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Abstract

As the core platform supporting diverse user-side loads, the distribution network plays a
critical role in the development of new power systems. To address the significant variations
in terminal users’” power supply reliability requirements, this article proposes a two-stage
distribution network planning method that optimally coordinates economic efficiency and
reliability. First, a multi-type load-specific reliability evaluation index system is established.
Using the K-means clustering algorithm, combined with geographic coordinates and
load attribute feature matrices, a precision power supply zoning scheme is implemented.
Second, considering the diverse demands of different zones, a two-stage distribution
network planning model is developed. Finally, the model is solved using a binary particle
swarm optimization algorithm (BPSO), and simulation verification is conducted using
a case study of an actual distribution network in a certain area of Tianjin. The results
indicate that, compared to traditional single-objective planning schemes, the proposed
method achieves an effective balance between economic efficiency and reliability. While
ensuring the power supply level for critical users, it enhances the flexibility and science
of distribution network planning, thereby providing a decision-making reference for the
grid-based planning and construction of a smart distribution network.

Keywords: distribution network planning; differentiated reliability; K-means clustering;
coordinated optimization

1. Introduction

With the global energy transition and the development of new electricity systems,
distribution networks are rapidly evolving into intelligent, diversified power grids [1-3].
The large-scale integration of renewable energy and energy storage has demonstrated
certain advantages in reducing transmission losses, optimizing voltage distribution, and
deferring infrastructure investments [4,5]; however, the highly uncertain resource integra-
tion has also led to increasingly complex distribution network structures and operational
characteristics [6]. This transformation poses severe challenges to grid operation and in-
creases the difficulty of system control and fault response [7,8]. At the same time, terminal
users’ electricity demands are shifting toward “customized and differentiated” reliability
services. Therefore, within the framework of the new electricity system, how to construct
a distribution network planning model that balances investment efficiency with users’
differentiated needs has become a core issue that urgently requires resolution in this field.
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In the field of distribution network planning, existing research on the economic effi-
ciency of such planning has primarily focused on reducing overall costs through optimized
resource allocation and spatial partitioning. For example, Reference [9] utilized digital
twin technology to construct an electric heating load model and optimized distribution net-
work planning via an optimal economic model to improve investment efficiency; Ref. [10]
established a two-level planning model aimed at minimizing total operating costs and
coordinating the economic optimization of line and SOP investments; The K-means al-
gorithm is a classic distance-based clustering algorithm that iteratively searches for the
spatial partition with the highest cohesion [11]. Ref. [12] proposed an improved K-means
algorithm based on geographic location and load conditions to achieve upper-level regional
partitioning, thereby providing a spatial basis for hierarchical planning. Ref. [13] employs
the Binary Particle Swarm Optimization (BPSO) algorithm to solve the main problem of
grid restructuring and upgrading, and achieves a coordinated balance between flexible
procurement in the distribution network and traditional grid expansion through the collab-
orative optimization of inner and outer layers. Overall, although partitioning algorithms
and economic models are relatively mature, existing research primarily focuses on resource
allocation and cost optimization at the global level, with insufficient consideration of the
variability in terminal user load characteristics. This results in planning schemes that still
exhibit limitations in resource allocation.

In terms of improving the reliability of distribution network planning, existing re-
search has primarily focused on the impact of topological optimization and multi-energy
complementary methods on ensuring the continuity of power supply in the distribution
network. Ref. [14] explored leveraging the potential value of microgrids to defer grid
investments and using price signals to guide supply/demand balance to meet reliability
constraints; Ref. [15] proposed a risk-constrained method that utilizes the CVaR standard
to quantify reliability risk costs under uncertainty; Ref. [16] employed the MOEA /D algo-
rithm to minimize expected power outage volume, significantly improving the system’s
load-side reliability level. Overall, most existing reliability studies treat reliability as a
global hard constraint or a single optimization objective, with little attention paid to the
differentiated preferences of different user types regarding reliability metrics. This makes it
difficult to precisely align reliability levels with actual user demands and fails to establish a
mechanism for the coordinated optimization of economic efficiency and reliability.

