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1. Introduction

The widespread adoption of renewable energy sources (RES) together with the electrification
of the heat and mobility sectors poses numerous challenges to network operators in terms of
resilience and grid stability. Integrating these assets at residential level often results in a grid
reinforcement. Large amounts of RES connected to the distribution network could potentially
lead to reverse power flows and consequently voltage rises beyond the regulatory limits, while
the uptake of electric vehicles or heat pump with higher loads will result in voltage drops that
could violate the lower threshold of the operational limits (cf. IEC EN50160 defines the lower
voltage limit (v~) at —10% and the upper limit (v*) at +10%). However, the stochastic
distribution grid exchanges (SDGEs) imposed by these low carbon technologies (LCTs) are
not necessarily a burden for the distribution grid if properly managed (e.g. demand response).
As noted in [1], LCTs do also provide a huge potential for aggregators to unlock the flexibility
needs at low-voltage level, i.e. demand-side flexibility, thus contributing to reach the
sustainability goals.

This deliverable provides an extensive overview of both, (i) conventional and (ii) novel
methodologies for evaluating the operating conditions of a low-voltage distribution system
(LVDS) under the influence of the LCTs. To this end, the concept of grid modelling is
elucidated including the terminology employed, the calculation methods, and a test use case to
demonstrate the diverse approaches. These aspects are presented in the sections to follow, with
Section 2 describing the terminology, state-of-the-art modelling techniques and challenges
associated with it, Section 3 presents the concept of power flow from two distinct perspectives,
the (i) physics-based and (ii) data-driven approaches. Subsequently, Section 0 provides the
conclusions for this deliverable.

2. Grid modelling: Definitions, state-of-the-art and challenges
2.1. General terms employed

(Dynamic) Hosting capacity

Sometimes referred to as the network’s headroom, the term hosting capacity (HC) refers to the
amount of consumption or generation that could be connected to the (low-voltage) network
without violating the distribution network’s boundary conditions, i.e. the performance of the
grid [2]. The grid performance deterioration of the grid can be described in terms of various
phenomena such as: voltage magnitude, voltage unbalance, losses, harmonics, transformers
and line loading. Depending on the scope of the study, a different approach must be handled:
(i) deterministic, (ii) stochastic (or probabilistic) and (iii) time series [3].

If the location of the additional load or distributed energy resources (DER) source is known, a
deterministic approach can be performed since the hosting capacity is unique. However — if
the location is unknown — depending on the location of the network where an asset would be
allocated, the resulting hosting capacity would be different. This stochastic approach requires
a probabilistic method where the outcome results in min. and max. HC limits respectively, as
shown in Figure 1 (source: [4]).

Taking the example in the figure below, the region on the left hand side of the min. HC limit
(green dotted line) indicates that all the penetration of PV systems are acceptable and will not
result in any voltage violation (i.e. overvoltage in this scenario), regardless of the location. On
the one hand, the region delimited by both limits implies some penetrations are acceptable but
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remain location-specific while on the other hand all PV penetration level greater than the max.
HC limit (red) will result in overvoltage.
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Figure 1. Hosting capacity limits in the case of random allocation of PV systems with green:
the lower limit (min.) and red: the upper limit (max.), where v* denotes the voltage limit in
[p.u] according to the IEC EN50160 standard.

However, the proliferation of DERs as well as the electrification of the mobility is creating
significant challenges for distribution system operators. Due to their stochastic nature e.g.
variable production or unpredictable charging behaviour of electric vehicles (EVs), the
deterministic or probabilistic HC approaches may no longer be valid. Instead time-varying
approaches are required to define the HC. In other words, it becomes a temporal-spatial limit
that reflects the additional load or injection a grid can accommodate at a specific time, we
denote it as the “dynamic hosting capacity” or DHC [5, 6]. Interested readers are referred to
Table 1, that offers a sample overview of the available literature on the subject.

