Pre prints.org

Article Not peer-reviewed version

Active Distribution Grid Exceeding
Testing and Risk Planning Based on
Carbon Capture and Multi-Source Data
of Power Internet of Things

Jinghan Wu , Kun Wang, Tianhao Wang , Shigian Ma , Hansen Gong , Zhijian Hu ! , Qingwu Gong

Posted Date: 18 January 2024
doi: 10.20944/preprints202401.1420v1

Keywords: active distribution networks; exceeding testing and risk planning; power internet of things; semi-
invariant method; integrated energy; second-order cone

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.



https://sciprofiles.com/profile/1639279
https://sciprofiles.com/profile/1433859

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 January 2024 doi:10.20944/preprints202401.1420.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Active Distribution Grid Exceeding Testing and Risk
Planning Based on Carbon Capture and Multi-Source
Data of Power Internet of Things

Jinghan Wu !, Kun Wang 2, Tianhao Wang 2, Shigian Ma 2, Hansen Gong ', Zhijian Hu *
and Qingwu Gong!

1 School of Electrical Engineering and Automation, Wuhan University, Wuhan 430072, Hubei Province,
China

2 Electric Power Research Institute, State Grid Tianjin Electric Power Company, Tianjin 300384, China

* Correspondence: zj.hu@whu.edu.cn (Z.H.)

Abstract: In order to achieve its carbon peak and neutrality targets, a high proportion of distributed power
sources are connected to the distribution network in China, which greatly increases the risk of distribution
network operation. Aiming at the above problems, this paper proposes an active distribution network risk
planning model based on multi-source data from carbon capture and power internet of things, and conducts
exceeding testing of distribution network based on the stochastic load flow algorithm with semi-invariant and
level expansion, calculates the semi-invariant of each order of node state vectors and branch current vectors,
and then utilizes the Gram-Charlier level expansion to obtain the exceeding probability density function and
probability distribution function of the node voltages and line powers of the distribution network. The
probability density function and probability distribution function of the exceeding are obtained using the
Gram-Charlier series expansion. Combined with multi-source data, the active distribution network with
integrated energy system considering carbon capture is modeled. According to the risk scenario of the
distribution network, the nonconvex constraints in the model are simplified by the second-order cone
relaxation, and the optimal planning scheme of the distribution network is solved by combining the gurobi
solver with the risk index as the first-level objective and the economic benefit as the second-level objective. The
simulation results of a coupled network consisting of a 39-node distribution network and an 11-node
transportation network verify the effectiveness of the proposed model.

Keywords: active distribution networks; exceeding testing and risk planning; power internet of things; semi-
invariant method; integrated energy; second-order cone

1. Introduction

The distribution network is directly facing the power users and is responsible for the important
function of power distribution, which plays a key role in improving the economy and security
stability of the power grid and promoting the integration of distributed equipment into the grid. With
the access of integrated energy systems, the traditional power data acquisition platform has fewer
monitorable points, a single type of monitoring data, and a lack of multivariate data processing
functions, so it is increasingly difficult for the existing distribution network risk planning technology
to adapt to the special requirements of smart distribution networks as well as transparent distribution
networks. Power IoT is applied under the condition of multiple monitoring nodes [1] , which has the
characteristics of multiple connected nodes and multiple data types, and by virtue of the numerous
monitoring nodes, the same data can be characterized from multiple dimensions, which enhances the
accuracy and real-time nature of distribution network modeling [2], and realizes the ubiquitous IoT.
In order to improve the distribution network operation security system, combined with the electric
power IoT related technology, under the premise of multiple source load access to the new electric
power system, it is necessary to carry out the risk planning research of the active distribution network
containing integrated energy system on the basis of quantitative calculation of the exceeding risk of
the distribution network.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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The traditional deterministic power flow calculation method [3] needs to be simulated several
times to be able to analyze the distribution network operation risk in a certain quantitative way, and
the reference [4-8] introduces a variety of probabilistic power flow algorithms that are mainly applied
at present. Reference [9,10] analyzed the accuracy of Monte Carlo methods based on specific
scenarios. Reference [11,12] considered the correlation that exists between wind farms that are close
in spatial distance when analyzing the probabilistic power flow operating characteristics of power
systems. Reference [13] illustrated that the semi-invariant method can effectively solve the
probability distribution of different state quantities. Reference [14] utilizes linear relationships for
probabilistic power flow calculations of distribution networks containing integrated energy sources,
and combines them with level expansion to quickly obtain the probability distribution functions of
various state quantities.