In summary, although existing research on distribution network planning has achieved
certain results in terms of economic cost control, zoning strategies, and reliability modeling,
the following limitations remain. First, there are shortcomings in accurately mapping
the differentiated demands of end users to physical network planning, and second, the
multi-objective optimization relationship between economic efficiency and reliability often
remains at the level of global qualitative equilibrium, making it difficult to meet the refined
and grid-based development needs of new distribution systems. In light of this, this paper
addresses the limitations of existing research by proposing a two-stage distribution network
planning study on coordinating the optimization of economic efficiency and reliability. The
main research work and contributions of this paper are as follows:

(1) Develop a differentiated reliability evaluation system and power supply zoning
method tailored to diverse load characteristics. To address the varying sensitivity to
power outages among different load types, an evaluation matrix is constructed by
integrating metrics such as average service availability index (ASAI), system average
interruption frequency index (SAIFI), and fragmented customer average interruption
duration index (FCAIDI). Based on this, a refined division of power supply areas is
achieved by integrating load characteristics and geographic coordinates through an
improved K-means clustering algorithm.
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(2) A two-stage distribution network planning model is established that balances in-
vestment cost-effectiveness with differentiated reliability requirements. Considering
regional variations in reliability needs, a planning model is developed with the ob-
jective of jointly optimizing investment, operation, and maintenance costs alongside
outage losses. The BPSO algorithm is employed to solve the two-stage model.

(8) The effectiveness and superiority of the proposed model and algorithm were validated
using actual engineering case studies. Simulation analyses were conducted using a
real distribution network in a specific area of Tianjin. Through comparative analysis,
the advantages of the proposed zoning strategy and planning model in enhancing the
power supply reliability for critical users and optimizing overall return on investment
were verified.

2. Materials and Methodology

To meet the diverse reliability requirements of terminal users, this section proposes a
distribution network planning model that accounts for differences in load characteristics,
with the aim of mapping multi-dimensional load characteristics into core constraints for
grid network structure optimization. By introducing an improved K-means clustering
algorithm to cluster multi-dimensional load feature vectors, the model achieves fine-grained
division of supply areas and precise allocation of functional attributes.

2.1. Differentiated Reliability Evaluation Metrics

To accurately characterize the reliability requirements of different types of loads, this
paper constructs a multi-dimensional reliability evaluation index system to specifically
assess the power supply quality in each planning zone.

(1) Time/frequency-sensitive loads: These are evaluated using the Average Service
Availability Index (ASAI). This metric is defined as the ratio of the actual power supply
time to the total demand time within a specified statistical period, reflecting the system’s
ability to provide reliable power supply to users throughout all time periods. A higher
indicator value indicates higher power supply reliability.

¥ U;N;
ASAI=1- =L
8760 Y. N;

i

It

(1)

It

(2) Frequency-sensitive loads: These are measured using the System Average Interrup-
tion Frequency Index (SAIFI). This indicator represents the average number of sustained
interruptions experienced by a customer per unit time, reflecting the system’s ability to
support frequency-sensitive users.

(2)

(3) Time-sensitive loads: These are measured by the Fragmented Customer Average
Interruption Duration Index (FCAIDI), the annual average power outage time of users
during non-electricity periods is the average power outage time experienced by users
per unit time. This indicator is calculated using a simplified engineering approximation
method based on the average load level [17], with a focus on the potential impact of power
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outages during non-electricity periods on users, quantifying the timeliness of fault repair
per unit time.
n
'21 U;N;
1=
FCAIDI = = )
AiN;
=1

1=

(4) Energy-sensitive loads: These are measured using Expected Energy Not Served
(EENS). By calculating the average annual energy deficit caused by random component fail-
ures, this indicator evaluates the system’s energy support capability for load-intensive areas.

EENS =) Ly;U; 4)

2.2. Power Supply Area Delineation Based on Load Clustering
This paper first uses clustering techniques to accurately delineate power supply zones,
thereby laying the foundation for differentiated planning.

(1) Similarity Measures

Based on load type and location, the K-means clustering algorithm is employed to
calculate clustering using Euclidean distance, with the objective function set to minimize
the electrical distance, thereby achieving load clustering through K-means clustering.

2

dij = \/(dﬂ - dj1>2 + (dip —djp) 5)

In the formula, dl-]- represents the distance between two points, d;;, d i1 represents the
x-coordinate of the i-th point and the j-th point, and d;>, d represents the y-coordinate of
the i-th point and the j-th point.

(2) Characterization of Load Attributes

a; = 0,1
A feature matrix [a;,b;,¢;],{ b; =0,1 is introduced to describe load types. Here,
Ci = 0, 1

a; = 1 indicates that the i-th load is a time-based load, b; = 1 indicates that the i-th load
is a frequency-based load, and if both are 1, the load is a time and frequency-based load;
indicates that the i-th load is an energy-intensive load.

Using Min Max Normalization to normalize all features, the formula is:

X = X — Xmin ©)
Xmax — Xmin

Among them, x is the original eigenvalue; xmin and Xmax are the minimum and
maximum values of all samples in this dimension, respectively; x’ is the normalized feature
with a value range of [0,1]. After normalization, perform K-means clustering.