Table 1. The following overview present a review of the available literature on the topic of
hosting capacity for the different types of approaches, with D: deterministic, P: probabilistic
and T: time series method.

Ref. Type Simulation LCT Voltage Studied impacts
[7] D Power flow PV LV Line loading and voltage magnitude
[8] D Power flow PV MV/LV  Voltage magnitude
[9] P Power flow PV MV TRAFO loading and voltage magnitude
[10] P Power flow PV, EV LV Voltage magnitude
[11] D Power flow PV MV/LV  OLTC operation and voltage magnitude
[12] P Monte Carlo PV LV Voltage magnitude and unbalance
[13] T Power flow EV LV Voltage unbalance
[14] 1 Power flow EV, HP LV Cable and TR_AFO thermal violations,
voltage magnitude
[15] T Power flow PV.EV.HP LV Cable and TR_AFO thermal violations,
voltage magnitude
[16] P, T MonteCarlo PV,EV,HP LV TRAFO loading and voltage magnitude
[17] T Quasi-static PV, HP LV Cable and TR_AFO thermal violations,
power flow voltage magnitude and unbalance
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Flexibility: Implicit and Explicit
In the latest CIRED flexibility working group’s publication entitled “Network planning and
system design with flexibility” [18], the concept of low-voltage flexibility is defined as:

‘[...] a power modulation of any flexible resources in voluntary response to a need (i.e.
a signal). This response allows the power system operator or other third party to
optimize their operation condition (e.g. costs, voltage profile) without affection their
security and reliability.’

Depending on the point of view taken, this flexibility can be seen from the user’s perspective
as the ability to modulate, shift or reduce the power demand or curtail the injected power into
the grid for a certain time duration. While from a distribution system operator’s (DSO)
perspective, this suggests that the available (hosting) capacity of the network is optimally
utilised or even that extra capacity is made available.

In this regard, the flexibility provider (e.g. DER asset owner) can either (i) respond to external
signals such as prices (e.g. dynamic tariff, imbalance price, etc.) which is referred to as the

implicit flexibility. Another option is (ii) to have a bilateral contract with a third party (e.g.
aggregator, or flexibility service provider (FSP)) to offer explicitly flexibility.

End users DER assets End users Distribution Transmission Generation

@ Dedes

| |
DR contract

™ A :
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Electric power (load/supply)
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Marketplace

(a) Implicit DR (b) Explicit DR

Figure 2. Overview of the demand-response (DR) processes, with (a) the implicit DR and (b)
the explicit DR, source: [1].

Dynamic operating envelopes

The proliferation of LCTs including: heat pumps, EVs and DERs has prompted DSOs to
consider transitioning from the contemporary fixed network HC limits governing the
withdrawal or injection of power towards more flexible limits. True, traditional HC studies
typically involve the study of two worst-case snapshots analysing on the one hand the case of
max. demand, and on the other hand max. generation within a network. In contrast, the flexible
limits, designated as dynamic operating envelopes (DOES), represent a convex set of active
and reactive power that can be consumed or generated while preserving the network within its
safe operational range [19, 20, 21]. Consequently, DOEs determine feasible time-varying
import and export limits in real-time or in advance (e.g. 24-hour forecast) at the customer’s
connection point or for an aggregation pool of customers in a designated area, considering the
local network’s capacity. Therefore, the utilisation of DOEs facilitates the optimal integration
of LCTs in a grid, while avoiding any network violations (e.g. over- and undervoltage, thermal
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stress of lines and transformers). Finally, the calculated envelopes are then disseminated to
aggregators who must adhere to them when managing their DER portfolios.

It is important to recognise that DOEs are calculated from the point of interest of the network’s
safety, which may result in limitations when considering the market participation of
controllable assets. Additionally, the extensive adoption of LCTs may have led in certain grid
segments experiencing violations of the network constraints. One should note that DOEs are
unable to address these pre-existing network issues [22].