At present, integrated energy systems emphasizing multi-energy coupling are increasingly
connected to distribution grids, which create a close connection between integrated energy systems
and distribution grids around the supply, conversion and demand of energy. Reference [15-17]
explains the role of integrated energy systems and carbon capture technologies in reducing grid
carbon emissions and improving the operational stability of distribution grids. Reference [18]
proposed the introduction of carbon trading mechanism in distribution grids containing integrated
energy sources, and guided the distribution grids to reduce carbon emissions through stepped carbon
pricing. Reference [19] introduced the power-to-gas (P2G) device into the integrated energy system,
and fixedly participated the CO2 emitted from the gas unit into the methane synthesis reaction
through carbon capture to improve the system economy. Reference [20] points out that the nature of
active distribution network planning belongs to the category of distribution network optimal power
flow, and optimal power flow is currently the main research focused on the direction of AC optimal
power flow [21]. AC optimal current belongs to nonlinear planning because of the nonlinear
characteristics in its constraints. The earliest validation of its effectiveness in distribution network
optimal power flow is mainly evolutionary algorithms, such as genetic algorithm, particle swarm
algorithm [22] and so on. However, evolutionary algorithms also have obvious defects such as the
inability to guarantee global optimization when solving nonlinear models. To address this need,
literature [23] systematically establishes a branch flow model to solve the optimal flow model
framework. Meanwhile, reference [24,25] also gives relaxation accuracy proofs. The second-order
cone programming is mainly used to obtain the global optimal solution as well as a good solution
speed by transforming the original model into a convex programming form.

The current distribution network risk planning research also exists on the strong correlation of
random variables less consideration and distribution network improvement planning program
randomness is too high. Therefore, to address the above problems, this paper adopts the Gram-
Charlier series expansion to obtain the exceeding probability density function and probability
distribution function of the distribution network node voltage and line power, establishes a two-layer
planning model, and solves the optimal planning scheme of the distribution network through the
second-order cone relaxation combined with the gurobi solver under the premise of ensuring that
the risk probability of the distribution network is controllable.

In Figure 1, this paper uses historical data to carry out the status quo twinning, to ensure that its
behavior and development law and physical twin with virtual and real accurate mapping
relationship, based on the second-order cone planning method to adjust the existing distribution
network frame structure and test its characteristic index, using the main characteristics of the data
structure to build up the distribution network risk characteristics evaluation system, in the virtual
space to make support for the physical entity life cycle of the risk of each prediction.
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Figure 1. Risk planning model for distribution networks based on the Internet of things for
electricity.

2. Model Principle Analysis

2.1. Semi-invariant Based Risk Prediction Model for Distribution Networks

Semi-invariance is an important numerical characteristic of a random variable, obtained by
applying certain mathematical transformations to the characteristic function of the distribution
function F(x). The expression for the characteristic function is:

P(t)=E(e™) =™ f(x)dx (1)

Taking the natural logarithm of the above equation and expanding it according to the
McLaughlin series formula, we have the following equation:

Ing(t) = Z:%(it)’ +o(F) 2)

where the coefficient y- is an r-order semi-invariant, s denotes the number of terms in the expanded
expression, and o(t*) denotes the remaining terms.

For normally distributed load power, the first order semi-invariant is the mathematical
expectation, the second order semi-invariant is equal to the variance, and the third and higher order
semi-invariant has a value of zero.

7 =u
7, =0’ 3)
Ys=Vy==0

For a discretely distributed load power, first find its center moments of each order according to
the following equation.

Gram-Charlier Grade Expanded according to the orthogonal properties of Hermite polynomials,
hence the name orthogonal expansion. According to the Gram-Charlier series expansion, the
cumulative distribution function of a random variable can be expressed as:

Fo) = 6+ 000U H () + 2, )+ L) .

