of Vsags decrease during BN fault, so the 

algorithms conditions are not fulfilled.  

 

When there is a fault in the middle of the line, in branch 3, that have started at the 60th minute of the day 

the following BN cases have been detected with the Current algorithm, from the Smart Meter of House 7: 

➢ Without PV assets: 365 BN cases detected during the day 

 

➢ With a single-phase PV asset connected at House 7: 342 BN cases detected during the day 

 

➢ With 4 single-phase PV assets in the system: 294 BN cases detected during the day 

 

➢ With a three-phase PV asset: 172 BN cases detected during the day 

 

When there is single-phase PV asset connected only in one phase of the system, the Vsurge events will 

increase. This is expected to increase the number of BN cases detected, in comparison to the no-PV fault 

that took place at the same location. However, from the results presented above, this may not be true, 

since the behavior of the voltages depend on the load of each phase, at each moment as well as the 

voltage profile of the phase that the PV is connected. To be more specific, if the PV is connected to a 

phase that has a profile during the day with more voltage drops (most loaded phase), the PV impact will 

be this phase’s voltage profile to increase and therefore the number of Vsags may decrease and the 

detection will be less accurate than in the case of no-PV integration. On the other hand, if the PV is 

installed in a phase that has a profile during the day with more voltage surges (less loaded phase), it will 

lead to more Vsurges and therefore higher chance that a BN case can be detected. So, in general the load 

behavior and the load per phase are dominant when analyzing BN fault without PVs or with single-phase 

PV assets. 

When there are PV assets connected into the system, the BN customer side fault could be detected with 

the use of PF thresholds, since during the power production period the PFs behavior gets extreme, with 

significant deviations (fig. 4.29). 

Lastly, it is worth mentioning that during summertime, in Normal Operation conditions, when the PV 

production is high, the load is quite low and therefore Vsags are not so common (fig. 4.22 – 4.23). During 

wintertime, when the load is high fig. 4.4) and Vsags increase, the PV production will be really low in 

Sweden. Therefore, false positives with the use of the Current algorithm cannot be expected regularly, 

since there will be either Vsurges during the summer due to the PV production or Vsags during the winter 

due to the high load. 

 

4.2.3 Strong vs Weak Grid 

In this sub-chapter, the differentiation of strong and weak grids, related to the BN fault will be presented. 

In order to model a strong grid in SIMULINK, all impedances of the lines have been decreased in half of 

their original values (weak grid). In figures 4.30-4.31 the phase to neutral voltages are illustrated for 

normal operation and BN fault at the DSO when the grid is characterized as weak and strong. 
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Figure 4.30 Phase to neutral voltages, weak (left) and strong (right) grid – Wintertime Normal Operation House 7  

 

From the normal operation comparison in figure 4.30, can be seen that the level of voltages is close to the 

230 Vrms. More specifically, it can be seen that all Vsags are shifted upwards, closer to the 230Vrms and 

the Vsurges decrease and they get closer to the 230Vrms, when the grid is characterized as strong. In 

general, this differentiation between strong and weak grids can be noticed due to the aging of the 

conductors that consequently lead to higher line impedances. This behavior of the grid, as it will be shown 

in the comparison of figure 4.31, affects the BN fault detection at the DSO side. The BN fault presented 

below started at 1am (60th minute of the day). 

 

 

Figure 4.31 Voltages per phase, weak (left) and strong (right) grid – BN fault at the start of the line, Wintertime, House 7 

 

In tables 4.1 and 4.2 the Vsags and Vsurges for all three phases are presented, when the BN fault is 

located at the start of the line in wintertime. In table 4.3 the BN cases that have been detected with the use 

of the current algorithm are presented for both grid types when the fault is at the start of the line. The 

data included in the tables have been obtained from every households of the network. 

 

Table 4.1 Vsags for Strong and Weak grids – BN fault at the start of the line, Wintertime 

House No. 
Strong Grid – Vsags  Weak Grid – Vsags  

Phase A Phase B Phase C Phase A Phase B Phase C 

1 60 199 37 70 202 39 

2 61 199 37 71 201 39 

3 65 203 40 79 201 42 

4 65 203 40 79 201 42 

5 83 199 43 102 196 52 

6 83 199 43 103 197 52 

7 83 200 43 103 197 52 
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Table 4.2 Vsurges under BN fault for Strong and Weak grids – BN fault at the start of the line, Wintertime 

House No. 
Strong Grid - Vsurges Weak Grid - Vsurges 

Phase A Phase B Phase C Phase A Phase B Phase C 

1 225 71 227 210 64 231 

2 223 71 227 211 65 230 

3 218 66 225 206 56 227 

4 218 66 225 206 56 227 

5 206 56 229 186 46 230 

6 207 56 230 188 46 230 

7 208 56 228 187 46 230 

 

Table 4.3 BN Cases Detected for Strong and Weak grids – BN fault at the start of the line, Wintertime 

House No. Strong Grid - BN Cases Weak Grid – BN Cases 

1 405 377 

2 407 380 

3 393 388 

4 395 388 

5 400 351 

6 402 352 

7 401 350 

 

From the event results it is can be observed that the number of Vsags increased during the transition from 

the strong grid to the weak grid, under BN fault conditions. On the other hand, the number of Vsurges 

for phases B and C have decreased in the weak grid case whereas for phase A the Vsurges have increased. 

When analyzing the BN cases detected at the case of Strong grid it can be seen from table 4.3 that the 

number of cases are more than in weak grid. In general, this behavior depends on the load, so it is not 

easy to generalize these results. However, it can be seen that when the grid is stronger it may be easier to 

detect the BN fault. In terms of phase behavior, the less loaded phase leads to less Vsags during Normal 

Operation and Vsurges during BN fault, which can be easily observed from tables 4.1 and 4.2 for phase B 

(most loaded).  

 

4.2.4 Vangle jump  

Voltage angle jump (Vangle jump) can be characterized as the absolut value of the difference of the voltage 

phasor angles between two consecutive moments, for a specific phase. As it has already been mentioned, 

the current configuration of the smart meters does not allow the measurement of angles at neither phase 

to neutral voltages nor line currents. This analysis can prove the importance of obtaining such data with 

the smart meters’ infrastructure, since Vangle jump can improve the accuracy of BN fault detection. In 

figure 4.32 the Vangle jump during normal operation, as measured from House 7, in wintertime is 

presented. It can be seen that the Vangle jump does not exceed the value of 5 degrees. However, when 

analyzing the graph presented in figure 4.33, where there is a Broken Neutral fault before House 7 at 

10am, the Vangle jump exceeds the 5 degrees limit, after the fault. Therefore, it can be concluded that the 

Vangle jump shows a clear pattern after a BN fault at the DSO side takes place. Unfortunately, the behavior 

of this parameter when the fault is located at the customer side, is similar to the phase to neutral voltages, 

meaning that the values after the BN fault remain low, as if it was normal operation. Consequently, Vangle 

jump can be used only for BN fault detection at the DSO side.  
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Figure 4.32 Vangle jump – Normal Operation, Wintertime, House 7 

 

 

Figure 4.33 Vangle jump – BN fault before House 7, Wintertime, House 7 

 

4.2.5 Phase Loss and Short Circuit 

Except from normal operation and broken neutral fault with or without the integration of PV assets, 

phase loss and short circuit faults have been modelled and simulated in order to understand the 

differences and similarities of the system behavior, in comparison to BN fault conditions.  

In general, the pattern of phase to neutral voltages after the phase loss and short circuit faults is 

characteristic and clearer than in the case of BN fault, as it will be explained below. Therefore, phase loss 

and short circuit faults cannot easily lead to false positive cases, when considering the current BN fault 

detection algorithm that is based on the phase to neutral voltages. In figures 4.34 - 4.38 the behavior after 

PL faults at the DSO and customer side (3pm) are presented. 
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Figure 4.34 Phase to neutral voltages – Phase B and C Loss , MV grid, Summertime, House 7 

 

When the fault is located at the MV grid, two out of the three phase voltages turn into Vsags, as measured 

by the SM of a house at the LV grid (House 7 in fig. 4.34). These Vsags remain below the lower voltage 

limit, until the phase loss fault is isolated. On the other hand,  when the fault takes place at the DSO side, 

at the LV grid (fig. 4.35), the voltage of the phase that is “lost” becomes zero after the fault. Also, the 

current measured at that phase is zero, as well (fig. 4.36). So, the detection of such fault at the DSO side is 

easy when it comes to the phase loss fault.  