Active distribution networks

An active distribution network (ADN) is defined as a network encompassing SDGEs with a
control system where DSOs are capable of proactively operating the network, guaranteeing a
safe and economical operation. The concept of ADNs relies on advanced data management
methods (among other advanced metering infrastructure (AMI)) and information and
communication technologies (incorporating two-way communication) to coordinate the
distribution-side resources on a centralised platform. Some of the methods applied include
demand response (DR) programs, voltage regulators, on-load tap changers and network
reconstructions. In DR programs, the enrolled customers are compensated for the capacity that
they provide [23].

Grid stability metrics

In an effort to evaluate the technical impacts caused by LCTs, multiple grid stability metrics

that reflect both voltage and thermal implications are defined, we refer to the limitations

imposed by the IEC EN50160 [24]. Among these indicators are: (i) voltage deviation (i.e.

under- and overvoltage), (ii) voltage unbalance, (iii) line overloading, (iv) transformer

overloading and (v) network losses:

(i) Inaccordance with the standard, the 10min. rms voltages are required to remain within the
specified bounds of 0.9 and 1.1 p.u. for 95% of the time during each period of one week,
ie.v™ < V; < v*. Also, the 10min. rms-values shall not exceed 0.85 and 1.1 p.u.

(if) Voltage unbalance factor (VUF): under normal operating conditions, the 10min. rms-
values of the negative phase sequence component of the voltage shall be within the range
of 0 — 2% of the positive phase sequence for each period of one week. Considering branch
i with phase terminals a, b, ¢ and n, the positive (V;*), negative (V;”) and zero (V)
sequence components are defined,

1

Ve =3 Vign + 3Vign + 3Vicn (1.1)
1 a a?

Vit = 2 Vian + 3 Vipn + 3 Vien (1.2)

_ 1 a’ a 13

Ve =3Vian + 5 Vign + 3 Vien (1.3)

where a = £120° = —0.5 +j§ and a® = 1. VUF is obtained using terms (1.2)—(1.3):

VU = 2 )
vt
(iii) Line overloading refers to exceeding the cable’s nominal current capacity, this can be

evaluated by considering the hourly average current flowing through the conductors.
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(iv) Transformer overloading (T°%) is defined as the hourly average apparent power (S}wg 1h)
divided by the transformer rating, i.e. nominal capacity (S74%4) [17], the hourly values

are obtained by applying a moving average filter based on the granularity of the dataset
used (e.g. 15min. resolution). In case T°* is greater than 0, the transformer is overloaded.

55
TOL — max< Srated 1, O) 3)
T

To reflect the severity associated with an overload, we introduce o as the severity factor,
Permissible if T°L <0.10

a(T") = {Critical if 0.10 <T° <0.20 (4)
Intolerable if  T° > 0.20

(v) Finally, we define the network (or power) losses? as variable since they are function of the
power flow and are created by the heating effect of current passing through the lines. These
losses vary proportionally to the square of the current [25],

Pioss :ZSR(VI Il*) (5)
leL
Within ECOFLEX, we consider limitations related to transformer’s overloading, power losses,
under- and overvoltage violations and voltage unbalance where a distinction is made between
the frequency of occurrences and the severity of a violation.

2.2. State-of-the-art modelling approaches

Low-voltage distribution system modelling

The majority of the LVDS models employed for power flow studies assume that the neutral
conductor is multi-grounded and that the network is balanced. However, the latter is seldom
valid due to the single phase domestic appliances connected to the system. Moreover, multi-
grounded neutral conductors are not applicable for most of the European countries, including
Belgium. This assumption gives rise to a common practice of reducing the three-phase four-
wire model into a three-wire model using Kron’s reduction, whereby the resulting impedance
matrix is of the shape 3 x 3. This reduces the computational complexity of the power flow by
eliminating the neutral voltage and current variables. Although this can be done for balanced
multi-grounded networks, this approach is not valid in a three-phase four-wire model with
isolated neutral, Figure 3.