' : ' 4
Jo+10f H(x,)]

6!

where xs is the specified random quantity, ¢@(xs) and ¢ (xs) are the probability density function and
the cumulative distribution function of a standard normally distributed random variable,

respectively, fr is the r-order specified semi-invariant, and hi(xs) is the i-order Hermite polynomial.
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When polar coordinates are used to represent the nodal voltages, the current equation of the
power system can be expressed as:

P.=V, Z Vi (Gpp €086, + B,y sinb,;)
T=1

. ©)
O =V Z Vi(Gpp sin6py — By cos by;)
=1

where Pr, Qr are the active and reactive power of node F, Vi, Vr are the voltage amplitude between
the two nodes, Orr is the phase difference between the two nodes, and Grr, Brr are the real and
imaginary parts of the node admittance matrix Yrr, respectively.

Each order semi-invariant of the node injected power AS’ can be expressed as the algebraic sum
of each order semi-invariant of the point load injected power AS,,, and each order semi-invariant of
the distributed power injected power AS,,.

AS" =AS]

wind

@ As;vad (6)

Based on the linearized power flow equations and using the properties of semi-invariants
instead of convolution calculations, r-order semi-invariants AX" and AZ" can be found for the node
voltages and branch currents of the variables to be solved.

2.2. Second-order Cone-based Active Distribution Network Planning Model with Integrated Energy Sources

Under the background of "carbon peak and neutrality targets" and the development of
distributed smart grid, the supply side and demand side of the distribution network have changed
greatly. In addition to the original basic elements, distributed devices and electric vehicles are
gradually applied to the distribution network, which makes the optimization method of the
distribution network need to be further studied. Distribution network improvement planning is a
kind of distribution network optimization measures, through the line optimization and upgrading,
to optimize the distribution network operation indexes, such as stability, economy and so on, under
the premise of ensuring the stability of the distribution network grid topology.

2.2.1. Queuing Model for Fast Charging Stations

If each fast charging station is simplified as a queuing system, and the driving routes of EVs are
simulated by Monte Carlo method, when the battery SOC of EVs, buses and cabs that are in the
driving state is lower than the user's threshold, the user will select the optimal charging station for
fast replenishment based on the charging station decision-making model. In addition, the electric
private cars and cabs are connected to the charging piles in their residential areas for slow
replenishment immediately after finishing their respective trips. Assuming that electric vehicles
generate charging demand as soon as they drive into the planning area, the sum of the time spent in
searching for and arriving at the fast charging station and the queuing time is the waiting cost. The
simplification for the actual situation is as follows: establish the road section impedance model
according to the road saturation, establish the traffic node impedance model according to the signal
cycle, green letter ratio, and road section vehicle arrival rate, and then simulate the dynamic traffic
network. The distribution network improvement planning can reduce the problem of increasing
network loss caused by large-scale EV and wind power access.

The roadway impedance is modeled as:

%@+4ny 0<H<1.0

Lo, (t) =
%@+42—ny 10<H<2

?)

Where: g and b are roadway impedance impact factors, to is the zero-flow travel time, and H is the
roadway saturation.
The transportation node impedance model is:
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Where: g is the vehicle arrival rate, « is the green signal ratio, c is the traffic signal cycle, Eq. (7) and
Eg. (8) can be merged to obtain the actual impedance model of the road.
Electric vehicles arrive at a frequency of:

/\]. = Zw,yﬁ /tc )

Where: A; is the arrival rate of users to fast charging station at point j, t is the segment duration, and
wi is the charging demand at point i.
The probability that a charging post in a fast charging station is empty is:

A= Zwi%j/tr (10)

Where: m;j is the number of fast charging piles in the fast charging station at point j, pj is the service
intensity of the fast charging station at point j, and Pj is the probability that the charging pile in the
fast charging station at point j is idle.

User queue time expectation is:

m;+1
W = PioP;
ja P
mm,(1-—L) A,
[ m.
j

(11)

Where: Wi is the user queuing time expectation of fast charging station at point j. According to the
charging pile idle probability and user queuing time expectation in the fast charging station, the
electric vehicle charging scenario model can be obtained.