In case of a PL fault at the MV grid, it is possible that the load in a specific moment is really low, so that 

for example at phase A (fig. 4.34) there could be a Vsurge. Since, at the same time a Vsag would take place 

in the other two phases, the Current algorithm would wrongly detect this moment as a BN fault, leading 

to a false positive case. This could be avoided when using other parameters such as Vsum (fig.4.37). 

 

 

Figure 4.35 Phase to neutral voltages – Phase C Loss, Before House 7, Summertime, House 7 
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Figure 4.36 Line Currents - Phase Loss C, Before House 7, Summertime, House 7 

 

In figure 4.37 the Vsum magnitude is presented, where the phase loss fault takes place at the MV grid. It 

can be seen that the level of voltage sum does not reach extremely high values as in the case of a BN fault 

at the DSO side (fig. 4.10-4.13). So, using this parameter in combination with the current algorithmic 

approach can lead to lower false positive rate.  

 

Figure 4.37 Vsum magnitude – Phase Loss, Before House 7, Summertime, House 7 

 

Regarding the phase loss fault at the customer side, the indicator that can contribute to the phase loss fault 

detection is the power factors. The phase that has lost its continuity presents a power factor which is 

always equal to 1, after the fault. This can be used to differentiate the BN fault and the phase loss fault at 

the customer side, since the PFs after the BN fault may vary but after the phase loss fault, the power 

factors of the lost phase are always equal to one. 
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Figure 4.38 PFs – Phase Loss, Customer Side House 7, Summertime, House 7 

 

When there is a short circuit fault in the LV grid, this can be either a line-to-ground SC fault or a line-to-

line SC fault. In the first case of a line-to-ground SC fault, the phase to neutral voltage of the short-

circuited phase can be helpful to detect the fault, since it remains in a low level continuously after the fault 

moment. It would be important to mention that in this analysis the protection measures have not been 

taken into account, therefore the fault remained across the time. In a real system, when the SC occurs, the 

protection at LV grid should trip. Once the protection isolates the SC fault, the failed phase will behave as 

a PL condition that has been previously explained.  

In the following figure a line-to-ground SC fault close to the SS is presented. 

 

Figure 4.39 Phase to neutral voltages – Line-to-Ground SC fault phase B, Close to the SS, Summertime, House 7 

 

In case there is a line-to-line Short Circuit fault at phases B and C, the currents can be more useful in 

comparison to the phase to neutral voltages in the fault detection process. As it can be seen from fig. 4.40 

the currents of the two short circuited phases will be extremely high, so the fuses will melt, and the fault 

will be isolated. In this study, the safety measures have not been considered, since the goal of the analysis 

was to understand the system behavior from a theoretical perspective rather than model the safety 

procedures that will be followed in reality. In figures 4.40 and 4.41 the line currents and the phase to 

neutral voltages are presented, for a line-to-line SC fault that took place close to House 7.  
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Figure 4.40 Line Currents – Line-to-Line SC fault, Close to House 7, Summertime, House 7 

 

 

Figure 4.41 Phase to neutral voltages – Line-to-Line SC fault, Close to House 7, Summertime, House 7 

 

 

A general and useful conclusion that can be drawn from the analysis of Broken Neutral, Phase Loss and 

Short Circuit fault is the fact that for Broken Neutral and Phase Loss faults, the houses that are affected 

are the ones downstream of the fault location. On the contrary, in case of a Short Circuit fault, all the 

houses are affected, regardless if they are upstream or downstream of the fault.  
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5 Algorithmic Analysis  

After analyzing different electrical parameters, type of faults and fault locations with or without the 

integration of PV assets, different algorithms that could improve the BN fault detection have been 

suggested. First of all, simple algorithmic methods have been created and tested in terms of BN fault 

detection accuracy and later on, all the suggested methods have been combined in order to create more 

robust, complex methods that could increase significantly the accuracy of the fault detection. Last but not 

least, the Machine Learning Methods developed and tested are mentioned in this Chapter.  

It is important to mention that in subchapters 5.1-5.3, the algorithms that are suggested do not consider 

how feasible it is or not to develop these approaches into the real systems. This part will be presented in 

subchapter 5.4.  

 

5.1 Simple Methods  

Simple methods are the algorithms that consider only one parameter as the indicator for BN fault 

detection, such as the Vsum and Isum magnitudes, the phase to neutral voltages, the Vangle jump and the PFs. 

The main purpose of this analysis was to define the appropriate thresholds that, when exceeded, can 

detect accurately BN fault and can differentiate this fault from Normal Operation conditions. Therefore, 

the data that derived from the seasonal simulations under NO conditions have been used to define the 

thresholds that can lead to a zero false positive rate.  

The electrical parameters that have been chosen as the most useful for BN fault detection are the 

following (real values cannot be published): 

a. Phase to neutral voltage deviation with upper thresholds of X1 V, X2 V, X3 V (current 

algorithm, “Per Minute” algorithm and “Tstart” algorithm)  

 

b. Vsum magnitude with thresholds of Y1 V, Y2 V, Y3 V. 

 

c. Isum magnitude for customer side broken neutral fault detection with thresholds of I1, I2, I3 mA. 

 

d. Vangle jump with thresholds of J1, J2 and J3 degrees for each phase.   

 

e. Power factors with thresholds of F1,F2 and F3. 

When considering the simple methods related to the parameters b-e, the approach has been simple. When 

the values of Vsum magnitude and Vangle jump measured from the smart meter have been higher than the 

threshold, the case has been detected as BN fault. On the other hand, when the measured values of Isum 

magnitude and PFs have been lower than the thresholds, there was again a BN fault case.  

The limits above have been defined by detecting the maximum or minimum values that have been 

measured from the smart meters of the LV grid, during all four-season normal operation simulations. The 

simulation results with PV assets integration have been excluded from the algorithmic analysis, since the 

PV assets installed nowadays are a small percentage of the total number of households. Therefore, to 

avoid misleading data that could change the thresholds, attention has been paid to the BN fault and NO 

data without PV assets integration.  

Also, when creating the algorithms that are based on the phase to neutral voltage deviation, except from 

the current algorithmic method, the Per Minute algorithm that has been mentioned in Chapter 2 and a 

differentiation of the current algorithm called “Tstart Algorithm” have been proposed and tested.  
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5.1.1 Per Minute and Tstart algorithms 

In figures 5.1 and 5.3 the algorithmic diagrams for the “Tstart” and the “Per Minute” algorithms are 

presented as a “black box” due to confidentiality issues. Even if figure 5.1 is the same as figure 2.7 where 

the current algorithm of VF is generally illustrated, the BN detection algorithms differ in the triggering 

mechanisms used to detect BN faults. Figures 5.2 and 5.4 present a random time period, during a BN fault 

at the DSO side, in wintertime. These figures can be used as simple examples to make clearer how a BN 

fault case is detected with each algorithmic method.   

 

Figure 5.1 Tstart BN fault detection algorithm – Algorithmic Diagram  

 

The difference with the current algorithm is that the Tstart algorithm starts operating when a Vsag or 

Vsurge event starts, instead of when this event finishes. The algorithm is again installed in the central 

collector system and can be triggered only by the existence of a voltage event (surge/sag). It is also 

important to highlight that the algorithm searches back to the database, to find an event that may ended 

or started. In figure 5.2 an example of a BN Tstart case detected can be seen. A Vsag event started at 

phase B (green) and at the same minute a Vsurge event at phase A (blue) has started as well. Therefore, 

the Tstart algorithm detected a BN fault at this specific moment. 

 

 

Figure 5.2 Tstart BN fault detection algorithm – Simulation Example  

 

The “Per Minute” algorithm has been already explained in Chapter 2. It constitutes a Smart Meter-based 

algorithm meaning that the algorithm can run at every minute by using the phase to neutral voltages that 

are measured. The algorithmic approach is briefly presented in figure 5.3 and a simple example from a 

simulated BN fault at the DSO side, in wintertime, is presented in figure 5.4.  
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Figure 5.3 Per Minute BN fault detection algorithm – Algorithmic Diagram  

 

 

 

Figure 5.4 Per Minute BN fault detection algorithm – Simulation Example  

 

When comparing figures 5.2 and 5.4 it can be easily observed that the two algorithms result in different 

BN fault cases detected. This simple observation lead to the conclusion that the combination of both 

techniques may lead to higher BN fault detection accuracy. This conclusion will be numerically presented 

in the subchapter 5.2 where the combined methods are explained.  