Fundamentally, Kron’s reduction presupposes that the current flowing through the neutral is
zero, thus underestimating the neutral voltage rise and ignoring the risk of zero-point shifting
[26]. The topic is well addressed in the literature, for instance Ciric et al. [27] propose a power
flow algorithm for three-phase four-wire radial networks considering the neutral wire. While
Claeys et al. [28] conclude that Kron’s approximations diverge if the assumptions do not hold
(cf. four-wire model) and therefore the resulting errors can be cumbersome in decision-making
contexts. Furthermore, the authors highlight that ignoring the unbalance can lead to violations
of the voltage limits and an underestimation of the network losses. In [29], the authors
developed a phase-to-neutral transformation that reduces the lines impedance matrices from 4
x 4 to 3 x 3, while providing the possibility to recover the neutral voltage variables.

! Network losses are affected by a variety of sources, i.e. technical, non-technical and other factors. Technical
losses also include the losses induced by energizing transformers. Non-technical losses on the other hand refer
to theft or unmetered supplies. Other factors affecting network losses include phase imbalance and harmonics.

Page 8 of 18
ECOFLEX
Deliverable D4.3: Digital twin model of DN predicting maximum hosting capacity



Zaa
95 2 b b: b b
¢! Zec l ‘ (‘ Zee dc:
fn Zun Cni ni in
i 1 1

Figure 3: Representation of line [;;, with multi-grounded (left) and isolated neutral (right).

Physics-based or data-driven approaches

It can thus be concluded that conventional physics-based strategies require in-dept knowledge
of the line parameters (i.e. length and cable cross-sections) [30], grid topology and phase
arrangements in order to perform accurate hosting capacity studies. In the event that any of the
aforementioned parameters are not available, it will not be possible to perform an accurate
calculation and assumptions must therefore be made. In response to the emergence of
digitalisation, promising alternatives are being developed, including so-called model-free
approaches [31]. In the context of distribution networks, these data-driven approaches rely on
smart meter and/or AMI? data. Historical smart meter measurements (at customer level)
incorporate instantaneous or average values for the voltage (V) and current (I) magnitudes, on
top of the active and reactive power, (P and Q respectively). This data is extracted at varying
time intervals, ranging from seconds to minutes in accordance with the specific local
necessities and the country in question, but it can be reasonably presumed that this occurs on a
15-minute basis. One possible objective of the data-driven approach is to calculate the voltage
among the nodes by exploiting the historical data (i.e. V, P and Q) through regression models
[32]. The gathered data may also be employed in the context of other use cases that extend
beyond forecasting, with the prospective application of fraud detection.

Hosting capacity expressions

As discussed in Section 2.1, depending on the scope of the hosting capacity study, a different
approach can be addressed. In an effort to develop generic mathematical formulations for the
HC of PV systems, Koirala et al. [33] present various concepts that can be used for both
deterministic and stochastic HC. The expression for a feeder’s directional hosting capacity
(HCy) is defined as the sum of additional PV capacity (p) of a subset of customers (Dy) that

can be accommodated by a feeder without exceeding the admissible bounds:

HCr = Z p st,  |Pr| < |y (6)
pEP
where, P denotes the set of new PV capacity in feeder f and with the reasonable assumption
that the set of new PV capacity is mapped one-to-one to the set of LV customers Dy, thus the
cardinality of P is less or equal to 1. Nonetheless, the HC is often expressed relatively to the
transformer capacity (SX4t¢%). In that particular case, the additionally installable PV capacity
is normalised to the LVDS transformer ratings within the studied LV network M':

_ Yrem HCs

HC
* 7 i ST

()

2 Advanced Metering Infrastructure (AMI) is an integrated system that enables two-way communication and has
the ability to collect energy usage data.
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Deterministic hosting capacity formulations are valid for the worst-case scenarios, resulting in
the typical fit-and-forget approach DSOs apply. Within these expressions, the considered
variable is often the penetration ratio (y) of the studied technology and is defined as the
proportion of LCTs that are connected to a load location. To illustrate this in the context of PV
installations, let N, represent the number of PV installations [4]:

Ny

=1 8
/] )

Furthermore, it is assumed that every PV installations within the subset has the same size (in
[KWp]). In contrast, probabilistic hosting capacity studies utilise uncertainties and therefore
stochasticity is added to the assumptions such as the location of the PV installations and the
PV capacity vary as well as the production profile.