(3) Partitioning and Clustering Process Based on the K-Means Algorithm

(a) Determining the Number of Power Supply Blocks
Based on users’ differentiated reliability requirements, the planning area is divided
into three major load zones, and the K value in the K-means algorithm is set to 3. The
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number of power supply blocks n is calculated by combining the total load of each zone
with feeder load constraints:

N
L b

j=1

n = int
V3Uy x Iy x cos ¢ x B

(7)

where int [ ] denotes the ceiling function; P; represents the load magnitude of the th j load
point within the planning area; N represents the number of load points within the planning
area; Uy represents the rated voltage of the feeder within the power supply block; Iy
represents the rated current of the feeder within the power supply block; cos ¢ represents
the average power factor of the feeder;  represents the maximum allowable load factor
of the feeder under normal operating conditions of the distribution network, the value of
which is related to factors such as the wiring configuration of the distribution network and
the characteristics of the feeder.

(b) Selection of Initial Cluster Centers

Calculate the Euclidean distances d;; between all load points in the planning area;
count the number of other load points contained within the neighborhood of each load
point; set a density threshold M; include load points within a neighborhood where the
number of load points exceeds M in the high-density region set D; select the load point
with the highest density from D as the first initial cluster center c;, and remove it from D;
calculate the distance between all load points in the set D and the first clustering center cy;
select the load point farthest from the first clustering center as the second initial clustering
center cp, and remove it from the set D; select the load point in the set D with the greatest
sum of distances to the previously selected centers as the next initial center, and repeat
this process until K initial clustering centers have been selected; if the number of initial
centers is less than K, reduce the density threshold M and use the above method to reselect
the clustering centers. The initial density threshold M is selected as 8, which is mainly
determined based on the geographical area and total load of the park.

(c) Load Point Clustering and Power Supply Block Verification

Calculate the Euclidean distance between each load point and each initial cluster
center. Taking into account the load balance and geographical factors among the power
supply blocks formed by the clusters, introduce load weighting coefficients and distance
coefficients to adjust the Euclidean distance. Cluster the load points according to the
principle of minimum distance, as shown in the following equation, with each cluster
forming a power supply block.

P;

! ®)

/\' e ————
7 Sy cos ¢ — Py

mindk]- = (5k]-/\]-\/(xk — Xj)z + (yk — y]-)z 9)

In the equation, A; represents the weighting coefficient of the j-th load point; S
represents the maximum allowable load capacity of the feeder lines within the k-th power
supply block; cos ¢ denotes the power factor of the feeder within the k-th power supply
block; P, denotes the total load of the k-th power supply block from the previous clustering;
dij denotes the corrected distance between the k-th cluster center and the j-th load point,
taking into account the load weighting coefficient; J;; denotes the distance coefficient
between the k-th cluster center and the j-th load point. (xi,yx) and (x;,y;) denote the
coordinate positions of the cluster center and the j-th load point within the k-th power
supply block, respectively. To balance both spatial proximity and electrical connection
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strength, Jy; is mathematically calculated using a weighted multi-attribute formulation
as follows:
b = a-d§j+(1—a) - df; (10)

where d;%]. = \/ (xx — xj)2 + (yx — yj)z represents the normalized Euclidean geographic
distance based on spatial coordinates; dj = | Zj| represents normalized electrical distance,
capturing the topology of the power grid; « € [0,1] is the weight coefficient that balances
two dimensions (set to 0.5 in this study).

(d) Total Load Verification for Power Supply Blocks

After load points have been clustered into power supply blocks, verify whether the
total load within the power supply block to which they belong exceeds the maximum
allowable load capacity of the feeder. If the maximum load capacity is not exceeded,
proceed to the next step; otherwise, cluster the load point into an adjacent power supply
block with an active power capacity margin greater than the load value of that load point.

(e) Update Cluster Centers

After load points have been clustered, calculate the geometric center of the load points
within each supply block and use it as the initial cluster center for the next clustering
iteration. Repeat steps (c) through (e) until the change in the division of load points
between two adjacent supply blocks or the change in the load center of a supply block is
less than the required accuracy (this tolerance is set to 10~%).

2.3. Two-Stage Network Planning Model for Distribution Network

Building on the previous section’s implementation of power supply area segmentation
using the improved K-means clustering algorithm, a distribution network optimization
planning model was developed with the objective of minimizing the combined costs of
investment and operation and maintenance, as well as the costs of power losses associated
with differentiated reliability prices. The model was solved using the Binary Particle Swarm
Optimization (BPSO) algorithm, and the reliability metrics of the planning solutions were
quantitatively evaluated and validated using the Monte Carlo simulation method.