 

5.1.2 Threshold Algorithms 

The rest of the simple algorithmic methods that are based on the Isum and Vsum magnitudes, the Vangle jump 

and the PFs are actually smart meter-based approaches since they need to use continuously the smart 

meters’ readings in order to run the algorithms. In figures 5.5-5.6 the threshold-based algorithmic 

diagrams are presented. 
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Figure 5.5 DSO side BN fault detection algorithms – Algorithmic Diagrams  

 

 

 

Figure 5.6 Customer side BN fault detection algorithms – Algorithmic Diagrams  

 

The limits presented in figures 5.5-5.6 are the ones that have been finally selected as the most appropriate 

ones. This selection will be further justified after table 5.1 that presents the algorithmic accuracy results of 

the simple algorithmic methods. 

 

5.1.3 Accuracy Results 

The simple methods accuracy results are presented in table 5.1. Again, the exact values used as thresholds 

are confidential and cannot be displayed. A range of accuracy is presented due to the different fault 

locations as well as the different household smart meter readings. Some households may detect the fault 

more accurately, based on the fault location, than others. So, it is thought that an accuracy range is more 

useful rather than an average value of accuracy.  
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Table 5.1 Accuracy Results – Simple Algorithmic Methods 

Algorithm 
Version 

Analysis without considering  
PV assets integration 

DSO Side BN 
Accuracy %  

False 
Positives 

(DSO Side) 

False Negatives 
(DSO Side)  

Customer Side 
BN Accuracy 

%  

Alg v.1.1  Current algorithm (X1V threshold)  per1 – per2 4 0 1006 - 1096 0  

Alg v.1.2  Current algorithm (New threshold X2V) 34.06 – 39.2 0  839 - 910  0 

Alg v.1.3 Current algorithm (New threshold X3V) 44.13 – 46.81 0  734 – 771 0 

Alg v.2.1 Tstart algorithm (X1V threshold) 21.74 – 29.2  0 977 - 1080 0 

Alg v.2.2 Tstart algorithm (X2V threshold) 34.2 – 42.68 0 589 - 908  0 

Alg v.2.3 Tstart algorithm (X3V threshold) 47.03 – 51.71 0 666 - 731 0 

Alg v.3.1  Per Minute algorithm (X1V threshold) 23.26 - 36.45 0 877 - 1059 0 

Alg v.3.2 Per Minute algorithm (X2V threshold) 40.07 – 50.14 0 688 - 827 0 

Alg v3.3  Per Minute algorithm (X3V threshold) 51.52 – 59.28 0 562 - 669 0 

Alg v.4.1 Vangle Jump algorithm (J1 deg. threshold) 67.03 – 74.71 The “J1”-
deg. limit 

was chosen 
to obtain 

zero FP rate 

349 - 455  0 

Alg v.4.2  Vangle Jump algorithm (J2 deg. threshold) 45.94 – 56.88 595 - 746 0 

Alg v.4.3 Vangle Jump algorithm (J3 deg. threshold) 22.17 – 33.48 1248 - 1317 0 

Alg v.5.1  Vsum algorithm (Y1V threshold) 66.67 – 73.84 0 91 - 126  0 

Alg v.5.2 Vsum algorithm (Y2V threshold) 80.94 – 85 0 207 – 263 0 

Alg v.5.3 Vsum algorithm (Y3V threshold) 90.87 – 93.41 30-35 361 - 420 0 

Alg v.6.1 Power Factor algorithm (F1 threshold) 
The PF behaviour changes during BN only at the customer side 

faults. With a threshold of “F1” we increase the risk of false 
positives. There are only a few cases detected with the use of PFs. 

However, it may be useful to run such algorithms. 

Alg v.6.2  Power Factor algorithm (F2 threshold) 

Alg v.6.3 Power Factor algorithm (F3 threshold) 

Alg v.7.1 Isum algorithm (I1 mA threshold) 

The Isum magnitude algorithm has 100% accuracy of BN 
customer side fault detection with only a few false positives that 

can occur (1-4 cases).  
Alg v.7.2 Isum algorithm (I2 mA threshold) 

Alg v.7.3 Isum algorithm (I3 mA threshold) 

 

 

 

 

 
4 These percentages cannot be shared due to data confidentiality 
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Some observations/considerations that derive from the accuracy table above are the following: 

• The Per Minute algorithm is slightly more accurate than the algorithms installed in the main 

collector system (Current algorithm and Tstart algorithm) when comparing them separately. 

 

• The lower the upper limit of the phase to neutral voltage-based algorithms, the higher the 

accuracy of BN fault detection. The threshold of X3V has been chosen as the best option. 

 

• The Vsum algorithm threshold that has been selected is Y1V instead of a lower value. In the case 

of a 40V threshold, there are some false positive cases that can be avoided if the threshold is 

higher. More specifically, the higher Vsum magnitude value measured was 54.5V during 

wintertime. Therefore, the threshold of 60V has been excluded as well due to the proximity to the 

54.5 V measured in the SIMULINK model. 

 

• Only the Power Factors and especially the Isum magnitude can be used to detect a BN fault at the 

customer side.  

 

• The F1 threshold for the PFs is completely based on the model assumption that the PFs during 

Normal Operation are not lower than this value. Just a few BN fault cases at the customer side 

have been detected with this algorithmic method, however it may be useful for future studies to 

incorporate this simple method to a more combined scheme. The lower power factor thresholds 

lead to almost zero BN fault cases detected.  

 

• The I1 mA threshold for the Isum magnitude has been chosen in order to avoid false positive 

cases. The lower current sum measured during normal operation has been 1.1 mA in 

summertime.  

 

• All the data that have been used to define the aforementioned thresholds have been generated 

from the SIMULINK 7-customer model. Hence, it is important that these thresholds are verified 

with data obtained from real smart meter readings. 

 

 

5.2 Combined Methods 

After creating various simple algorithmic methods that can detect BN fault at both DSO and Customer 

sides, different combined schemes of these methods have been created to further increase the accuracy of 

fault detection. These schemes can be categorized according to the algorithm that will run in the main 

collector system, which are either the Current algorithm or the Tstart algorithm. Since, the Current 

algorithm uses an upper limit of X1V, the suggested one that will use a limit of X3V will be renamed as 

“Tend algorithm”, to avoid any confusion.  

 

5.2.1 Tend-based combinations 

The Tend-based combinations are the combined schemes that are based on the Current algorithm, with 

an upper limit of X3V (Algorithm v. 1.3 – Table 5.1). The three different “Tend-based” algorithms that 

have been developed and evaluated can be seen in Table 5.2. Each combined scheme can be seen as an 

improvement or more enhanced version of the previous one, since more simple methods are added as 

part of the total algorithm.  

 



-82- 
 

Table 5.2 Accuracy Results – Tend-based Combined Algorithms 

Algorithm 
Version 

Combined Schemes of the Algorithms 
mentioned at Table 5.1 

DSO Side BN 
Accuracy %  

False Positives 
(DSO Side) 

False 
Negatives 
(DSO Side)  

Customer 
Side BN 

Accuracy %  

Alg v.8 

Combination of 1.3 + 3.3  

• Current algorithm (New threshold X3V)   

• Per Minute algorithm (X3V threshold) 
 

80.87 – 87.1 0 178 - 264 0 

Alg v.9 

Combination of 1.3 + 3.3 + 4.2  

• Current algorithm (New threshold X3V) 

• Per Minute algorithm (X3V threshold) 

• Vangle Jump algorithm (J2 deg. threshold) 
 

85.51 – 90.43 0 132 - 200   0 

Alg v.10 

Combination of 1.3 + 3.3 + 4.2 + 5.1 

• Current algorithm (New threshold X3V) 

• Per Minute algorithm (X3V threshold) 

• Vangle Jump algorithm (J2 deg. threshold) 

• Vsum algorithm (Y3V threshold) 

90.22 – 93.55 0 89 - 135 0 

 

 

 

5.2.2 Tstart-based combinations 

The Tstart-based combinations are the combined schemes that are based on the Tstart algorithm, with an 

upper limit of X3V (Alg v. 2.3 – Table 5.1). The three different “Tstart-based” algorithms that have been 

developed and evaluated can be seen in Table 5.3.  