14

2.3. Challenges and uncertainties

As stipulated earlier, the choice of a modelling approach is pivotal to achieving an accurate
representation of the system under consideration. Consequently (referring to previous section,
2.2) the implementation of Kron’s reduction can significantly impact the outcomes.
Additionally, the choice of simulation software needs to be envisaged, as some tools are
inherently designed to apply Kron’s reduction when executing power flows. In most cases, this
will result in a trade-off between accuracy of the model and the computational requirements.
Another challenge linked to the modelling is the observability of the LVDS. True, unlike
transmission systems, distribution networks are the black boxes of the grid. Due to their size
and complexity, existing models or information gathered of the LVDS are often incomplete or
erroneous. Examples related to the topology are the incorrect assignment of phases at the
consumers or service cables to the correct distribution lines. Further, the number of metering
instruments is small compared to the size of the network although this tends to change with the
smart meter deployment. Finally, despite the fact that the equations used to determine hosting
capacity are well established, there is no consensus on the definition of this term. Consequently,
the scientific literature does not provide a concise definition of what is meant by HC. This
brings us to the first challenge, which is a streamlined view on the modelling techniques due
to the gap in a unified interpretation of HC.

3. Methodology

3.1. Physics-based approach
Multiple approaches are used when doing load flow analysis, here we will briefly introduce
two most commonly used ones, i.e. the Bus Injection model (BIM) and the Branch Flow model
(BFM). To illustrate the equations, let us consider the following segment of a network that
consists of a set of nodes/buses ' (where buses are indexed i = 0,1, ...,n) and a set of
distribution lines £ connecting these buses. We denote a line [ by the pair of buses it connects,
e.g. (i,j) becomes [;;.
V; Uy

Zij = Tij + J%ij

s
Sij = Pij +Qij

8i = pi+Jqi s; =p; +34;
Figure 4: lllustrative example of a line segment [;; feeding bus j from its parent bus i.
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For convenience, let bus 0 represent the slack node or point of common coupling (PCC), which
has a fixed voltage and variable active and reactive power injection. Further, it is assumed that
the complex voltage on the substation bus (V;) is known. We refer to equations (9)—(11) as the
BFM [34]. Let z;; be the impedance on line [;;, S;; the complex power flowing through the line
and s; be the complex net load minus generation on bus j. At steady state, the power flow
satisfies the power balance at each bus j € V" with (i, ) € £, s.t.:

2
Sj = (Si,-—zizjllijl )— Z Sjn 9)

n:(jm)eL
and according to Ohm’s law, the voltage drop at each line can be written as:
Vi =V; =zl (10)

where V; denotes the complex voltage at bus i. Finally, the complex power on each line [;; —
(i,7) € Lis given by (11) with I;; the complex conjugate of the current from bus i to j:
For notational simplicity we define the squared voltage and current magnitude, v; :== |V;|? and

tij = |1ij|2 respectively. By introducing these simplifications, we can reduce the expressions
to the so-called relaxed branch flow model (Eq. (12)-(14.1)) if the studied network is radial:

pj = Pij —mijti - z Py (12)
neN(j)
similarly, we obtain for the reactive power flow:
q; = Qij — xitij — z Qjn (13)
neN (j)
Lastly, the voltage at a given bus j € V' can be retrieved:
ij = VL'Z - Z(TUPU + xijQij) + (Tii- + xlzj)llzj (141)
Replacing the voltage and current magnitude terms with their squared equivalents:
v =v; = 2(1iPy + xi;Qi) + (rf + x5y (14.2)

As it can be noted from above equations, the BFM are accurate models for both radial and
meshed networks accounting for the active and reactive power, voltage magnitudes and phase
angels. Therefore, it allows the expressions to be formulated as a set of nonlinear equations at
each bus. On the other hand, the relaxed BFM define a system of equations which are a subset
of the complex variables without the phase angels. Due to the nonlinearity of the power flow
equations, an iterative solution method such as Newton-Raphson or Gauss-Seidel is required.