2.3.1. Mathematical Model for Network Optimization

Based on the power supply zones of the distribution network, this study considers the
differentiated reliability requirements of loads in different areas and their corresponding
reliability-based electricity prices. For a total of K power supply zones (where k =1, 2,
..., K), a two-stage planning scheme is developed that optimally balances reliability and
economic efficiency, taking into account the differentiated reliability-based electricity prices
associated with each zone.

K
mink, = Z (Cr,k + Clossk + Cb,k) + Cpenalty (11)
k=1
Closs,k = Ci,kTmax,kPZloss,k<i =1,2,3,4 k= L2,..., K) (12)

Crk = crilk (13)

In the formula, k is the index of the power supply zone, where k=1, 2, ..., K, and K is
the total number of power supply zones; C, x, Cjyss k, and Cy i represent the line investment
and operation and maintenance costs, line loss costs, and upper-level power purchase
costs for the kth zone, respectively; represents the differentiated reliability tariff for the kth
zone, corresponding to four load types: time-sensitive loads, frequency-sensitive loads,
time/frequency-sensitive loads, and energy-sensitive loads; Tmaxk, Py ioss ks Cek, and I
represent the maximum the maximum load utilization hours for the kth zone, the total
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active power line loss, the investment and operation cost per unit length, and the line
length. Cpepaity is the reliability penalty function defined as:

K | Apgmax(0, ASALT — ASAIk) + Ag gmax (0, SAIFI, — SAIFL ) +

Cpenul ty — Z

(14)
=i | Aspmax (0, FCAIDI, — PCAIDI,Z”) + A4,kmax(o, EENS; — EENS/*/ )

where ASAI,, SAIFI;, FCAIDI, and EENS; are the actual reliability metrics of the k-
th zone, while ASAL™, SAIFL, FCAIDL, and EENS,"" denote the corresponding
predefined reliability thresholds. The coefficients A1,k~A4,k are penalty factors assigned
according to the importance of each load type in zone k. The max operator ensures that
penalties are only imposed when reliability requirements are not satisfied.

2.3.2. Constraints
(1) Differentiated Constraints:

For different zones, metrics such as ASAI, SAIFI, FCAIDI, and EENS are treated as hard
constraints, while network reliability constraints are incorporated into the optimization
objective as a penalty function using a penalty factor to ensure that each zone meets its
corresponding reliability threshold.

(2) Common Constraints:

(a) Connectivity Constraints

To ensure that every load in the network is supplied with power, each load must
remain connected to a power source.

(b) Single-Connection Constraints

n=m+1 (15)

Among these, n represents the number of nodes and m represents the number of
branches. It should be noted here that Equation (15) represents the strict radial topological
constraint traditionally used for radial networks, such as Scheme 2. Scheme 3 adopts a
“closed-loop design, open-loop operation” strategy. In this operating mode, although the
feeder loops in Scheme 3 are physically constructed as closed loops to establish multi-source
transmission paths and improve reliability, the inter-feeder tie switches remain normally
open under steady-state operating conditions. Therefore, during normal operation, the
active network topology seamlessly maintains a radial tree structure, ensuring that the
connectivity criteria in Equation (15) remain strictly valid throughout the optimization and
power flow calculation processes.

(c) Power flow constraints

P

Ui ). U (G,‘j cos 51']' + Bjjsin (51']')

i
Qi=U;

(16)

™= 1=

U] (GU sin 51']‘ - Bi]‘ COs (51])

j=1

In Equation (16), P; and Q; represent the active power and reactive power injected
at node i, respectively; U; and U; represent the voltage magnitudes at nodes i and j,
respectively; G;; and Bj; represent the conductance and admittance of branch ij, respectively;
and 6;; represents the phase angle difference between nodes 7, j.

2.3.3. Model Solving Process

The solution process for the two-stage network planning model proposed in this paper
is shown in Figure 1. It consists of two core stages: load zoning and network planning.
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Figure 1. Flowchart of the Two-Step Planning Model Solution Process.

First Phase: Load Partitioning Based on the Improved K-Means Algorithm

Given the diverse load types and uneven spatial distribution within the planning area,
the improved K-means clustering algorithm is employed to partition the power supply zones.

Step 1: Input the geographic coordinates of each load node within the planning area
and the corresponding load attribute feature matrix.

Step 2: Apply the improved K-means clustering algorithm, using Euclidean distance
as a measure of electrical affinity, to calculate the distance between each load point and the
cluster centers, and determine which class each element should be assigned to based on the
nearest cluster center.

Step 3: Iterate through all elements to cluster the loads. Determine whether the loads
within each clustered area are of the same load type. If so, the clustering process ends, and
the results are output; otherwise, proceed to Step 2.