 

Table 5.3 Accuracy Results – Tstart-based Combined Algorithms 

Algorithm 
Version 

Combined Schemes of the Algorithms 
mentioned at Table 5.1 

DSO Side BN 
Accuracy %  

False Positives 
(DSO Side) 

False 
Negatives 
(DSO Side)  

Customer 
Side BN 

Accuracy %  

Alg v.11 

Combination of 2.3 + 3.3  

• Tstart algorithm (New threshold X3V)   

• Per Minute algorithm (X3V threshold) 
 

63.62 – 70.36 0 409 - 502 0 

Alg v.12 

Combination of 2.3 + 3.3 + 4.2  

• Tstart algorithm (New threshold X3V) 

• Per Minute algorithm (X3V threshold) 

• Vangle Jump algorithm (J2 deg. threshold) 
 

76.59 – 84.86 0 209 - 323 0 

Alg v.13 

Combination of 2.3 + 3.3 + 4.2 + 5.1 

• Tstart algorithm (New threshold X3V) 

• Per Minute algorithm (X3V threshold) 

• Vangle Jump algorithm (J2 deg. threshold) 

• Vsum algorithm (Y3V threshold) 

83.99 - 88.99 0 152 - 221 0 
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5.2.3 Comparison and Analysis 

As it can be observed from both tables above, the more complex the algorithm is, the more accurate it 

becomes. It is important to highlight that the combined Algorithm v.8 (Table 5.2) can lead to a maximum 

87.1% accuracy of detection. On the other hand, when combining the Tstart algorithm with the Per 

Minute algorithm (Alg. v.11) it can be seen that the accuracy rate is lower than in the case of Algorithm 

v.8. Therefore, it can be stated that Tend and Per Minute algorithms work to a higher extend 

complementary, in comparison to the Tstart and Per Minute algorithms, meaning that there are more 

“unique” BN cases detected by each simple method in Algorithm v.8. On the other hand, when adding 

the Vangle jump and Vsum algorithms, the accuracy increases at about 3% in the Tend-based combinations 

at each addition of a new method, in contrast to the increase rate is higher in the Tstart-based 

combinations. This is due to the fact that there are a lot of cases already detected by Tend and Per Minute 

algorithms combinations, that are not detected from Algorithm v.10.  

Regarding the customer side BN fault detection, the combination of Isum magnitude and PF simple 

algorithmic methods lead to a detection rate of 100%. This result maybe is too ideal, since the thresholds 

chosen for both methods derive from simulated measurements, instead of real values obtained from the 

Smart Meters.   

Also, it is important to mention that at every algorithm, the maximum accuracy rate has been found for 

the BN faults that took place in the Location 6, before House 7. In that case all algorithms have reached 

their maximum accuracy. This is due to the fact that the closer the BN fault is to the customer premises, 

the more extreme the behavior of phase to neutral voltages is. This can be reflected also on the Vsum 

magnitude and the Vangle jump behavior.  

Last but not least, the average time needed for detection of BN fault has been tested and compared 

between the Current and Tstart algorithms while changing the upper threshold. As detection time, it is 

defined the time difference between the tend or tstart of the two events (Vsurge and Vsag) that led to a 

BN fault detection.  

• Current Algorithm – Detection Time from tend of event 2 to tend of event 1 

Vupper = X1V → 4.0 – 5.3 min for all Houses and Locations 

Vupper = X2V → 3.9 – 4.7 min for all Houses and Locations 

Vupper = X3V → 3.7 – 4.6 min for all Houses and Locations 

 

• Tstart Algorithm - Detection Time from tstart (or tend) of event 2 to tstart (or tend) of event 1 

Vupper = X1V → 3.1 – 4.4 min for all Houses and Locations 

Vupper = X2V → 3.2 – 4.1 min for all Houses and Locations 

Vupper = X3V → 3.2 – 4.0 min for all Houses and Locations 

 

It can be seen that the Tstart algorithm detects faster a Broken Neutral fault, in comparison to the average 

time needed for the Current algorithm to detect the fault. 

 

5.3 Machine Learning Methods 

According to Arthur Samuel, Machine Learning can be defined as the field of study that gives computers 

the ability to learn without being explicitly programmed. In other words, Machine learning uses different 

algorithmic methods in order to teach (“train”) computers to do what naturally humans and animals do; to 

learn from experience. According to (MathWorks, 2019), Machine learning algorithms use computational 

methods to “learn” information directly from data without relying on a predetermined equation as a 

model. The algorithms adaptively improve their performance as the number of samples available for 

learning increases (MathWorks, 2019). The goal of Machine Learning is to find natural patterns in data 

and generate insights that can contribute to decision making and/or predictions. Nowadays, there are 
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numerous applications where Machine Learning (ML) algorithmic methods are dominant, such as Image 

Processing, Computer Vision, Phase Recognition and Object Detection. Also, ML is extremely useful in 

the field of Medicine and Computational Biology with Tumor Detection, DNA sequencing and drug 

discovery being some of its main applications (MathWorks, 2019). Also, automotive industry is highly 

benefited by ML, since it is fundamental in the creation of autonomous cars. In the field of Energy, price 

and load forecasting are two of the main areas where ML can highly contribute. In this MSc Thesis 

project, Machine Learning is thought to be extremely useful in BN fault detection, since currently installed 

Smart Meters have the possibility to continuously provide a large amount of data that can be used to 

“train” machine learning models.  

Machine Learning mainly uses two types of techniques: supervised learning and unsupervised learning 

(MathWorks, 2019). The main difference is that in supervised learning the input and output data are 

known and are being used to train to model so that it can predict future outputs. On the other hand, 

unsupervised learning is being used when the output data are unknown, hence the goal is to try to 

better “understand” the information inside the data and find hidden patterns or intrinsic structures in 

input data (MathWorks, 2019).  

 

A general scheme of these ML techniques is presented in figure 5.7. 

 

 

Figure 5.7 Machine Learning Techniques (MathWorks, 2019). 

 

When considering this study, the data are generated from the LV grid model in SIMULINK. Therefore, at 

each moment it is known whether there is a Broken Neutral, Phase Loss or a Short Circuit fault as well as 

when there are Normal Operation conditions. Hence, the problem of detecting BN fault with the use of 

simulated data can be characterized as a Supervised Learning problem.  

As it can be seen from figure 5.7, supervised learning techniques can be divided into Regression and 

Classification ones. The latter predict continuous responses, according to specific set of data that can be 

used as inputs, such as time of the day, season and others for the example of load forecasting. More 

simply stated, the output of a regression Machine Learning model is expected to be a value/number. 

When the goal of ML is to predict discrete responses such as whether an email is genuine or spam, or 

whether a tumor is cancerous or benign classification ML algorithmic techniques are needed. In this 

project, the goal of Machine Learning is to detect whether there is a BN fault or not, given a specific 

number of parameters as input for a certain moment of the day (for example for each minute). This is a 

classification problem, since the aim is to predict a discrete response when there is BN fault ( “1” ) or 

there is something else, meaning Normal Operation or any other kind of fault ( “0” ). 
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Before analyzing more the ML methods that have been developed in this project, the main steps of 

workflow when working with Machine Learning are presented in figure 5.8.  

 

 

Figure 5.8 Machine Learning Workflow (MathWorks, 2019). 

 

It is important to highlight the importance of step 2, which is related to the preprocessing of the data. In 

real life applications, that data are generated from a 

real system and not from a simulated one, there might 

be missing data due to equipment failure or wrongly 

registered data due to noise that may appear in the 

measurement system. In this project, all data that are 

used as inputs are generated from a simulated model, 

hence the need for preprocessing is not as high as 

with measured data.  

When selecting a Machine Learning algorithm, there 

are various options that may be used. In figure 5.9 

some of the main algorithms per category of ML 

technique are presented. Of course, every different 

algorithm has different characteristics and according 

to the nature of the input data, some of them will be 

more efficient than others. However, it is not safe to 

preselect the classifier that is going to be used, before 

testing it. This is the reason why, various different 

classifiers have been trained and  tested with the use 

of MATLAB interface, before choosing the best 

applicants for BN fault detection.  

 

 

 Figure 5.9 Machine Learning Algorithms (MathWorks, 2019) 

 

Another type of Machine Learning, except from Classification Algorithms (Classifiers) that has been used 

was Artificial Neural Networks (ANN). The architecture of ANN is based on the existence of neurons. 

Each neuron is connected with every input values with an assigned weight 𝑤1, … , 𝑤𝑛 as shown in figure 

5.10. Weighted input values, meaning each weight factor being multiplied with the corresponding input 

value 𝑥𝑚, are combined and run through an activation function producing some output. An artificial 

neural network is created by connecting the neuron output with the input of a different neuron, that 
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belongs to a different layer, as presented in figure 5.10. A neural network artificial (ANN) learns by 

continuously adjusting the synaptic weights at the connections between the layers of neurons (fig. 5.10) 

until a satisfactory response is produced (Geronimo et al., 2016).  