In the event that the system under study consists of a single source (or substation), an
approximation of the BFM is frequently employed. These simplified equations, designated as
the DistFlow equations, are applicable to LVDS wherein typically the shunt elements are
disregarded, thereby reducing the computational burden of the calculations (Eq. (14.2)).
Although they are approximations, the application of DistFlow within smart grid studies, e.g.
for DER implications are frequent. Their goal is to calculate the voltage, current and power
flow between buses using active and reactive power along with the line impedances.

Further simplifications by neglecting losses on both series and shunt admittance, and assuming
the shunt admittance of each line to be zero, results in Linear Distflow equations [35]:
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Vj =vi—2(rijPij+xl-jQij) (15)
In contrast to the BFM, the Bus Injection model focuses on the bus-level quantities (i.e. active
and reactive power injections at each bus) to perform power flow studies [36]. Since the main
variables of interest in the BIM are the power injections, voltage magnitudes and angles, this
method is typically applied for power flow studies at transmission level. Let G;; and B;; be the
real and imaginary parts of the admittance matrix; 6;; is the angle difference of the branch
(i, ). The general power flow expressions of the BIM model are expressed in terms of:

Pi — Vi + z Vj(GijCOSQij + BUSlTlQU) (16)
JeN (i)
and
0, =V, + z V;(Gijcos8;; — Byjsinb;;) (17)
JeN (i)
While the voltage angle difference is derived as follows:
0ij =6, —6; 19

Let r;; and x;; denote the resistance and reactance of branch (i, j), following the definition of
the admittance matrix G;; and B;; are obtained by:

rij
G =———
Tk (19)
and
xij
B. . =
Yoori 4 (20)

3.2. Data-driven approach
In recent years, the increased interest in and development of artificial intelligence has coincided
with a proliferation of smart meters, which has generated considerable interest within the
energy sector. This, along with the substantial amounts of data generated by the smart meters
has paved the way for data-driven models in the field of power flow analysis. A sample
overview of the possible methods is given in Table 2. In this work, we only discuss
multivariable linear regression (MLR).

In their original form, the MLR can be written as (21), let y; be the dependent variable, 3, the
y-intercept term, m;, the independent (explanatory) variables, B, the slope coefficients for
each explanatory variable and € the error term (i.e. the residuals),

Vi = Bo + Bimyy + Bamyp + o+ Brmy + € (21)

Since the voltage at a branch is influenced by the active and reactive power of the parent nodes
as well as the studied node, the BFM can be rewritten in terms of a MLR. In that case the non-
linearities of the model such as a variable slack bus voltage are omitted and the resulting
expressions are a valid approximation of the true voltages. Let ;, be the predicted voltage of
the i-th component of the dependent variable V;, at timestep ¢ and let x; . denote the active

(p:) and reactive power (q; ) of the i-th component at timestep ¢ [37]:

n n
2 Vi,t =B + Z Bixit + €t st X = [pi,t' qi,t] (22)
i=1 i=1
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The present models utilise this methodology, showcasing a LVDS can be approximated by
linear expressions if the slack bus voltage is esteemed to be constant as well as a complete
smart meter coverage within the studied grid. Incomplete data will result in a loss of accuracy.

Table 2: State-of-the-art forecasting of voltage and congestion through data-driven approaches
with, ANN: artificial neural network, BRT: bagging regression trees, MLR: multivariable
linear regression, NN: neural network, RF: random forests and SVR: support vector machines.