Second Phase: BPSO-Based Network Optimization

Based on the load zoning results, we employed the Binary Particle Swarm Optimiza-
tion (BPSO) algorithm to perform distribution network planning. The algorithm was
deemed to have converged and the optimization process was terminated when the algo-
rithm reached the preset maximum number of iterations or when the global optimal fitness
value remained unchanged for 15 consecutive generations. We incorporated Monte Carlo
reliability simulations into the particle fitness calculation process, ensuring that reliability
constraints were fully integrated into the optimization process.

Step 1: Initialize the velocity and position of the particle swarm, set the population
size to 30, the maximum number of iterations to 50, and use a linear decreasing strategy for
inertia weights with a range of 0.9~0.4, including individual and group optimal values.
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Step 2: Update particle positions and perform mutation. Particles update their posi-
tions according to the velocity formula and undergo random bit-flipping mutation with a
certain probability. After updating and mutation, perform a topological feasibility check.
Retain only feasible solutions that satisfy the topological constraints.

Step 3: For feasible particle solutions that pass the topological check, perform a Monte
Carlo simulation to calculate the differentiated reliability metrics for each partition, verify
whether they satisfy the differentiated hard constraints, and calculate the current fitness
value of the particle by integrating economic costs.

Step 4: Update the individual optimal solutions and the global optimal solution of the
particle swarm based on the fitness values, and increment the iteration count by 1.

Step 5: Determine whether the algorithm’s convergence criteria are met or the maxi-
mum number of iterations has been reached. If not met, return to Step 2 to continue the
optimization iteration; if met, output the current global optimal truss scheme.

3. Simulation Analysis

In this section, we use a distribution network case from Tianjin, China to demonstrate
the competitiveness of the proposed method. The content of this section is arranged as
follows: Section 3.1 introduces the dataset and experimental setup; Section 3.2.1 presents the
results of data preprocessing; Section 3.2.2 compares the proposed method with multiple
distribution network planning models to verify its superiority.

3.1. Case Study Setup

This paper uses an actual distribution network in a certain area of Tianjin as a simulation
case study. The area served by this network covers approximately 2.5 square kilometers and
includes several high-tech enterprises such as Samsung SDI, Taiyi Home Furnishings, Gurui
Technology, and Zaifa Technology. The industrial sectors span multiple fields, including elec-
tronic information and high-end equipment manufacturing, resulting in a complex electricity
load structure and significant variations in reliability requirements. The maximum load in
this area is 21.2 MW, with the investment and operational costs per unit length amounting to
900,000 CNY /km. The failure rates for distribution lines, transformers, and circuit breakers
are set at 0.012, 0.01, and 0.006, respectively, with corresponding restoration times of 5, 200,
and 4 min. Loads are classified into four categories: time-sensitive loads, frequency-sensitive
loads, time/frequency-sensitive loads, and energy-sensitive loads, with corresponding differ-
entiated reliability tariffs of 0.04, 0.05, 0.08, and 0.1 CNY/kWHh, respectively. The load location
coordinates, power levels, and load types are detailed in Table 1 and Figure 2.

Table 1. Load Parameters.

Load Position Coordinates Power/MW Load Type
1 (51.2,1512) 1.7 +j*1.0536 (0,1,0)
2 (54.9286,980.3762) 2125 +j*1.317 (0,1,0)
3 (363.4,1051.9) 0.85 +j*0.5268 (0,1,0)
4 (53.1551,822.3116) 1.1433 +j * 0.7085 (0,1,0)
5 (462.3830,847.0412) 1.275 +j* 0.7902 (0,1,0)
6 (305.4911,687.2142) 0.2678 +j * 0.1659 (0,1,0)
7 (401.5656,683.5891) 0.51 +j*0.3161 (0,1,0)
8 (777 .4,1516.5) 1.6065 +j * 0.9956 (1,1,0)
9 (1003.6,1628.1) 0.765 +j * 0.474 (1,1,0)
10 (1273.6,1634.8) 0.1275 +j * 0.079 0,0,1)
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Table 1. Cont.