The Multi-Layer Perceptron (MLP) that is the ANN method that has been used in this study, is a feed-

forward neural network consisting of multiple mutually interconnected layers of neurons (Vojt, 2016). 

Every neuron in one layer is connected to every neuron in the following layer as presented in Figure 5.10. 

The MLP network is built of neurons called perceptrons which use as an activation function the sigmoidal 

function (Vojt, 2016).  

 

Figure 5.10 Typical architecture of an MLP with two hidden layers 

 

In the following sub-chapters, all the steps that have been followed in the Machine Learning study are 

explained. These steps can be summarized in figure 5.12 which presents the main workflow to train the 

ML methods. 

 

 

Figure 5.12 Machine Learning Workflow in this project 
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5.3.1 Features Selection, Data Labelling and Preprocessing 

The first step of the Machine Learning study was to select the features, meaning the electrical parameters, 

that will be used as inputs of the machine learning model. Above it has been mentioned that at every 

simulation 25 different electrical parameters have been recorded. In reality, every smart meter has the 

possibility to measure 21 different electrical parameter whereas the Isum and Vsum phasors can be 

calculated with the data measured. As it has been presented in figure 5.10, the following 19 out of the 25 

available features have been selected in the machine learning methods development:  

• Active and Reactive Power at each phase  

• Power Factors at each phase  

• Phase to neutral voltage magnitudes at each phase (RMS values) 

• Voltage sum phasor (angle and RMS value of magnitude) 

• Current sum phasor (angle and RMS value of magnitude) 

• Line current magnitudes at each phase (RMS values) 

The Line current and phase to neutral voltage angles have not been included in the training dataset. The 

main reasons are the fact that currently the smart meter cannot measure these parameters as well as the 

fact that these parameters have been obtained only for simulations during wintertime and not for all 

seasons.  

After selecting the parameters, the data labelling step has been executed which has been the most time-

consuming part of the Machine Learning study. 19 features namely Ia-Ic, Va-Vc, Qa-Qc, Pa-Pc, PFa-PFc, 

Vsum_magn – Vsum_angle, Isum_magn – Isum_angle are being measured at any given moment/minute. 

This [19x1] input vector contains all of these information. The goal was to produce an output which is 

either “1” in case these 19 features lead to a BN fault case or “0” in case of the opposite. Therefore, every 

set of 19 features should be matched with either “1” or “0”, in order to train the machine learning models 

in a proper way. Some considerations while labelling the data have been the following: 

➢ There should be a balance between y=1 and y=0 values in order to properly train the ML models 

and avoid creating a ML model that is biased towards BN fault or not.  

 

➢ Not only BN fault data but also SC, PL and NO data have been used to train the model.  

 

➢ Data from Winter and Summertime have been used to train the model and data from Springtime 

to test it.   

 

➢ Normal Operation data with PV assets included in the system have been used to train the model 

but the corresponding BN fault data have been excluded, since in reality inverters would trip in 

case the voltage exceeds a limit and PVs would be disconnected. Hence, the simulation data 

related to PVs cannot be considered as “proper” to train a machine learning model. 

More details about the data that have been labelled can be found below. The data are expressed in the 

form of vectors that have been created with the use of MATLAB.  

• [23548x1]: Broken Neutral “1” labels for all 9 fault locations, Wintertime. It is important to 

mention that only the houses that are affected after the BN fault are labeled as “1”. - Fault Time 

600min/1440min 

o For Fault Location 1 we have 5887 “1” labels from Wintertime 

o For Fault Location 2 we have 5887 “1” labels from Wintertime 

o For Fault Location 3 we have 1682 “1” labels from Wintertime 

o For Fault Location 4 we have 4205 “1” labels from Wintertime 

o For Fault Location 5 we have 2523 “1” labels from Wintertime 

o For Fault Location 6 we have 841 “1” labels from Wintertime 

o For Customer Side (Fault Locations 7-9) we have 2523 “1” labels from Wintertime 
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• [38668x1]: Broken Neutral “1” labels for all 9 fault locations, Summertime. It is important to 

mention that only the houses that are affected after its BN fault are labeled as “1”. - Fault Time 

60min/1440min 

o For Fault Location 1 we have 9667 “1” labels from Summertime 

o For Fault Location 2 we have 9667 “1” labels from Summertime 

o For Fault Location 3 we have 2762 “1” labels from Summertime 

o For Fault Location 4 we have 6905 “1” labels from Summertime 

o For Fault Location 5 we have 4143 “1” labels from Summertime 

o For Fault Location 6 we have 1381 “1” labels from Summertime 

o For Customer Side (Fault Locations 7-9) we have 4143 “1” labels from Summertime 

 

• [10080x1]: Normal Operation for Wintertime   --> y =0  

 

• [10080x1]: Normal Operation for Summertime --> y =0 

 

• [7441]: Normal Operation of House 3 with a 3ph PV asset for Summertime --> y=0 

 

• [7238]: Normal Operation with single-phase PV assets at House 1 phase A, House 3 and House 4 

phase B, House 7 phase C for Summertime --> y=0 

 

• [7238]: Normal Operation with single-phase PV assets at House 1 and House 3 phase B and 

House 7 phase C --> y=0 

 

• [16048x1]: Phase Loss fault for Wintertime (all Locations) --> y=0 

 

• [29499x1]: Short Circuit fault for Wintertime (all Locations) --> y=0 

 

It is important to mention that the normal operation data with PV assets that have been considered are 

the ones only for the periods of PV production. This is to avoid duplicate data, since when there is no PV 

production, these data are already registered in the Summertime normal operation dataset. Also, for Phase 

Loss and Short Circuit faults the data added to the existing dataset are the ones after the fault took place.  

Therefore, in total the training dataset consisted of:  

➢ [66216 x 19] inputs that are positively labelled (“1”), where 10% of them corresponded to 

customer side BN fault and 90% to DSO side BN fault at various locations. This choice has been 

made since customer side BN faults are less often than DSO side faults. 

  

➢ [87624 x 19] inputs that are zero labelled (“0”), where 33% of them corresponded to Short Circuit 

fault, 18% to Phase Loss fault and the rest Normal Operation data for Winter and Summertime 

with and without PV assets.  

 

Before using the aforementioned dataset to train the ML models, some preprocessing actions have been 

executed. Firstly, the dataset has been randomly shuffled before fed into the model to avoid any timeseries 

correlation of the data. The BN fault can happen at any time and it can be either permanent or not. In the 

majority of the BN fault simulations, the fault took place at 10am, therefore if the data are not shuffled 

and fed in the model as they are, Machine Learning algorithms could learn this pattern, meaning that after 

600 samples of normal operation conditions there would be 840 of BN permanent fault conditions. 

Another preprocessing step in order to properly train the ML models has been the mean normalization of 

the data. Some features, such as the PFs are in a scale of 0-1 but others like voltages can be in the range of 

200 - 300 (V) as values. By subtracting each feature from its distribution mean value and then dividing the 
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result by its standard deviation, feature normalization is performed, where at the end all features range 

between -1 and 1. This helps the performance of the machine learning algorithms that use Euclidean 

distance in their computational process and increase the speed of the algorithms that use gradient descent.  

 

Regarding the dataset that has been used to test the ML methods, the first approach was to exclude 20% 

of the data, randomly, from the training set and use these data to test the ML models. Although the 

accuracy of the ML models was extremely high (around 90%) using this approach, it has been thought 

that it would be better to test the model with completely different data. Therefore, [8760x19] data that 

derived from a full-day simulation, in springtime, with a BN fault that took place at 10 am and without any 

PV assets integration have been used as test set, leading to lower accuracy than before but the chance of 

overfitting was lower as well.  

 

In order to train and test the performance of different classification learners such as Decision Trees, 

Discriminant Analysis, Logistic and Linear Regression, Nearest Neighbor classifiers, Support Vector 

Machines and Naïve Bayes classifiers, the Classification Learner App of MATLAB has been used. The 

dataset has been fed into the App and the after training different classifiers, it has been found that Bagged 

Decision Trees have been the most accurate ML classification method. Furthermore, the Neural Net 

Fitting tool of MATLAB has been used to train a Neural Network.  