2.2.2. Integrated Energy Station Planning Model with Carbon Capture Consideration

In this paper, the carbon capture device, P2G, hydrogen fuel cell and gas unit are aggregated
into a carbon capture-power-to-gas-hydrogen fuel cell(HFC)-gas unit system, in which fixing and
feeding CO2 from gas boilers(GB) into methane synthesizer(MR). The part of hydrogen generated by
electrolyzer(EL) is utilized to generate natural gas together with CO2 fixed in the carbon capture
device to be supplied to the gas unit, and the difference between the amount of natural gas generated
and the natural gas demand of the gas unit is involved in the natural gas market, while another part
of hydrogen is involved in the reaction of fuel cell to supply power in synergy. The difference
between the amount of natural gas generated and the natural gas demand of the gas unit participates
in the natural gas market, while another portion of hydrogen participates in the reaction of the fuel
cell to synergize the power supply. The system improves the system economy and balances the
energy flow through electrical energy storage(EES), gas energy storage(G-EES), heat energy
storage(H-EES) and hydrogen energy storage(H2-EES) devices with photovoltaic(PV) and wind
turbine generators(WTG). Its specific way of interconversion of each energy is shown in Figure 2.
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Figure 2. Energy flow modeling for integrated energy systems.

The cogeneration unit works modeled as:

PgHP(t) = R(E:HPPCgHP(t)

PchHP (t)= RZHPPgHP (t)

g, min g g, max
PCHP <PCHP (t)<PCHP

APS™NCPE (£ +1)— PS, (£)<APS™™

CHP X7 CHP CHP

(12)

Where: P(t), PChH,,(t) are the electrical and thermal energy output from the CHP unit in time period
t, R, Réyp are the energy conversion rate of electrical and thermal energy from the CHP unit, P¢,(t)
is the natural gas power input to the CHP unit in time period t, AP guscip, AP gmincip are the upper and
lower limits of the CHP unit climbing. The P2G unit operating model is:
PEIZ = RELP£L ()
P]EIR )= RMRPAZe )
PSPy (O<P™
Pﬁ%,mingpg (t)gpg,max
AP SPE (14+1) = Py, (D<APG™

AP ming pI (4 1) — PS (1)< AP ™

(13)

Where: P, (f) is the electrical energy input to the electrolyzer in time period t, P:(t) is the hydrogen
energy input to the methane synthesis unit in time period t, P,i(f) is the natural gas power output
from the methane synthesis unit in time period ¢, Py (t) is the hydrogen energy output from the
electrolyzer in time period f, Ry, Ry are the energy conversion ratio between the electrolyzer and
the methane synthesis unit, P cuusg;, P emingr are the upper and lower limits of the electrical energy input
to the electrolyzer, AP e, AP enin nare the upper and lower limits of the electrolyzer climb, Py , Py
i are the upper and lower limits of the hydrogen energy input to the methane synthesis unit, AP,
v, APy are the upper and lower limits of the methane synthesis unit climb.
Hydrogen fuel cells are modeled to work as:

Ppe(t) = R:IFCPIZ’ZC (1)
PHhFC (1= RZFCP:;C (1)
P <P (0<Pype™
AP S P (14 1) = Pl (< AP ™
Where: P,yrc(t) is the hydrogen energy inputted into the hydrogen fuel cell in time period ¢, Pyc(t), P

1re(t) are the electric and thermal energy outputted from the hydrogen fuel cell in time period ¢, Ry,
Ry are the conversion rates of the two types of energies of electricity and heat for the hydrogen fuel
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cell, Py P are the upper and lower limits of the hydrogen energy inputted into the hydrogen
fuel cell, AP,fiic, APyre are the upper and lower limits of the climb of the hydrogen fuel cell.
The gas boiler working model is:

PGhB (= R(h}BPGgB (1)
B <P (O<Pg™ (15)
APE™™<PE, (1 +1) — S, ()<SAPS™

Where: Pg(t) is the natural gas power input to the gas boiler in time period t, P(t) is the thermal
energy output from the gas boiler in time period f, Rg; is the thermal energy conversion rate of the
gas boiler, P gmugs, P gmings are the upper and lower limits of the natural gas power input to the gas
boiler, and AP guusgs, AP gmings are the upper and lower limits of the creep of the gas boiler.

The working model of the energy storage device is:

0P ()< Bys Prs™ (¢)

0< P (N<Bis Ps™ (1)
Pys (1) = Pis (ORgs = Fis(t) / Ry (16)

B + Big =1
S, ()=S,t—-1)+P(t)

Where: P.(t) is the charging power of electric, heat, gas and hydrogen energy storage devices in time
period t, P/(#) is the output power of the four types of energy storage devices in time period f, By
and B;; are the state parameters of the energy storage devices, Prs(#) is the final output power of the
four types of energy storage devices in time period f, and Sx(t) is the capacity of the four types of
energy storage devices in time period ¢.