Load Position Coordinates Power/MW Load Type
11 (1217.7,1399.6) 0.268 +j * 0.166 (0,0,1)
12 (1012.1,1356.7) 0.5355 +j * 0.332 (1,1,0)
13 (1191.6,1265.9) 0.7225 +j * 0.4478 (1,1,0)
14 (1232.0,1175.9) 1.751 +j *1.085 0,01)
15 (808.3,1308.7) 0.68 +j *0.4214 (1,0,0)
16 (957.9,1312.1) 0.51 +j*0.316 (1,0,0)
17 (807.9,1218.9) 0.51+j*0.316 (1,0,0)
18 (922.6,1261.1) 0.17 +j * 0.1054 (1,0,0)
19 (1009.3,1215.5) 0.255 +j * 0.158 (1,0,0)
20 (686.0,1052.8) 0.68 +j *0.4214 (1,0,0)
21 (974.4,1075.6) 0.5355 +j * 0.3319 (1,0,0)
22 (961.8,1053.7) 0.5355 +j * 0.3319 (1,0,0)
23 (1190.7,976.9) 1.071 +j * 0.664 (0,1,0)
24 (1194.2,834.7) 0.2677 +j * 0.166 (0,1,0)
25 (1214.8,935.6) 1.186 +j * 0.735 (0,1,0)
26 (1212.0,804.5) 0.17 +j * 0.1054 (0,1,0)
27 (1036.9,679) 1.071 +j * 0.663 (0,1,0)
28 (1190.1,644.9) 0.34 +j*0.211 (0,1,0)
29 (1188.3,562.8) 0.34+j*0.211 (0,1,0)
30 (1189.2,458.7) 1.105 +j * 0.685 (0,1,0)
31 (1211.3,609.9) 0.2125 +j * 0.1317 (0,1,0)
32 (1409.3,594.3) 0.2677 +j * 0.166 (0,1,0)
33 (1406.5,445.3) 1.025 +j * 0.624 (0,1,0)
34 (330.8717,479.8409) 0.17 +j *0.1054 (0,1,0)
35 (617.2922,685.4016) 0.85+j%0.6 (0,1,0)
36 (555.6536,468.0727) 2.5925 +j * 1.6067 (0,1,0)
37 (760.4926,442.7116) 0.5455 +j *0.3319 (0,1,0)
38 (761.0032,344.2934) 0.68 +j*0.4214 (0,1,0)
39 (787.4561,598.5424) 0.34 +j *0.2107 (0,1,0)
40 (787.4561,461.6622) 0.68 +j*0.4214 (0,1,0)
41 (761.0032,285.9192) 0.136 +j * 0.084 (0,1,0)
42 (760.8832,194.6127) 0.268 +j * 0.166 (0,1,0)
43 (760.8832,71.9560) 0.268 +j * 0.166 (0,1,0)
44 (831.8171,369.7643) 1.598 +j*0.99 (0,1,0)
45 (957.7493,363.2338) 2.04+j%*1.264 (0,1,0)
46 (1403.7,264) 2932 +j*1.817 (0,1,0)
47 (1400.9,92.5) 0.425 +j * 0.263 (0,1,0)

Note that the time-sensitive loads are (1,0,0), the frequency-sensitive loads are (0,1,0), the time/frequency-sensitive
loads are (1,1,0), and the energy-sensitive loads are (0,0,1). The coordinate values listed above are expressed
in relative coordinates; this coordinate system uses dimensionless grid units and does not represent actual

geographic coordinates.
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Land acquisition scope

Figure 2. Map showing the actual geographic distribution of each load.

To verify the effectiveness and superiority of the two-stage planning method proposed
in this paper, three schemes were compared to demonstrate the validity of this approach.

Scheme 1: Without considering the differentiated characteristics of load types, a unified
single-layer network structure optimization is performed directly for the entire load.

Scheme 2: A two-stage planning strategy is adopted, in which load clustering and
zoning are performed first, followed by network structure planning based on the demand
of each zone, with a tree-like structure used at the feeder end [18].

Scheme 3 (Proposed Method): A two-stage distribution network planning method
is adopted, involving load clustering and partitioning followed by distribution network
planning, with a single-loop network structure at the feeder level. This scheme operates
under a “closed-loop design, open-loop operation” infrastructure model. The single-loop
topology is physically established across regions to form reliable backup paths; however,
during normal operation, all interconnection switches remain open. This ensures the
computational flexibility of radial network planning while maintaining the high reliability
of a looped network.

3.2. Results and Analysis of the Case Study

This case study establishes three sets of schemes to investigate the effects of load zoning
and feeder structure. Scheme 1 serves as the baseline, employing traditional planning
and a tree-shaped feeder network without differentiated load zoning. Scheme 2 retains
the tree-shaped feeder network but introduces the zoning strategy proposed in this paper
to validate the effectiveness of the clustering method. Scheme 3 maintains the zoning
unchanged while modifying the feeder structure to a single-loop configuration to compare
the operational performance of different network topologies. This design separates the
two major variables to avoid confounding of causality. The following sections will first
present the clustering results, followed by a quantitative comparison of the reliability and
economic indicators of the three scenarios to validate the effectiveness of the planning
method proposed in this paper.
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3.2.1. Clustering of Power Supply Areas

This article partitions based on the geographical coordinates of load points according
to the logic of different planning schemes. The partitioning results of Scheme 1 are shown in
Figure 3a, while the partitioning results of Scheme 2 and Scheme 3 are shown in Figure 3b.
The points in Figure 3 represent loads, and different colors indicate that they are classified
into different categories in different distribution network planning schemes.