 

5.3.2 Machine Learning Results 

In this part, the results of Bagged Decision Trees that have been the most accurate classification method 

as well as of Neural Networks will be presented and compared. Before presenting these results, it is 

important to simply describe Bagged Decision Trees in order to have a clearer view of this algorithmic 

approach.  

A decision tree represents a hierarchical segmentation of the data. The root node which is the entire 

dataset is divided into two or more segments by applying some rules over the input variables. In other 

words, Decision Trees follow a set of “if-else” conditions in order to learn from the data and try to 

provide the desirable outcome. Each resulting segment can be further divided into sub-segments which 

are called nodes, ending up to the final node called the terminal node. The final segments that are created 

are called leaf nodes or leaves. Bagged Decision Trees is a Machine Learning Decision Tree method where 

Bootstrap Aggregating (Bagging) technique is being used in order to reduce the variance of the decision 

tree and avoid overfitting. The idea of Bagging is that the decision tree is not trained with the use of the 

entire training set but with the use of several subsets of data. These data are chosen randomly from the 

training set with replacement, meaning that there is a chance the same data to be found in different 

subsets. It is important to mention that in Bagging all features are considered for splitting a node. After 

shortly describing the two most accurate ML methods in this study, namely Bagged Decision Trees and 

Neural Networks, a comparative table can be found below.  

 

Table 5.4 Machine Learning Analysis – Best Methods Performance Comparison 

 Neural Network 
(Yscore > 0.85) 

Neural Network 
(Yscore > 0.35) Bagged Decision Tree 

 
Predicted 

No 
Predicted 

Yes 
Predicted 

No 
Predicted 

Yes 
Predicted 

No 
Predicted 

Yes 

Actual No 45848 6204 38644 13408 44474 7578 

Actual Yes 17305  21363 13703  24965 7511 31157 
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False Positive 
Rate 11.92 % 25.76 % 14.56 % 

False Negative 
Rate 44.75 % 35.44 % 19.4 % 

Accuracy  74.09 % 70.12 % 83.37 % 
 

It is important to mention that the performance of neural networks depend on the prediction function 

that is being used. The output (score) of the Neural Network method is not between [0,1] but it can vary 

with positive and negative values. So, different score thresholds have been used in order to obtain the final 

prediction of 0 or 1 for each input vector. In case the threshold has been surpassed the prediction was 1 

and otherwise 0. The most accurate limit was 0.85 as it is shown on table 5.4 but the tradeoff between 

false positive and false negative cases is quite important as well. So, it is thought that a threshold of 0.35 

may be preferable, since the number of false negative cases is lower meaning that the risk of damage in the 

customer’s equipment as well as the risk of electrocution is lower. Also, it can be seen that when the 

threshold of the prediction function changes the ratio between false positive and false negative rate 

changes. So, according to the importance of each rate the right threshold can be chosen.  

When comparing the bagged decision tree method with the neural network, it is evident that bagged 

decision trees are more accurate, the number of false positive and negative cases are lower and more 

balanced. One possible explanation why Bagged Decision Trees are more accurate is because a decision 

tree inherently selects the input features that are more useful to make a decision, whereas a neural network 

uses them all unless feature selection is conducted as a preprocess step. As it has been explained, some of 

the features like Isum and Vsum magnitudes, can be critical to detect Broken Neutral Fault and decision 

Trees are able to prioritize these features and use them in a more efficient way to predict the outcome. 

Hence, Bagged Decision Trees is concluded that are the most preferable machine learning method that 

can detect Broken Neutral Fault in this study. Also, another advantage of Bagged Decision Trees that 

make them a strong method in this case is the fact that they can be trained faster than Neural Networks. 

 

5.4 Algorithmic Applicability  

In Chapters 5.1 and 5.2, different algorithmic approaches have been suggested with the use of different 

parameters that can contribute to Broken Neutral fault detection. These methods can be either CCS-

based, meaning that the algorithms are installed in the Central Collector System and can be triggered only 

when an event takes place, or METER-based, meaning that the algorithms are installed in each Smart 

Meter’s software and run continuously. Another approach can be to use the “PING” functionality that 

has been mentioned in Chapter 2 and constitutes a request of data that is being sent from the CCS to one 

or more Smart Meters. Both CCS and METER-based approaches can be feasible technically, however the 

level of applicability is lower in case of the latter, since every smart meter needs to be developed in order 

to be able to run these algorithms. On the other hand, when algorithms are running in the Smart Meters’ 

software, the accuracy of detection is higher and the impact in the communication system that controls 

the flow of data, from the Meters to the CCS is lower. In consequence lower investment will be needed to 

implement this approach. When using the “PING” functionality data can be requested by the CCS, 

without the need of an event. So, another idea that can be implemented is to install all algorithm at the 

CCS, use PING functionality to request data and run the algorithms when needed. However, if this 

“request” of data is frequent there is a risk of data congestion in the communication system. So, it can be 

understood that algorithmic applicability plays an important role in the final deployment of the algorithms. 

This chapter refers to the most applicable approaches that can be followed in order to install the 

suggested algorithms into the system. Each applicable method or approach has been programmed and 
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tested in MATLAB, in terms of accuracy of Broken Neutral Fault detection. It is important to mention 

that the communication issues have not been considered and analyzed. 

The applicable approaches can be summarized as follows: 

1. Current or Tstart BN algorithms with a X3V upper threshold installed at the CCS. This is the 

easiest approach in terms of modifications needed in the existing system and algorithms. The 

other algorithms suggested in Chapter 5, namely Vangle Jump, Isum and Vsum magnitudes, 

Power Factor and Per Minute methods will not be implemented in this approach. The accuracy of 

detection of these algorithmic approaches can be found in Table 5.1. 

 

2. Every algorithm is installed and implemented at the Smart Meters’ software. This implies that 

a new rollout of smart meters is needed or a reconfiguration of the existing ones (if 

reconfiguration is feasible), where all algorithms will run dynamically, on a per-minute basis, using 

the live measurements obtained. This approach can lead to extremely high accuracy of Broken 

Neutral Detection as shown in Tables 5.1-5.3, but demo tests are needed before the final 

implementation. Another drawback is the fact that the new rollout is already under construction 

so no additional modifications can be done to the Smart Meters software.  

 

3. Current or Tstart BN algorithms with a 253V upper threshold will be installed at the CCS and 

Vsum, Isum, PF, Vangle Jump and Per Minute algorithms can be installed at the Smart Meters’ 

software. This means that the CCS-based algorithms will run only in case of an event (Vsurge or 

Vsag) and the METER-based algorithms will run at every minute will real-time measured data. 

This requires a new rollout of smart meters or a reconfiguration of the existing ones. The 

advantage of this applicable approach in comparison to approach no.4 that follows, is the fact 

that the communication system that transfers the data from the Smart Meters to the CCS will not 

be congested since data will be transferred only in case of an event, to serve the CCS-based 

algorithms. Also, it is an easier approach in comparison to the approach No.2, since the Current 

or Tstart algorithms will run in the CSS which is an already tested method. However, as in 

approach no.2, every SM needs to be reconfigured. 

 

4. Every algorithm is installed and implemented at the Central Collector System, with a X3V 

upper threshold for the Current or Tstart BN algorithms. Since every algorithm will be installed at 

the CCS, they will be activated only when an event occurs. More specifically, when there is an 

event, the Current or Tstart algorithm will be activated an at the same time the CCS will send a 

PING at every minute, for a maximum ten-minute period, requesting the Isum and Vsum 

magnitudes, the PF at each phase and the angle of each phase-to-neutral voltages. These 

parameters will be used to run the corresponding algorithms and check if there is a BN fault or 

not after the event. Data congestion in the communication system is the biggest drawback of this 

approach, since a huge amount of data from various parameters will be requested at each minute, 

in case of an event, from numerous smart meters. 

 

5. A simpler but similar approach with the previous one is to combine Current or Tstart BN 

algorithms with a X3V upper with the Per Minute algorithm and install them at the CCS. In that 

case, again the PING functionality will be needed for the Per Minute algorithm, but the data 

requested will be only the phase-to-neutral voltage magnitudes. However, again data congestion 

issues may arise in the communication system and further investigation of this approach is 

needed.   

 
6. Machine Learning (Bagged Decision Tree) method implemented at the CCS. For ML, real data 

should be used to train again the model and test it. A demo test is needed to further verify the 

accuracy of this method, since all the data used so far derive from the SIMULINK model. Also, 

19 electrical parameters are needed as input features, so each SM needs to be configured in a way 
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that it can provide such measurements continuously. As it can be understood, this is an expensive 

and time-consuming process. However, Machine Learning has the capability of detecting other 

faults except from Broken Neutral one, if the ML model is properly trained. Therefore, there is 

great potential using a ML algorithmic approach installed at the CCS, since the implementation 

cost is lower than integrating it at each Smart Meters’ software.  