3. Model Constraints

In order to consider economy and security, the distribution network exceeding risk is the main
objective and economy is the sub-objective. The objective function expression is:

Min(¢0 z Wav - U|+(01 z (P - mec ))
Maxmin(, > IR+ ¢, " C,yS,s + 9,2 Crs Spse + 95 2. CiS,y + ... 17)
+¢6 z vaSpv + (07 CIES + Cbuy + Cccs)

where: @o is the distribution network voltage exceeding coefficient, @1 is the distribution network
power exceeding coefficient, ¢z is the distribution network loss coefficient, s is the annualized
coefficient of investment in wind power, @i is the annualized coefficient of investment in charging
stations, @s is the annualized coefficient of investment in new lines, @s is the annualized coefficient of
investment in photovoltaic, @7 is the annualized coefficient of investment in integrated energy
stations, Uw is the reference voltage, and Puax is the maximum risky capacity of the lines. Cwi, Cpo, Ces
, Cxj, Cies are the construction costs of wind power, photovoltaic, charging piles, lines and integrated
energy stations per unit, Couy, Cecs are the costs of purchasing electricity from the distribution grid and
carbon capture. Suwi, Spo, Sks, Sxj are the number of wind power, photovoltaic, charging piles and lines
per unit.
The optimal power flow constraints for the branch circuit power flow model are:

UFZ',t - U?,z - 2RFTPFT,t - 2XFTQFT,t + ZI;T,I (R;T + X;T) =0
Vte ANFT € B

doi:10.20944/preprints202401.1420.v1
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P +Q;
”'fu —— =1}, Vte AVFT B (19)
Ft
Z Tkt Z ( FT,t IIZTTf FT)+gTU2,f +Pg,f +Pwd,f +va,t _PES,f
ked(T Fen(T)
VT eC
i (20)
T Z Qnes = Z (QFTf Lirs FT)+b U +ng+det va,t_QES,t
ked(T) Fen(T)
VT eC
umin <= ui,t <= umax
Im' <:I' <:I max
VieC,VjeB
Pow<=P, <P TE @D
ngin _Qg,t <= ngax
S imin <=5 <=8
j,wdmin jowd j,wd max V] c C (22)
j,cd min <= j.cd <= j,cdmax

Where: Urt, Uzt are the node voltage of the line inflow node and outflow node at the moment ¢, Rer,
Xrr are the impedance of the line between the two nodes, Prr, Qrr: are the active and reactive power
on the line at the moment ¢, Irr: is the current on the line at the moment ¢, Umin, Umax are the lower and
upper limit of the node voltage, Imin, Imx are the upper and lower limit of the line current, Pgmin, Pgmax
are the upper and lower limit of the active power output from the transformer in the distribution
network, Qgmin , Qgmex are the upper and lower limit of the output from the transformer in the
distribution network. Sjwimin, Sjwimax are the upper and lower limits on the number of node turbine
accesses, Sjcimin, Sj«imax are the upper and lower limits on the number of node accesses to charging
piles, 6(T) is the ensemble of line outflow nodes with node T as the inflow end and 7n(T) is the
ensemble of line inflow nodes with node T as the outflow end, and A is the collection of time series;
B is the collection of line inflow and outflow nodes in the distribution grid, and B is the collection of
line inflow and outflow nodes in the distribution grid, and C is the set of all nodes in the distribution
network.
The electrical power balance constraints in the integrated energy station are:

Py, () =P () + P (8) + P, (8) = P (1) = Poy, (£) = Plyyp (1) = Pl (1)
0<;, (D<PLr

buy

(23)

Where: P,,,(t) is the electrical energy purchased from the grid by the integrated energy station in time
period t, P;..(f) is the load of the node where the integrated energy station is located in time period ¢,
Poc(t), Prv(t) are the wind turbine output and photovoltaic output in the integrated energy station in
time period t, P e, (t) is the limit of the electrical energy purchased from the grid by the integrated
energy station in time period f, and P, rs.(t) is the amount of electricity charged to the energy storage
device in the integrated energy station in time period .