Load clustering results
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Figure 3. Comparison of partitioning results. (a) The partitioning results of Scheme 1. (b) The
partitioning results of Scheme 2 and Scheme 3.

As shown in Figure 3, when load types are not distinguished, the number of loads
in the blue area of the left figure is 11, which is 3 more than in the right figure. This
indicates that the yellow area in the left figure contains a larger number of loads due to
their proximity. Furthermore, the right figure is better able to distinguish energy-sensitive
loads, suggesting that, under the constraint of load types, the regional division in the right
figure is more reasonable.

3.2.2. Analysis of the Network Planning Results

The actual route plan for Scheme 1 is shown in Figure 4, and the planning results are
presented in Table 2.
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Figure 4. Route planning results for Scheme 1.
Table 2. Planning Results for Scheme 1.
Reliability Indices
Region Planning Results for Scheme 1 Time- Frequency- Time/Frequency- Energy-Based
Based CAIDI BasedSAIFI Based ASAI EENS
Feeder 1 46-48 23.4563 0.1018 0.99973 0.9285
Feeder 2 34-49 20.2938 0.1267 0.99971 1.7918
Feeder 3 7-50 16.6683 0.1583 0.99970 1.4400
Feeder 4 51-8,51-1 9.1690 0.4896 0.99949 14.6126
Feeder 5 52-4, 52-6, 52-5-35-36 9.0381 0.4664 0.99952 14.2678
Feeder 6 53-16-19-17-12-13-9, 15-17 7.4460 0.7729 0.99934 24.0435
Feeder 7 54-37-40-44-38-41-42-43, 44-45-47 8.9767 0.4888 0.99950 27.1000
Feeder 8 10-11-55-23, 55-21-22-24, 22-20-3-2, 18-21 7.3636 0.8143 0.99932 46.6214
Feeder 9 56-39-27-28-29-31-30-33, 28-25-14, 32-28-26 7.4907 0.7592 0.99935 49.6131
A two-stage planning method was adopted, involving load classification followed
by distribution network planning. The actual line planning diagram showing a tree-like
structure at the feeder end is shown in Figure 5. The planning results for Scheme 2 are
shown in Table 3.
Table 3. Planning Results for Scheme 2.
Reliability Indices
Region Planning Results for Scheme 2 Time- Frequency- Time/Frequency- Energy-Based
BasedCAIDI BasedSAIFI Based ASAI EENS
Zone 1 38-34-35-52-37-40, 39-52-36 10.2780 0.3361 0.99961 20.2371
Zone 2 7-6-5-48-2-4, 1-48, 3-5 8.3582 0.5610 0.99946 34.2038
Zone 3 44-45-41-42-43, 41-53-46, 47-53 8.3056 0.5715 0.99946 37.8396
Zone 4 8-49-9, 13-12-49 9.6686 0.4400 0.99950 13.8442
Zone 5 19-21-22, 18-16-21-50-17-15, 50-20 11.8669 0.2889 0.99961 13.4458
Zone 6 23-24-25-26, 24-51-28, 51-31-29-27, 31-30-33-32 10.1829 0.3831 0.99955 27.3480
Zone 7 10-11-54-14 10.6119 0.3416 0.99959 8.3882
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Figure 5. Route Planning Results for Scheme 2.

Based on the results of the zoning analysis, calculations were performed for the
distribution network planning. The actual line layout for Scheme 3 is shown in Figure 6,
and the planning results are presented in Table 4.

A comparison of the three planning schemes shows that Scheme 3has 7,7,7,7, 8,
and 11 load points in each zone, respectively, indicating a relatively even distribution.
Furthermore, the values of various metrics across zones are closer to one another than in
Scheme 1, suggesting that Scheme 3 features a more rational cabling layout. The overall
reliability and economic metrics for the planning area are shown in Table 5.
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Figure 6. Route Planning Results for Scheme 3.
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Table 4. Planning Results for Scheme 3.
Reliability Indices
Region Planning Results for Scheme 2 Time- Frequency- Time/Frequency- Energy-Based
BasedCAIDI BasedSAIFI Based ASAI EENS

Zone 1 34-58-36, 58-35, 39-40-57-37-38 14.8280 0.1979 0.99966 27.4528
Zone 2 7-6-5-3,5-49, 1-48-2-4 10.4382 0.3629 0.99956 17.6143
Zone 3 45-44-41-59-42-43, 46-60-47 12.1863 0.2682 0.99963 24.4084
Zone 4 8-50-9, 13-12-50 9.2757 0.4619 0.99951 13.7506
Zone 5 15-17-52-20, 16-19-53-21-22, 53-18 13.3839 0.2393 0.99963 12.1767
Zone 6 23-54-24, 25-54-26, 27-55-29-31, 55-28, 32-56-33-30 13.8159 0.2351 0.99963 21.8601
Zone 7 10-11-51-14 10.3843 0.3406 0.99960 7.8038

Table 5. Comparison of Key Metrics Across Scenarios.