Ref. Type Simulation LCT Studied impacts

[31]] NN  Powerflow PV Forecasting of voltage profiles for PV penetration
[32] MLR Powerflow EV,PV Forecasting of congestion with EV, PV integration
[38] SVR Powerflow PV Evaluation of the SVR model to predict power flows
[39] IIBQIET Power flow PV Voltage estimation with DERSs

[40] ANN Power flow EV Voltage prediction in the context of V2G studies

Authors in [41] demonstrate that the use of a two-step regressor will significantly reduce the
prediction errors. Therefore, the authors compared a multitude of machine learning-based
algorithms including AdaBoost, bagging, Bayesian ridge, gradient boosting, and others in lieu
of a multivariable linear regression and evaluated the obtained results in terms of a comparison
with an ensemble regressor and a two-step regressor. To conclude, future work will consist of
expanding the current framework in order increase the robustness of the used models based on
the findings from aforementioned studies.

3.3. Sample use case

A traditional low-voltage distribution network comprises a three-phase four-wire system
operated radially where the line-to-line voltages are 400V. In Belgium, the neutral conductor
is grounded at the star point of the LV distribution transformer. Since most customers
connected to the low-voltage are single phase, it can be assumed that LVVDS are unbalanced.
This makes available models such as the IEEE European Low Voltage Test Feeder
(LVTestFeeder), where the neutral conductor is sparsely grounded at a few nodes, unsuitable
for this study in its actual configuration.

The proposed methodology with MLR has proven to be a valuable alternative for the
conventional physics-based power flow analysis. In terms of scalability, the model is being
evaluated against a larger network encompassing 5 feeders modelled in detail and a total of 91
dwellings shown in Figure 5. To demonstrate its performance, various levels of SDGE
penetrations are predicted via the MLR approach and compared to the results obtained by the
conventional model-driven approach. The training data for the MLR is obtained through a
quasi-static time series (QSTS) power flow simulation in OpenDSS without SDGEs, later
defined as the benchmark. A QSTS simulation refers to a versatile study that solves a series of
sequential steady-state power flow solutions, wherein the converged state of each iteration
serves as the initial condition for the subsequent one. In our case, the iteration step is set to
15min. This approach allows to capture time-varying aspects such as the state-of-charge of the
EVs.
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Figure 5: Illustration of the four-wire radial low-voltage distribution network

We define the SDGE levels as continuous uniform distribution {25, 50, 100}%. Here, the
coverage i.e. the penetration ratio (y) is always assumed to be 100 percent, see Eq. (8).Thus a
SDGE level of 25 percent reflects a ratio of 25/100 to the max. power consumed or generated
by the SDGE, compared to its nominal capacity.

For instance, if the EVs charge at 7,4 KW, a 25% penetration rate denotes that the max. charging
power of the EVs is (7,4 - 25/100) kW while the coverage of dwellings having an EV is 100%.
This, to avoid stochasticity in the model since the goal is to evaluate the data-driven approach
rather than pure HC analysis. The outcome of the simulations is presented in Figure 6 where
both, a PV and EV assessment is done.

Scenario: 25% PV Scenario: 50% PV Scenario: 100% PV

(a) (b)
Scenario: 25% EV Scenario: 50% EV Scenario: 100% EV

%ﬂ

Figure 6: Forecasted voltages via the data-driven method for various SDGE levels {25, 50,
100}% with the upper subplots showcasing the voltage evolution variation originating from
PV systems, while the bottom subplots highlight the voltage violations due to EV integration.
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As expected, an increased PV generation will result in a greater voltage rise. Due to Ohm’s law
the voltage rise will manifest itself at the feeder ends. This is particularly the case for longer
feeder such as the bottom right of the figure where the feeder does not consist of sub-feeders
leading towards a linear voltage rise due to the reverse power flows.

Analogously, due to the high load of EVs, the voltage will drop significantly at feeder ends as
a function of the penetration rate. For the particular case under study, it can be noticed that an
increase in EVs will have a greater impact on the voltage deterioration, mostly caused by the
high charging rates and the simultaneity of the charging. This is also visible in Figure 6 (f)
where voltage violations are noticeable, i.e. voltage drops below the v~ limit are monitored.