The hydrogen energy balance and heat energy balance constraints in the integrated energy
station are:

P () = P () + Pl (D) + PLL (1)

, (24)
Plec ()4 Pl (8)+ Py (5) = Pl () + P, ()

Where: Pﬁad(t) is the heat load of the node where the integrated energy station is located in time period
t, Pi(t) is the heat energy provided by the gas boiler in the integrated energy station in time period ,
P, esi(t) is the heat energy charged to the thermal storage device in the integrated energy station in
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time period t, P " :(t) is the hydrogen energy charged to the hydrogen storage device in the
integrated energy station in time period ¢.
The natural gas balance constraints in the integrated energy station are:

Pbiy(t) =P8 (t)+P5(H)+ PEgS,g(t) + P8, (5) =P () ’s
Ogaiv(t)gﬂil;ax ( )

Where: P 4,,(?) is the natural gas purchased at the integrated energy station in time period ¢, P ¢..?)
is the natural gas load at the node where the integrated energy station is located in time period ¢, P
amany(£) 15 the limit of the natural gas purchased at the integrated energy station in time period t, and
P, is«(t) is the gas energy charged to the natural gas energy storage device in the integrated energy
station in time period .

The stepped carbon trading mechanism model mainly contains carbon emission right quota
model, actual carbon emission model and stepped carbon emission trading model. For the quota
certification of carbon emission right, this paper obtains the carbon emission quota by weighting the
power purchased from the superior grid and the energy output from the gas boiler and cogeneration
unit. When calculating the actual carbon emission model, the absorption of CO2 by carbon capture
devices needs to be taken into account, and the difference between the two is used to obtain the actual
carbon trading quota.

The polarized AC power flow constraint introduces nonlinearity and nonconvexity in the
distribution network planning model, which makes the solution more difficult. The introduction of
intermediate variables transforms the power flow equation into a second-order conic form, which
becomes a nonlinear convex planning problem, and the global optimal solution can be obtained
according to the theory of convex planning, so that Eq. (17) can be transformed into:

2PFT,f
2QFT’t <= 1123T,t +U;t, VFT € B (26)
Iir,r _u;,f )
U2 <=U;, <=U> ,
min =7 " Wie AVjeC 27)
. o<=Il<=I_

4. Case Study

4.1. Distribution Network exceeding Testing Based on Semi-invariant Approach

The aggregated multiple load data collected and summarized through the power IoT is input
into the probabilistic power flow method based on the semi-invariant method for the calculation of
the probability of risk in the state distribution network, and the aggregated source-load data of the
integrated energy system is shown in Figure 3:
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Figure 3. Integrated energy system source and load data.

The IEEE 33-node distribution network model is used for validation. The distribution network
has 33 nodes and 32 branches with a total load of 5.57 MW. The nodes that are connected to the wind
turbines are: 12 and 19. The capacity of both nodes wind turbines in this system is 300 kW.

The steps for solving the risk prediction model are as follows: Multiple types of load data are
imported into the arithmetic example, and semi-invariants of each order are found based on the
probability distribution of the injected power at each node. The probability distribution of state
variables and branch currents are obtained through the level expansion equation. Using the original
node data of the distribution network and related constraints, the improved planning model of AC
power distribution network based on mixed integer second-order conic planning is established, and
the distribution network risk value is compared with that of the distribution network before the
improved planning to determine the distribution network planning scheme.

The list of distribution network risk probabilities is shown in Table 1, and the probability of
power exceeding risk for each line is shown in Table 2.

Table 1. Probability of distribution network voltage exceeding risk.

Node Exceeding lower Node Exceeding lower Node Exceeding lower
number  limit probability = number limit probability = number limit probability
1 -- 12 0 23 0
2 0 13 0.24% 24 0
3 0 14 1.33% 25 0
4 0 15 3.46% 26 0
5 0 16 7.51% 27 0
6 0 17 17.76% 28 0
7 0 18 20.36% 29 0
8 0 19 0 30 0
9 0 20 0 31 0
10 0 21 0 32 0
11 0 22 0 33 0

Table 2. Probability of power exceeding risk in the distribution network.