 

All above applicable approaches have been programmed and tested in terms of accuracy with the use of 

MATLAB. The results can be summarized in Table 5.5 below.  

 

Table 5.5 Applicable Approaches – Accuracy of BN fault detection 

 Applicable Algorithmic Approaches 
DSO Side BN 
Accuracy % 

Customer Side 
BN accuracy %  

Final Alg. 1a  Current algorithm X3V threshold P1 – P2 5 0  

Final Alg. 1b Tstart algorithm X3V threshold 47.03 – 51.71 0 

Final Alg. 2a 
All algorithms at the Smart Meter (Current 
algorithm with X3V threshold) 

90.22 – 94.93 100 

Final Alg. 2b 
All algorithms at the Smart Meter (Tstart 
algorithm with X3V threshold) 

83.99 – 92.17 100 

Final Alg. 3a  
Current + Per Minute (after the event) with X3V 
threshold at the Smart Meter 

66.01 – 71.74 0 

Final Alg. 3b 
Tstart + Per Minute (after the event) with X3V 
threshold at the Smart Meter 

46.96 – 53.33 0 

Final Alg. 4a 
All algorithms at the CCS (Current algorithm 
with X3V threshold) 

77.17 – 88.41 0 

Final Alg. 4b 
All algorithms at the CCS (Tstart algorithm with 
X3V threshold) 

72.68 – 83.41 0 

Final Alg. 5a  
Current Algorithm with X3V threshold at the 
CCS – all other at the Smart Meter 

90.14 – 94.93 100 

Final Alg. 5b 
Tstart Algorithm with X3V threshold at the CCS 
– all other at the Smart Meter 

83.91 – 92.17 100 

Final Alg. 6 
Machine Learning (Bagged Decision Tree at the 
CCS) 

84% Accuracy with                     
FP Rate = 15% - FN Rate = 19% 

 

It can be seen, that data congestion in the communication system and the cost of implementation are the 

two most important parameters that can affect which applicable approach is the preferable one. The time 

that is needed to reconfigure the existing Smart Meters as well as the time needed to test the new 

algorithms can affect the applicability of the methods. However, it has been proven that with the 

proposed algorithmic solutions, Broken Neutral fault can be detected faster and easier than nowadays. 

 

 

 

 

 
5 These percentages cannot be shared due to data confidentiality 
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6 Conclusions & Recommendations  

In this study Low Voltage Networks under Broken Neutral fault have been modelled and studied, in order 

to create accurate and robust algorithmic methods that can detect this fault. It is important to highlight 

that literature research has been conducted as the first step of this study, however the innovative nature of 

the project as well as the lack of previous similar studies has led to a limited number of external sources 

and references.  

Furthermore, in the context of this study, other common faults that can be met in LV grids such as Short 

Circuit and Phase Loss faults have been modelled and tested as well, in order to create data that could 

train properly a Machine Learning method that can detect BN fault. Different fault locations, grid 

conditions and combination of loads, such as linear inductive loads and Photovoltaic Panels, that change 

every minute of the day have been integrated into the model in order to simulate a real LV grid and 

simulate the fault under real conditions.  

The main conclusions of this work are the following: 

1. Phase to neutral voltages is the main indicator for BN fault detection but is not accurate enough 

since we miss a lot of BN cases when there is balanced load or low load which is unbalanced. 

Vsum magnitude and Vangle_jump can increase the total accuracy of detection. 

2. PV assets integration can shift the phase to neutral voltage profile. Therefore, BN fault detection 

becomes easier, since the voltages are closer to the thresholds (the number of Vsurges increases) 

3. When there are 3-phase PV assets in the system it has been shown that the number of BN cases 

that can be detected decrease. 

4. When there is a strong grid the number of BN fault cases detected may be more than in the case 

of a weak grid. 

5. In case of a phase loss fault, the phase that has lost its continuity presents a power factor which is 

always equal to 1, after the fault. This can be used to differentiate the BN fault and the phase loss 

fault at the customer side. 

6. THDv can be used as another parameter for BN fault detection, when the fault takes place at the 

DSO side. The higher the penetration of Nonlinear load, the easier it is to detect BN fault with 

the use of THDv. From the single-customer model analysis, it can be found that a threshold of 

12% for THDv can be set for BN fault detection. 

7. A Broken Neutral fault affects all houses downstream of it and the closer it is, the highest the 

deviation of phase to neutral voltages. 

8. Customer side BN fault detection is difficult, since the Smart Meter is still connected with the 

source through the neutral conductor and the ground. Therefore, the reference point of phase to 

neutral voltages wrongly remains the same for the Smart Meter. Isum magnitude and PFs are 

parameters that can improve significantly the accuracy of BN fault detection at customer side.  

9. Tend and Per Minute algorithms work to a higher extend complementary, in comparison to the 

Tstart and Per Minute algorithms. 

10. It has been found that the Tstart algorithm detects faster a Broken Neutral fault, in comparison to 

the average time needed for the Current algorithm to detect the fault. 

11. Combined parameters such as Vangle_jump, Vsum, Isum and PFs as well as different algorithmic 

methods such as the Tstart and the Per Minute algorithms can lead to extremely higher accuracy 

of BN fault detection.  

12. Machine Learning methods can be highly efficient and robust since not only BN fault, but also 

other kind of faults were considered to train the model. Bagged Decision Trees have been more 

accurate than Neutral Networks in this study.  



-94- 
 

13. The applicability of the suggested algorithms depend on various parameters such as the 

implementation cost and the time needed for the solutions to be tested and deployed. The highest 

accuracy could be achieved in case all the suggested algorithms are installed at each Smart Meter’s 

software. In that case both Customer and DSO BN faults could be detected.  

14. The use of PING functionality can contribute to the detection of BN fault. However, it is 

important to investigate the impact of an increased flow of data in the communication system.  

  

The future steps and recommendations for further investigation can be found below: 

• In this study, the dynamic load profiles that have been created are based on two different real 

datasets with different resolution due to the lack of per-phase and per-minute measurements. It is 

recommended that new load profiles should be created, based on per-phase consumption data 

with a per-minute resolution. These load profiles can be integrated into the existing SIMULINK 

model and later on, test the created algorithms with the newly created load profiles to verify the 

algorithms’ accuracy. 

 

• Further analyze the behavior of LV grids when more customers with PV assets are connected 

into the grid, under BN fault conditions. 

 

• Integrate nonlinear load in the final 7-customer SIMULINK model and investigate their 

contribution when there is a Broken Neutral fault.  

 

• Test the created algorithmic methods and their corresponding thresholds in a pilot project with 

live measured data. 

 

• Modify the power factors that have been set in the range between 1 – 0.8.  

 

• Test the created algorithmic methods in different LV grid architectures. More strong or weak 

grids, more or less households connected at each branch as well as higher or lower PV assets 

penetration can be some of the parameters that can differentiate a grid from another. 

 

• Train again and test the Machine Learning methods with real data obtained from the Smart 

Meters. The training and the test dataset that has been used, derived from the simulations 

conducted in SIMULINK and therefore they were “ideal”, without any missing measurements or 

noise added from the system. 

  

• Conduct business case analyses for each applicable algorithm suggested. 

 

• The detection of BN fault location is a challenging task and a general algorithm that can be 

efficient for each LV grid architecture is difficult to be created. An idea could be to tag each 

household of a LV grid according to its position on the grid; for example, the houses upstream, 

that are in the same “level” could have the name 1.1, 1.2, 1.3 etc. The houses that belong to a 

lower “level” would be named 2.1, 2.2 and so on. This method could help label each house in a 

Machine Learning model and train it, in order to use it later on for Broken Neutral fault 

detection. 

 



-95- 
 

Bibliography 

Agency, S. E., & End-use. (2009). End-use metering campaign in 400 households In Sweden Assessment 
of the Potential Electricity Savings. Contract, 17(September), 05–2743. https://doi.org/Contract 17-
05-2743 

Bo Siltberg. (2017). The Swedish electrical system | Byggahus.se. Retrieved May 7, 2019, from 
https://www.byggahus.se/el/svenska-elsystemet#sida-3 

Cohen, V. (2012). Loss of Neutral in Low Voltage Distribution Systems – Consequences and Solutions. 