Reliability Indices Total Investment and
Scheme Time-Based Frequency-Based  Time/Frequency- Energy-Based Operation and Maintenance
CAIDI SAIFI Based ASAI EENS Cost/10* CNY

Scheme 1 13.040 0.6198 0.99943 49.6131 2048.545
Scheme 2 11.730 0.4605 0.99950 8.3882 1529.297
Scheme 3 7.734 0.2683 0.99962 7.8038 2101.364

As shown in Table 5, compared with Scheme 1, which does not distinguish between
load attributes and employs a traditional single-radial network topology, Scheme 3 pro-
posed in this paper achieves significant improvements in differentiated reliability metrics
for all types of users. Specifically, the frequency-sensitive index decreased by 56.71%,
the energy-sensitive index dropped significantly by 84.27%, and the time-sensitive index
was reduced by 40.69%. Based on the differentiated clustering results from the first stage,
Scheme 3 adopts a single-loop network configuration at the grid level characterized by
“closed-loop design and open-loop operation”. Although the system operates in open-loop
mode during normal operation to simplify power flow control, the physically looped
network provides the system with backup transfer paths. In the event of a sudden line
failure, the lower-level model can dynamically transfer the affected load to other power
supply units through the switching combinations of interconnection switches.

In terms of economic efficiency, the total investment and operating costs for Scheme 3
amount to 21.01364 million CNY. Although it has the highest capital expenditure among
the three schemes, this planning model better accommodates customized, differentiated
reliability requirements while also delivering favorable economic benefits. A comparison
of the above indicators demonstrates that the proposed planning model not only meets the
diverse reliability needs of the demand side but also safeguards the economic benefits of
the supply side, thereby possessing high engineering application value.

4. Conclusions

To address issues such as unbalanced power supply demands resulting from dif-
ferences in terminal users’ electricity consumption patterns and the poor adaptability of
traditional distribution network planning due to its homogeneous approach, this paper
proposes a two-stage distribution network planning study on coordinating the optimiza-
tion of economic efficiency and reliability. The effectiveness of the proposed method was
verified through simulation studies, and the main conclusions are as follows.

(1) Precise alignment between user demand and network planning is achieved. By con-
structing a load zoning model based on improved K-means clustering that integrates
geographic location information with load attribute characteristics, the method over-
comes the limitations of traditional uniform zoning schemes. It enables the delineation
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of refined power supply zones with similar electricity consumption characteristics
and concentrated spatial distribution, thereby providing a basis for subsequent distri-
bution network planning.

(2) A coordinated optimization mechanism that balances economic benefits and power
supply reliability was established. Building on mature penalty optimization principles,
the model minimizes investment, operation, and maintenance costs as well as line loss
costs while incorporating outage loss costs that account for differentiated preferences.
Comparative analysis demonstrates that the proposed method effectively optimizes
key reliability indicators of the distribution network while ensuring the system’s total
cost is minimized, thereby achieving a coordinated optimization of economic benefits
and power supply reliability.

(3) The effectiveness of differentiated constraints in improving system power supply
quality has been verified. Simulation results indicate that applying differentiated
reliability constraints across different zones can effectively guide the distribution
network toward a scientifically sound and reasonable spatial layout. Although this
approach may initially result in a slight increase in local line investment, it signifi-
cantly reduces potential economic losses by precisely mitigating the risk of power
outages for high-value users. Consequently, it enhances the overall power supply reli-
ability and comprehensive operational efficiency of the regional distribution network,
demonstrating strong practical applicability for engineering implementation.

In summary, this study focuses on the coordinated optimization of differentiated
reliability and economic benefits in distribution network planning. The cost dimensions in
the proposed model were specifically selected to align with the core research objectives. To
further refine the distribution network planning framework, it is necessary to incorporate
additional key cost factors. For example, factors such as flexibility costs, system conversion
costs, renewable energy integration costs, and long-term lifecycle costs hold significant
research value for establishing a comprehensive distribution network planning system.
Furthermore, it should be noted that the introduction of advanced meta-heuristic algorithms
to solve the planning model can yield more accurate results. Building on this research,
future studies could integrate a multi-dimensional, full-lifecycle cost accounting system to
further enhance the model’s generalizability and engineering applicability.
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