Line : -1 Line . o1 Line . .
numbel‘Exceedmg probability numberExceedmg probability numberExceedmg probability
! 0 12 0 23 0.37%
2 0 13 0 24 0

3 0 14 0 25 0
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4 0 15 0 26 0

5 0 16 0 27 0

6 1.96% 17 0 28 0

7 0 18 0 29 0

8 0 19 0 30 0

9 0 20 0 31 0
10 0 21 0 32 0
11 0 22 1.72%

From the Gram-Charlier series expansion to find the distribution network node voltage
exceeding and line power exceeding probability density function and probability distribution
function, after calculating the example of node voltage exceeding probability as shown in Table 1. In
the distribution network, nodes 13-18 have varying degrees of probability of voltage exceeding the
lower limit. Nodes 14-16 have a probability of voltage exceeding the limit of more than 1%, indicating
a high risk level. Nodes 17 and 18 have a probability of voltage exceeding the limit of more than 10%,
indicating a serious risk level. In the calculation example, the probability of power exceeding the limit
of the line is shown in Table 2. Lines 6, 22, and 23 all have the possibility of power exceeding the limit.
Among them, the probability of power exceeding the limit of lines 6 and 22 exceeds 1%, indicating a
higher risk level.

After the calculation of the method described in Chapter 1, the results of the voltage test at the
14th node of the distribution network are shown in Figure 4.

601

| ' | ===+ Semi-invariant
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Probability density
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Figure 4. Node 14 voltage probability distribution.
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4.2. Validation of a Two-tier Planning Model Based on Second-order Cones for Integrated Energy-containing
Distribution Networks

The historical load data is imported into the improved IEEE-33 node, whose topology is shown
in Figure 5, and the distribution network has 39 nodes and 56 branch roads and the transportation
network has 22 traffic lines. The last six green nodes are new nodes and the last 24 routes are planned
to be constructed, with a total load of 6.47 MW. The nodes that are planned to be connected to PV
generators are 12, 19, 23, 35, 36, 37, 38, and 39.The capacity of a single wind generator in the system
is 50 kW, and its maximum allowable penetration rate is 40%. In this case, the charging demand exists
for 4,200 EVs during the service hours, and each EV charging post can provide 48 kW of charging
power. The transportation network mainly considers four vehicle source points, A to D. It is planned
to select three of the seven EV fast charging station site locations to connect to the new nodes 37-39.

Figure 5. Topology of improved IEEE-33 distribution and transportation networks.

In order to validate the impact of carbon capture and integrated energy systems on the security
and economy of distribution network planning, four schemes are designed for validation in this
paper:

Scheme 1: Only wind turbines are considered in the integrated energy system;

Scheme2: Only PV units are considered in the integrated energy system;

Scheme 3: Only wind and PV are considered in the integrated energy system, without carbon

capture;

Scheme 4: Integrated energy system considering both wind and PV and carbon capture.
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Table 3. Distribution Network Improvement Planning Program.
Voltage exceeding Power exceeding Investment cost ($§ Carbon fixation
Scheme o - 11
probability probability million) (kg)
1 12.21% 0.35% 3002.03 0
2 24.13% 1.51% 3086.40 0
3 8.42% 0.11% 2923.80 0
4 0.05% 0 2977.31 461.5

From the results of the above four planning schemes, the improvement of the distribution
network needs to access both PV and wind turbines, otherwise there is a great risk of crossing the
lower limit of the distribution network node voltage, and at the same time there is a certain risk of
crossing the upper limit of the line, and the consideration of the carbon capture technology in the
improvement of the network can improve the overall energy utilization efficiency of the system,
which not only fixes a part of carbon dioxide emitted by the gas turbine, but also through the
conversion and energy storage to reduce the impact of integrated energy nodes on the entire network,
although carbon capture devices increase the planning economic costs, but combined with the
security and environmental protection point of view of the comprehensive consideration, we can
choose scheme 4 as the goal of the planning program.

The calculated electric power balance of the integrated energy system in the distribution
network is shown in Figure 6:

N E-Buy EEPV [CIE-EES EEHFC
N EL W CHP EEWTG —=—E-Load
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400 -

Power (kW)

200 |

or =0
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Time C(hour)

-200

Figure 6. Electrical power balance for integrated energy systems.

After the improved planning, the resulting 39-node distribution network topology is shown in
Figure 7, where the new lines are the red lines in the figure and the integrated energy station access
node is the 24th node.
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Figure 7. Distribution and transportation network topology after improved planning.

