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Abstract—This paper presents a congestion forecast framework
based on probabilistic power flow for electrical distribution
systems with high penetration of solar photovoltaic and plugin electric vehicles. The proposed framework is tested using data
of the real distribution grid of Chalmers campus for case studies
to analyze the impact of different local production levels and
operating modes of solar photovoltaic inverters. The results have
shown that cumulative probability for network congestion in
branches and transformers would increase by 30% and 20%,
respectively, in the case when level of local solar photovoltaic
production, demand, and number of plug-in electric vehicles is
increased by 100%, 95%, and 100%, respectively. It has also been
shown that network congestion in branches and transformers is
4% and 8%, respectively, more likely to occur in constant-V mode
as compared to constant-pf mode. This framework could be used
by distribution system operators to predict network congestion.
Index Terms—Backward-forward sweep, congestion forecast,
electric vehicles, photovoltaics, probabilistic power flow

I. I NTRODUCTION
With the growing concern towards global warming, the universal focus has been on the transition towards low-carbon energy systems. Two major technological shifts in this regard are
replacement of conventional coal-based power generation by
renewable energy resources and hydrocarbon-fuelled vehicles
by electric vehicles (EVs). The International Energy Agency
presented in their annual report of photovoltaic power systems
programme 2017 that solar photovoltaics (PVs) is now the
fastest growing energy technology [1]. Both PVs installation
and EVs sales have increasing growth rates worldwide, raising
their share’s to new heights every year.
Increased penetration of PVs and EVs in distribution systems brings various environmental and economic benefits,
but their associated intermittency also brings challenges for
distribution system operators (DSOs), including e.g., voltage
fluctuations, distribution network congestion [2]. Due to solar
irradiance and temperature uncertainties associated with PVs
and varying charging demand associated with EVs, deterministic power flow methods are unable to incorporate them in
power flow model. Thus, generally, a probabilistic approach
is adopted to account for these uncertainties. Probabilistic
The work leading to this paper was funded through the UNITED-GRID
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approach incorporates the uncertainties associated with input
variables through their probability distribution function (PDF).
Probabilistic approach has been very useful in uncertainties
modelling. For PVs uncertainties modelling, the authors in [3]
developed a probabilistic load model to be included in probabilistic power flow (PPF), a probabilistic algorithm for power
reserve evaluation with high PVs penetration is developed in
[4], a chronological probabilistic model is developed in [5],
a polynomial chaos expansion method for inclusion of nonGaussian random variables and polynomial nonlinearities in
[6]. Similarly, for modelling of EVs uncertainties, a probabilistic approach along with queuing theory is used in [7], correlation among inputs are considered using probabilistic approach
in [8], a stratified latin hypercube sampling based probabilistic
approach is used in [9]. Some papers as presented in [10]
and [11] have simultaneously considered the uncertainties
associated with PVs and EVs. These research works have not
dealt with the development of such visualization tools which
can be directly used by DSOs for analysis of their network
operating conditions and then help them in taking suitable
action. A computationally efficient tool for DSOs is proposed
in [12] to assess the impact of uncertainties associated with
distributed units. Also, another probabilistic method has been
proposed in [13] to detect and rank the congested lines for
the grid operators. However, a well developed visualization
framework for network operating conditions is required for
DSOs. Also, in context of operating requirements for PVs
inverters, analysis of the impact of different operating modes
could be very interesting from the DSOs perspective.
This paper develops a congestion forecast framework based
on PPF considering uncertainties associated with PVs, plugin electric vehicles (PEVs) and other conventional loads.
The framework also considers the different operating modes
of PVs inverters, which in-turn reflect the requirements for
connecting PVs to distribution systems. The most important
function of the proposed congestion forecast framework is the
visualization of the network congestion based on cumulative
probability of the proposed congestion indicators, including
node voltage deviation, branch and transformer overload, for
the distribution system and its components. These indicators
can help DSOs in analysing congestion in their network and
then take appropriate measures to manage network congestion.