Convert South African Rand to Swedish Kronor | XE. (n.d.). Retrieved March 31, 2019, from 
https://www.xe.com/sv/currencyconverter/convert/?Amount=1000000&From=ZAR&To=SEK 

Euler-chelpin, J. Von. (2018). Distribution Grid Fault Location An Analysis of Methods for Fault 
Location in LV and MV Power Distribution Grids. Uppsala Universitet, (April). 

Geronimo, T. M., Cruz, C. E. D., Campos, F. de S., Aguiar, P. R., & Bianchi, E. C. (2016). MLP and 
ANFIS Applied to the Prediction of Hole Diameters in the Drilling Process. IntechOpen. 
https://doi.org/http://dx.doi.org/10.5772/57353 

Gunilla Brännman. (2014). Instruktion för elkvalitet. Vattenfall AB. 

IEC. 60364-1. (2005). IEC 60364-1 Low-Voltage Electrical Installations—Part 1: Fundamen- tal Principles, 
Assessment of General Characteristics, Definition. 11. 

Ma, S. (2016). Load-current response to severe changes of voltage. KTH Royal Institute of Technology, Stockholm. 

Malagon-Carvajal, G., Bello-Peña, J., Ordóñez Plata, G., & Duarte Gualdrón, C. (2015). Analytical and 
experimental discussion of a circuit-based model for compact fluorescent lamps in a 60 Hz power 
grid. Ingenieria e Investigacion, 35(1), 89–97. https://doi.org/10.15446/ing.investig.v35n1Sup.53618 

MathWorks. (2019). Introducing Machine Learning. MathWorks. 

Papagiannis, G. (2014). Introduction to Electrical Installations Technology, Lecture Slides, Introduction to Electric Power 
Technology II. Aristotle University of Thessaloniki. 

Parmar, J. (2012). Impact of Floating Neutral in Power Distribution. Retrieved May 23, 2019, from 
https://electricalnotes.wordpress.com/2012/07/28/impact-of-floating-neutral-in-power-
distribution/ 

Sapera, L. S. (2017). Energy efficiency in electric systems. Electrical Engineering Department, Power Quality 
Research Group, ETSEIB - UPC. 

Sodeberg, D., Buhr, A., & Aronsson, E. (2015). Planeringshandbok, Lokalnat. 

Ström, L., Bollen, M. H. J., & Kolessar, R. (2011). VOLTAGE QUALITY REGULATION IN 
SWEDEN. 

Switched On | Electrical Safety First. (2017). Retrieved May 23, 2019, from 
https://electricalsafetycounciluk.createsend.com/campaigns/reports/viewCampaign.aspx?d=y&c=1
B84646B958F50D4&ID=8413D0A7E59D8F08&temp=False&tx=0 

Taylor, N. (2018). Background Notes for Smart Meters and Broken Neutral. KTH Royal Institute of Technology. 

Venkatesh, C., & Kumar, D. (2008). Modelling of Nonlinear Loads and Estimation of Harmonics in 
Industrial Distribution System. National Power Systems, 2(December), 592–597. Retrieved from 
http://www.ee.iitb.ac.in/uma/~npsc2008/NPSC_CD/Data/Oral/FIC4/p177.pdf 

Vojt, J. (2016). Deep neural networks and their implementation. Charles University in Prague. 

Wallin, E., Grujic Milosevic, M., Hammersvik, G., Lundback, D., Smith, N., & Rodriguez, A. (2018). 
Broken neutral fault in LV distribution grid - Methods to identify the fault using existing smart meters infrastructure. 

Wattel, J. W. (2017). ENABLING LOW VOLTAGE GRID VISIBILITY TO DETECT SAFETY 
HAZARDS. Stellenbosch University. 

Xivambu, M. H. (2007). Impact of floating Neutral in Distribution System. 19th International Conference on 



-96- 
 

Electricity Distribution, (August), 0300. 

Yong, J., Zhou, C., Yang, B., & Wang, X. (2012). A harmonic-based approach for open-neutral fault 
detection in low voltage systems. Proceedings of International Conference on Harmonics and Quality of Power, 
ICHQP, 53–58. https://doi.org/10.1109/ICHQP.2012.6381168 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



-97- 
 

Appendix A1  

Broken or loose neutral images, obtained from (Xivambu, 2007). 

 

 
Figure A1.1 – Transformer Bushing Neutral Failure 

 

 

 

 

 

 

 

Figure A1.2 – IPC removed from the conductors 
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Appendix A2  

 

Nonlinear Case 1:  Linear Load 95% - Nonlinear load 5% 

• Normal Operation 

 

Figure A2.1 THDv with Nonlinear Load 5% – Normal Operation, Wintertime, House 1 

 

Figure A2.2 THDi with Nonlinear Load 5% – Normal Operation, Wintertime, House 1 

 

Figure A2.3 I3a Nonlinear Load 5% – Normal Operation, Summertime, House 1 
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Figure A2.4 I3b Nonlinear Load 5% – Normal Operation, Summertime, House 1 

 

 

Figure A2.5 I3c Nonlinear Load 5% – Normal Operation, Summertime, House 1 

 

• Broken Neutral fault at the DSO side  

 

Figure A2.6 THDv with Nonlinear Load 5% – BN fault at the DSO side, Wintertime, House 1 
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Figure A2.7 THDi with Nonlinear Load 5% – BN fault at the DSO side, Wintertime, House 1 

 

 

Figure A2.8 I3a Nonlinear Load 5% – BN fault at the DSO side, Summertime, House 1 

 

 

Figure A2.9 I3b Nonlinear Load 5% – BN fault at the DSO side, Summertime, House 1 
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Figure A2.10 I3c Nonlinear Load 5% – BN fault at the DSO side, Summertime, House 1 

 

• Broken Neutral fault at the customer side  

 

Figure A2.11 THDv with Nonlinear Load 5% – BN fault at the customer side, Wintertime, House 1 

 

Figure A2.12 THDi with Nonlinear Load 5% – BN fault at the customer side, Wintertime, House 1 
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Figure A2.12 I3a Nonlinear Load 5% – BN fault at the customer side, Summertime, House 1 

 

 

Figure A2.13 I3b Nonlinear Load 5% – BN fault at the customer side, Summertime, House 1 

 

 

Figure A2.13 I3c Nonlinear Load 5% – BN fault at the customer side, Summertime, House 1 
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Nonlinear Case 2: Linear Load 70% - Nonlinear load 30% 

• Normal Operation  

 

Figure A2.14 THDv with Nonlinear Load 30% – Normal Operation, Summertime, House 1 

 

Figure A2.15 THDi with Nonlinear Load 30% – Normal Operation, Summertime, House 1 

 

Figure A2.16 I3a Nonlinear Load 30% – Normal Operation, Summertime, House 1 
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Figure A2.17 I3b Nonlinear Load 30% – Normal Operation, Summertime, House 1 

 

 

Figure A2.18 I3c Nonlinear Load 30% – Normal Operation, Summertime, House 1 

 

• Broken Neutral fault at the DSO side  

 

Figure A2.19 THDv with Nonlinear Load 30% – BN fault at the DSO side, Summertime, House 1 
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Figure A2.20 THDi with Nonlinear Load 30% – BN fault at the DSO side, Summertime, House 1 

 

 

Figure A2.21 I3a Nonlinear Load 30% – BN fault at the DSO side, Summertime, House 1 

 

Figure A2.22 I3b Nonlinear Load 30% – BN fault at the DSO side, Summertime, House 1 
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Figure A2.23 I3c Nonlinear Load 30% – BN fault at the DSO side, Summertime, House 1 

 

• Broken Neutral fault at the customer side  

 

Figure A2.24 THDv with Nonlinear Load 30% – BN fault at the customer side, Summertime, House 1 

 

 

Figure A2.25 THDi with Nonlinear Load 30% – BN fault at the customer side, Summertime, House 1 
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Figure A2.26 I3a Nonlinear Load 30% – BN fault at the customer side, Summertime, House 1 

 

 

Figure A2.27 I3b Nonlinear Load 30% – BN fault at the customer side, Summertime, House 1 

 

 

Figure A2.28 I3c Nonlinear Load 30% – BN fault at the customer side, Summertime, House 1 
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Appendix B  

7-customer model – additional graphs 

 

Figure B.1 Phase to neutral voltages – Customer Side Fault, Summertime, 4 PV assets, House 7 

 

 

Figure B.2 Phase to neutral voltages – Customer Side fault, Summertime, 3-phase PV asset, House 3 

 