The tested node voltage exceeding probability in the example is shown in Figure 8, and the
existence of voltage exceeding probability at each node in the distribution network is negligible. The
probability of line power exceeding in the example is shown in Table 5, and there is no risk of power
exceeding in each line in the distribution network. The planning scheme of wind turbines in the
example is shown in Table 4, in which the planned capacities of nodes 19, 23, 35, and 37 are 0.50, 0.50,
0.35, and 0.50 MW. The planning scheme of EV fast charging stations in the example is shown in
Table 6, which is combined with the charging demand and the queuing algorithm, and the
corresponding EV fast charging station site numbers of nodes 37-39 are 1, 4, and 6 respectively, and
the 50 EV fast charging station site numbers planned at nodes 37, 38, and 39 are 1, 4, and 6
respectively. The number of 50kW charging piles planned are 14, 16, and 15 respectively.
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Figure 8. The per-unit value of voltage at each node of the distribution network in each scenario.

Table 4. Distribution network wind turbine planning program.

Installation node Installed capacity Installation node Installed capacity
position (MW) position (MW)
12 0 36 0
19 0.5 37 0.5
23 0.5 38 0
35 0.35 39 0

Table 5. The probability of power exceeding risk in the distribution network after improved
planning.

Line Exceeding Line Line Exceeding

exceeding probabilityn

numberprobabilitynumber umberprobability

1 0 14 0 27 0
2 0 15 0 28 0
3 0 16 0 29 0
4 0 17 0 30 0
5 0 18 0 31 0
6 0 19 0 32 0
7 0 20 0 33 0
8 0 21 0 34 0
9 0 22 0 35 0
10 0 23 0 36 0
11 0 24 0 37 0
12 0 25 0 38 0
13 0 26 0

Table 6. Electric vehicle fast charging station planning scheme for distribution grids.

Access node locationNumber of charging piles

1 14
4 16
6 15

5. Conclusions

This paper utilizes power Internet of Things multi-source data, by comprehensively considering
the influencing factors leading to distribution network voltage exceeding and power exceeding
combined with mixed access of multiple loads, rising penetration rate of electric vehicles, massive
access of distributed equipment such as wind power generation, as well as integrated energy stations
and laddering carbon trading mechanism, By analyzing the mechanistic pattern of distribution
network fault problem generation, and simulating the actual situation through scenario modeling to
provide data for the risk planning afterward. Support.

The distribution network risk test is carried out for the distribution network frame structure and
multi-source load data, based on the expectation value and sensitivity matrix of the node voltage and
branch currents, the loads and the conventional generators, wind turbine outputs, and the semi-
invariants of each order of the injected power at each node are calculated, and the probability density
function and the probability distribution function are obtained through the level expansion, and the
probabilistic distribution network risk model is constructed, which provides a test and calibration
methodology for the subsequent planning of the risk improvement of the distribution network.
Provide test calibration methods for the subsequent planning of distribution network risk
improvement. After considering economic and social factors such as distribution network source and
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load allocation, integrated energy system access, electric vehicles, and load types, and taking the
distribution network voltage and power exceeding probability as the first level objective function and
economic benefit as the second level objective function, the original distribution network
improvement planning scheme is calculated by a commercial solver to realize risk localization
prejudgement and quantification, and finally, the planning scheme is brought into the distribution
network risk prejudgement model to test the feasibility of the method. feasibility of the method.
Through the calculation example analysis. The following conclusions are obtained in this paper:

1. The distribution network voltage exceeding and power exceeding test utilizes the probabilistic
power flow method, which can effectively calculate the risk of the node voltage and line power
of the active distribution network containing integrated energy sources, and compared with the
original deterministic test method, the risk probability of the nodes and lines of the distribution
network is visually displayed after the expansion of the Gram-Charlier level, so as to realize the
quantitative analysis of the risk of the distribution network.

2. Distribution networks need to be rearranged for risk planning after coupling with transportation
networks, distributed generation equipment and integrated energy systems. The deep
application of power IoT can tap multi-dimensional data to increase the reliability of planning,
and changing the network structure, rational planning of distributed generation equipment, fast
charging stations and energy storage devices can effectively reduce the probability of risks of
distribution networks.

3. The two-layer planning model can take into account the security and economy of the distribution
network. The integrated energy system improves the efficiency of energy utilization through the
interconversion of multiple energy sources, and the carbon capture combined with the ladder
carbon trading mechanism collects CO2 emitted from gas turbines to participate in the reaction
of methane synthesis, which improves the economy and security of the system.
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