The rest of the paper is organised as follows, Section II
presents the modelling of the distribution system and components. Section III explains the proposed congestion forecast
framework. Section IV discusses the case studies and results.
Section V outlines the concluding remarks.
II. M ODELLING OF D ISTRIBUTION S YSTEM AND
C OMPONENTS
This section introduces the different components considered
in the distribution systems and their modelling.
A. PVs and Load Forecast
With increased penetration of PVs in the distribution systems, the intermittency associated with the generation also
increases. The electrical loads in the distribution systems are
variable, especially with emergence of new types of loads such
as EVs, heat-pumps, etc. In order to effectively manage and
control distribution systems, inclusion of PVs and load forecast
could play an important role. There are well-established PVs
and load forecast methods depending upon desired forecast
horizon which could vary from a few minutes to days [14].
For simplicity, this work considers PVs and load forecast to be
available as inputs to proposed congestion forecast framework.
B. Operating Modes of PVs-Inverter
Earlier, PVs-interconnection with the grid had limited controls. For instance, IEEE DERs-interconnection standard 2003
[15] states that all inverters are supposed to be operated at
unity power factor in grid-connection mode. But now, when
local renewables production (especially PVs) is increasing,
several changes are proposed in the DERs-interconnection
standards. There are different performance requirements presented in recent IEEE DERs-interconnection standards report
[16].
The PVs-inverter control characteristic can be expressed as:
Pinj 2 + Qinj 2 ≤ Srated 2

(1)

where, Srated represents the rated capacity of PVs-inverter,
Pinj and Qinj represents active and reactive power injections.
With scenarios where level of Pinj is high, it might lead
to severe node voltage fluctuations, and then inverter control
switches Qinj from over-excited to under-excited mode to
bring voltage within limits. Further, for cases, where Pinj and
corresponding Qinj does not satisfy (1), then inverter control
is forced to curtail Pinj , so that constraint is satisfied and
node voltage are brought within limits. This work considers the
following two modes of operation to mimic different inverter
controls:
1) Constant Power Factor Mode: (constant-pf): In this
mode, a constant power factor is taken for all the nodes
(including generator nodes) and all are modelled as P -Q
nodes. The generation at generator nodes is modelled as
negative load.
2) Voltage-Reactive Power Mode: (constant-V): In this
mode, generator nodes are modelled as P -V nodes i.e., for
a range of Pinj , voltage remains fixed with support through
reactive power Qinj from inverter, such that (1) is satisfied.

C. PEVs Charging Power Demand Model
The transition towards future distribution systems with
increasing share of PEVs, motivates for their impact analysis
on electrical systems. In some urban areas, the overall PEVs
charging demand could be high and possibly coincide with
system peak demand, leading further to system congestion,
voltage fluctuations, etc. Thus, the overall charging demand at
a PEVs charging station should be modelled accurately as it
depends on several factors such as number of vehicles, vehicle
charging time, and vehicle charge status.
The model presented in [7] has been modified and used in
this work for the detailed modelling of total power demand at
a PEVs charging station. Some of the used model parameters
are chosen according to the taken test case. In Sweden, around
50 000 PEVs have been registered by December 2017. The
estimated market share parameters for different class of PEVs
in Sweden are presented in Table I [17].
TABLE I
PEV S C LASS M ARKET S HARE IN S WEDEN

% share

SUV
30

Mid-size
40

Economy
20

Micro
10

III. C ONGESTION F ORECAST F RAMEWORK
This section explains the congestion forecast framework
along with the details of the probabilistic power flow model
used in this work. The functional diagram for congestion
forecast framework is shown in Fig. 1. The uncertainties
associated with PVs, conventional load and PEVs charging
power demand are considered in the proposed framework.
The probabilistic approach is employed through Monte-Carlo
simulations (MCS), each of which leads to a power flow
solution. With the obtained power flow solutions, congestion
forecast is evaluated through indices such as nodes voltage
deviation, branches and transformers overloading.
Probabilistic Power Flow
Monte-Carlo Simulation

Solar PV
Forecast

Grid
Data

Each Scenario

Congestion Forecast

Scenario with PV,
PEV Demand, Load
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Fig. 1. Functional diagram for the congestion forecast framework

A. Probabilistic Power Flow Method
The proposed framework uses Monte-Carlo simulations
(MCS) for PPF where a large number of scenarios are simulated based on PDF of different variables (uncertainties). This

work employs backward-forward sweep method for the power
flow simulations.