Obtained results are subsequently compared to the outcome of the physics-based model,
executed in simulation software OpenDSS through a python interface. Although, it was
formerly expected that the outcome of the data-driven model would only reflect accurately the
benchmark case, the model excelled in forecasting the voltage for unseen scenarios (e.g.
various SDGE penetration rates). It should be noted that this is partially due the aforementioned
assumptions: constant slack bus voltage, a complete smart meter coverage and fixed topology,
that high accuracy is obtained. Moreover, the model has been benchmarked against other data-
driven approaches such as SVM, NN, HistGradientBoosting and unexpectedly outperformed
the other models, as shown in Figure 7:

Linear Regression Support Vector Regression

099

0.98

Predictions (p.u.)
Predictions (p.u.)

097

True values (p.u.) ‘ True valtes (p.u.)
Histogram Gradient Boosting Neural Network

099

098

Predictions (p.u.)
Predictions (p.u.)

0.96

0.96 0.97 098 099 1.0 0.96 0.97 098 099 L0
True values (p.u.) True values (p.u.)

Figure 7: Review of the accuracy for different data-driven models.
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4. Conclusions

This deliverable delineates the fundamental concepts pertinent to the modelling of low-voltage
distribution networks. In order to achieve this, the most commonly used terminology was
addressed. This included terms such as dynamic hosting capacity, implicit and explicit
flexibility, dynamic operating envelopes and active distribution networks. These were
described based on the existing literature and the author's own interpretations, in the absence
of a consensus on a generic definition. To this end, a comprehensive review of the state-of-the-
art definition of hosting capacity is given. Moreover, the diverse grid stability metrics
employed within the ECOFLEX project are examined, and their mathematical interpretation is
provided.

In addition to the aforementioned concepts and nomenclature, Section 2.2 provides a rigorous
overview of the state-of-the-art modelling approaches for low-voltage distribution systems.
These range from the Kron reduction to physics-based and data-driven approaches, and include
a detailed examination of the challenges associated with modelling. Hence, depending on the
data availability (e.g. complete or partial coverage) and the required accuracy of the digital-
twin model, either physics-based or data-driven approaches can be applied.

Finally, Section 3 outlines the conventional methodology of calculating power flows through
physics-based approaches, i.e. the branch flow model and the bus injection model. It also
provides a brief overview of potential data-driven techniques, with a literature review and an
explanation of the adopted multivariable linear regression model. To conclude the chapter, an
illustrative use case is presented comprising a low-voltage distribution network with five
feeders and 91 dwellings. This example demonstrates the application of a data-driven approach
to evaluate and monitor voltage congestion if stochastic distribution grid exchange are
introduced. As highlighted in the results of the study, one can conclude that the data-driven
approaches provide a promising alternative to a fast evolving sector where sensors and
metering devices are being installed the clock round. Making space for novel algorithms to
evaluate the future shortcomings and needs of a network’s HC.

Nonetheless, future prospects for simulations should include a variable slack bus voltage and
an assessment of the implications that a partial smart meter coverage has. This is of major
importance since the current version of the developed models rely on a full coverage of smart
metering, while in reality a lot of DSO do not reach these numbers. Furthermore, due to
technical failures the data often is incomplete or erroneous while for this study we omitted data
limitations. Besides the influence of the input data and training length (e.g. 1 month, 3 month
or full year), future work shall include a more probabilistic approach to evaluate the hosting
capacity and propose viable solutions as alternatives to grid traditional grid reinforcements in
case of HC limitations.

Unleashing the potential of the data-driven approaches to perform hosting capacities studies
can be beneficial for both the distribution network operator in terms of grid stability and
monitoring, but also for the solution providers who aim to develop novel energy management
systems incorporating intelligent services to provide flexibility and thus optimize the use of the
available HC.
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