QkR (α) = Qk (α) + QkL

Backward-Forward Sweep Method (BFS)
BFS method is suitable for highly radial distribution networks whose solution is obtained by iterative solution from
two sets of recursive equations. The detailed procedures of
BFS method without and with the consideration of P -V nodes
in the system, are as follows [18]:
1) Without P-V nodes: Here, all the nodes except the slack
node are modelled as P -Q nodes. To start, the voltage at the
slack node is kept constant and a flat voltage start is assumed at
all other nodes and then for ith iteration, the following iterative
steps are performed:
(a) Calculate current injection at node k, as:
∗

Sk
− Yk Vk (i−1) ∀ k = 1, 2, . . . , n (2)
Ck (i) =
Vk (i−1)
where, Vk (i−1) is the voltage at node k in (i − 1)th iteration, while Sk and Yk are the apparent power injection
and sum of shunt elements admittances at node k.
(b) Calculate branch currents starting from the branch connected to the last node and then moving backward. Thus,
the current in branch j, is calculated as:
Ij

(i)

= CN

(i)

+

T
X

If (i)

(c) Calculate the total reactive power requirement QkR , for
all P -V nodes, as follows:

∀ j = br, . . . , 2, 1 (3)

0

∗ (α)

Qk (α) = Im[Vk IkQ ]

VN (i) = VM (i) − Zj Ij (i)

∀ j = 1, 2, . . . , br (4)

where, Zj represents the impedance of a branch j.
These steps are performed iteratively until the convergence
criteria is satisfied.
2) With P-V nodes: Here, all the generator nodes are
modelled as P -V nodes while the load nodes are modelled
as P -Q nodes. Let us suppose that there are q P -V nodes in
the network, then for αth iteration, the procedure for correction
of voltage magnitude is as follows:
(a) Calculate voltage magnitude mismatch for all P -V nodes:
∆Vk (α) = Vk (sp) − Vk (α)

∀ k = 1, 2, . . . , q

(5)

where, Vk (sp) is the specified voltage value at node k.
(b) Calculate the reactive current injection as follows:
[IQ ](α) = [Z]−1 [∆V ](α)

(6)

where, Z is the real and constant impedance matrix with
size as number of P -V nodes. Thus, injected reactive
current at k th node can be calculated as:
IkQ (α) = j IkQ (α)

(7)

(8)
0

where, QkL is the reactive power load at node k and IkQ
is the sum of the required reactive current injection and
the load current injection = (IkQ (α) + IkL ).
(d) Check for all nodes whether calculated QkR (=Qinj )
corresponding to Pinj , satisfies the constraint given by
(1). If not, then a new value of Pinj and the corresponding
value of Qinj should be calculated. To do this more
effectively, a curve-fitting method is used to express Qinj
as a function of Pinj (for a fixed system topology). Curvefitting is a method for expressing a mathematical function
which best fit to a series of data points. Here, Pinj and
Qinj are the data points. This method helps in avoiding
the iterative process to find the new value of Qinj .
These steps are performed iteratively until the voltage mismatches for all P -V nodes reaches below the tolerance limit.
B. Congestion Forecast
MCS are simulated to obtain power flow solution using the
above procedure. For simplicity, Gaussian PDF is used for
generating samples of generation and load forecast to be used
in MCS, as follows:

f =1

where, CN (i) is the load current at the node N and T is
the total number of branches coming out from node N .
(c) Update the node voltages starting from the slack node
and moving forward towards the last node. The voltage
at node N is calculated as follows:

∀ k = 1, 2, . . . , n

P DF = √

1

e−

(x − µ)2
2σ 2

(9)
2πσ 2
where, µ and σ represents the mean and standard deviation.
In this work, µ is taken as the forecast value of PVs and load
at one time instant, while σ is taken as 0.1 for PVs and load
forecast for simulation cases.
The PEVs charging power demand samples are generated
based on the obtained histogram (tends to follow Weibull
PDF) from the modelling done in Section II-C. Finally with
the results obtained from power flow solutions, the following
indices are proposed to evaluate the congestion forecast:
1) Nodes Voltage Deviation: It is the deviation of node
voltage from the specified values. Critical nodes are the ones
where deviation is more than a pre-specified value in at least
an identified number of MCS simulations. For instance, if
deviation is more than 3% in at least 20% of MCS simulations,
it is considered as a critical node.
2) Branch Overloading: It is the measure of amount of
the current flowing in the branches above their rated thermal
capacity (Ic ). Critical branches are the ones where current flow
is more than a pre-specified percentage in at least an identified
number of MCS simulations.
3) Transformer Overloading: It is the measure of amount
of the MVA power flow in the transformers above their rated
MVA capacity (Tc ). Critical transformers are the ones where
MVA power flow is more than a pre-specified percentage in
at least an identified number of MCS simulations.

The congestion forecast algorithm is given as follows:
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Algorithm 1: Congestion Forecast Algorithm

1
2
3
4
5
6

7

8
9
10

11
12

13

Data: V̄ksp , Z, Y , PLf , PGf , PP EV , Ic , Tc , Srated , 
Result: V̄ , I¯
Initialisation : Flat start for all V̄
for s = 1 : S do
i = 1;
do
Backward Sweep using (2) and (3)
Forward Sweep using (4)
F or P -V N odes:
Calculate ∆Vk and QkR using (5), (7), (8)
Incorporating Inverter Limits:
for i = 1 : k1 do
if (PGf )2 + (QkR )2 > (Srated )2 then
Re-calculate PGf such that the constraint
as mentioned in (1) is satisfied
Iteration count : i = i + 1
while V̄ i − V̄ i+1 k ≤ ;
Evaluate Congestion:
Determine nodes voltage deviation (∆V >|Vnode -Vsp |),
branch overloading (Ibranch >Ic ) and transformer
overloading (Ttrans >Tc ) as explained in Section III-B.

where, PLf and PGf are forecast value of load and PVs,
PP EV is estimated PEVs charging power demand, S is number
of MCS and  is tolerance limit.
IV. C ASE S TUDIES AND R ESULTS
A. Chalmers Campus’s Electrical Distribution System
The proposed congestion forecast framework is applied
using the data of modified electrical distribution system of
Chalmers University of Technology campus in Sweden. The
system is radial and has 40 nodes including medium voltage
(MV) and low voltage (LV), 22 branches and 17 MV-LV transformers (10.5/0.4 kV ). The single-line diagram of Chalmers
distribution system is shown in Fig. 2 [19]. The typical system
demand varies between 3.5 and 5.5 M W . The PVs installed
capacity within the system is expected to reach 800 kW by
spring 2019. Also, within the scope of FED project [20], studies have been conducted to estimate the maximum generation
capacity through PVs installations. With consideration of both
roof-tops and wall-mounted installations it is estimated to be
around 9-10 M W . The system presently has around 35 PEVs
charging points at 32A/22kW and 16A/3.7kW level, located
at two charging stations (nodes 7 and 19). The other two
charging stations are considered for future scenarios.
The location of PVs injection nodes and PEVs charging
stations are shown in Fig. 2, while real recorded Chalmers
load data is considered. The rated capacity of PVs-inverter
(Srated ) is taken as 120% of the maximum PVs capacity,
to be considered as defined in (1). Thus, the following two
future scenarios are considered as shown in Table II, where
PVs generation and load demand are the actual generation and
demand for the network at that time instant.
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Fig. 2. Single-line diagram of Chalmers 10.5 kV electrical distribution grid
TABLE II
F UTURE S CENARIOS FOR C HALMERS C AMPUS C ASE S TUDY
Scenario
PVs Generation (MW)
PEVs Vehicles
Load Demand (MW)

A
4
150
4.5

B
8
300
8.8

B. Results
The proposed framework has been implemented in MATLAB (R2016b version). The analysis presents the congestion
indicators for one snap-shot while the number of MCS simulations are taken as 10 000 and the convergence criteria  is
taken as 0.0001. The cumulative probability (CP) indicator is
chosen to present the results for the congestion forecast (as
explained in Section III-B). CP refers to the probability of a
variable being greater than or equal to a specific level. For
instance, CP of all branches current flow to be greater than
100% in scenario B (Fig. 3(b)) is approximately 0.4.
The criteria used for evaluation of congestion indices are
presented in Table III. For instance, criteria in case of local
production level is that all the nodes where the voltage is more
than 1.03 p.u. (or the deviation is more than 3%) in at least
20% of MCS simulations are identified as critical nodes or
the branch where current is more than 100% of rated capacity
in at least 20% of MCS simulations are identified as critical
branches. The selection of criteria for evaluation of congestion
indices could be adjusted according to the DSOs monitoring
requirements and the proposed framework can easily adapt to
these requirements.
TABLE III
C RITERIA FOR E VALUATION OF C ONGESTION I NDICES

Case
Critical Nodes
Critical Branches
Critical Transformers

Local Production
Operating Mode
Level
(constant-pf and -V)
(For A and B)
1.03 p.u., 20%
100%, 20%
100%, 20%

Cumulative Probability

1

All nodes (A)
Critical nodes (A)
All nodes (B)
Critical nodes (B)

0.8
0.6
0.4
0.2
0
0.91

0.94

0.97

1

1.03

1.06

1.09

and 95% in load demand (scenario A to B), the CP for
congestion indices nodes voltage deviation has increased from
2% to 10%, branch overloading from 10% to 40%, transformer
overloading from 10% to 30%. These increments are mainly
because of higher current, active and reactive power flows,
due to higher local production and demand. The nodes are
subjected to more fluctuations which lead to higher CP for
nodes voltage deviation, and also the CP for branch and
transformer loadings have increased due to higher active and
reactive power flow across them.
2) Impact of Operating Modes: To assess the impact of
operating modes, scenario B as mentioned in Table II, is simulated under constant-pf and constant-V modes of operation.
The evaluation criteria used for congestion indices is presented
in Table III. It can be seen from Fig 4(a) that CP for having
a voltage greater than 1.03 at all nodes is almost 0 which

1

Cumulative Probability

The two subsections will present the impact analysis of
different local production levels and operating modes as:
1) Impact of Local Production Level: To assess the impact
of local production level, two different scenarios A and B
as mentioned in Table II are taken with constant-pf mode of
operation. The same congestion indices evaluation criteria is
used for visualizing the impact of local production level in
two scenarios. It can be seen from Fig 3(a) that CP for having
a voltage greater than 1.03 at all nodes has increased and
similar results can be observed for the critical nodes. From
Fig 3(b), the CP for branch currents to be more than 100%
has increased approximately from 0.10 to 0.40. Also, from
Fig 3(c), the CP for transformer MVA loading to be more
than 100% has increased approximately from 0.10 to 0.30.
Thus, it is evident from the results that with increment of
100% in local generations, 100% in number of PEVs vehicles,
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Fig. 4. Congestion forecast indicators with constant-pf and -V modes for
scenario B

is mainly due to consideration of P -V nodes as explained
in Section III-A2, where the node voltage remains fixed at
specified values with reactive power compensation. Due to
small CP for voltage deviation, there are no critical nodes
identified in constant-V mode. However, it can be seen from
Fig 4(b), that CP for branch currents to be more than 100%
has slightly increased from 0.38 to 0.40. Also, from Fig 4(c),
the CP for transformer MVA loading to be more than 100%
has increased approximately from 0.28 to 0.36.
Thus, it is evident from the results that in constant-V mode,
the CP for nodes voltage deviation congestion index has
decreased, branch overloading has increased approximately
from 38% to 42%, transformer overloading from 28% to
36%. The reason for the decreased voltage deviation is due
to consideration of P -V nodes. In constant-V mode, voltage
is maintained at a specified value through reactive power compensation by injection of higher reactive current, which leads
to higher current and MVA loading in associated branches and
transformers.
Similar results can be obtained for several scenarios which
could be used by the DSOs for visualizing the network congestion. These congestion indicators have potential to present a
clear picture of network congestion before the system operator
and ultimately help the DSOs in scheduling of their generation
and demand resources present in the network.
V. C ONCLUSIONS
This paper presents a congestion forecast framework which
can be used to visualize the probability for the network congestion and voltage deviation in future distribution networks
with large amount of solar PVs and PEVs. The core part of
the framework is probabilistic power flow model which takes
into account uncertainties associated with PVs production,
load demand and PEVs charging. To demonstrate the use
of the developed congestion forecast framework, case studies
have been carried out using the framework to evaluate the
impacts of PVs production level, load level, and PEVs, as
well as the operating modes of PVs inverters on the network
congestion. The results from the case studies highlight the
facts that network congestion in branches and transformers
is 30% and 20% respectively, more likely to occur when
the level of local generations, demand and PEVs demand
to increase by 100%, 95% and 100% respectively. Similarly,
network congestion in branches and transformers is 4% and
8% respectively, more likely to occur in the constant-V mode
as compared to constant-pf mode with the same generation
and demand level. This correlation for a general case can be
evaluated further using the approach but will be subject to
future studies. The framework could be used by the DSOs to
support them with the daily planning and management of the
grids by efficiently scheduling local resources for both active
and reactive power.
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