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Abstract

With the gradual improvement of residential electricity reliability, the lower design strength
of the distribution network makes it more prone to large-scale power outages in resisting
natural disasters. Among them, the cold load start-up effect will significantly prolong
the recovery time and affect reliability indicators. Based on this, this article proposes a
reliability evaluation method for urban distribution networks based on a lightning search
algorithm, which is used for optimal recovery planning and reliability calculation of urban
power systems with highly concentrated load under constant temperature control. Firstly,
a delay index model is used to establish a time-sharing power demand calculation model
for cold load start-up events, and an optimal recovery model with the goal of minimizing
recovery time and its corresponding constraints are proposed. Then, the cold load start-up
event is incorporated into the Monte Carlo simulation platform for reliability assessment,
and the lightning search algorithm is used to develop the optimal recovery plan. The
recovery time and sequence are determined based on the duration of the power outage and
the electricity demand at the time of recovery. Finally, the test distribution system was used
to verify that the optimal recovery plan considering cold load start events does not violate
the constraint conditions, and the stability and convergence robustness of the lightning
search algorithm are stronger than the current mainstream algorithms. It can effectively
improve the reliability of the distribution grid when considering cold load start events.

Keywords: reliability assessment; cold load pick-up; optimal recovery planning; delay
index model; lightning search algorithm

1. Introduction
With the continuous pursuit of people’s material needs, air conditioning, floor heating

and other temperature-controlled appliances have become indispensable in people’s lives,
making it increasingly difficult for such temperature-controlled appliances to predict the
load of urban residents [1–3]. Coupled with the complexity and diversity of global climate
change, the frequent extreme weather in recent years has made the power distribution
network more prone to power outages [4–6]. Based on the fault history and maintenance
records of electrical components, the power grid company proposed various reliability
indicators such as the average outage time and unsupplied power to accurately evaluate
the reliability of the distribution system but failed to take cold load pick-up (CLPU) into
account [7–10]. Therefore, it is urgent to find out the reliability indicators that are more
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in line with the actual behavior of distribution networks, which is of great significance to
guide the company’s future infrastructure construction of distribution networks.

The occurrence of the CLPU phenomenon is due to the aggregation effect of constant-
temperature control-type electricity consumption loads. After the power system experi-
ences a long period of power outage, these loads will suddenly have a significant demand
for electricity, and in most scenarios, it is impossible to complete the one-time power grid
restoration operation. It may cause pressure on electrical equipment or violate system
operation and protection limits, thereby delaying power user power supply recovery and
shortening the service life of electrical components [11–13]. In [14], taking into account
factors such as temperature control load ratio, power outage time, and ambient temper-
ature, a single-node load recovery model was established based on the constraints of
power grid frequency, node voltage, and generator output of the substation. The effec-
tiveness of this method was verified by tidal current simulation calculation and transient
energy analysis. Based on the CLPU characteristics and load function coupling relation-
ship, a multi-threaded decision-making model for the restoration of distribution network
load power supply considering intermittent power supply capacity is established in [15].
Ref. [16] establishes an air conditioning load aggregation power model considering the
power failure time and determines the optimal scheme for air conditioning load recovery
in distribution networks based on the amount of recovery that can be provided by the
substation at a single time. Ref. [17] takes the spring and autumn loads as a reference;
in-depth research discusses the relationship between the summer temperature control loads
and the temperature, and the extraction results are more accurate and reliable. The Monte
Carlo sampling method is used to analyze the effect of temperature and power failure time
on the start of cold loads. The function simulation obtains relevant calculation formulas,
which can be used for practical engineering guidance. The aforementioned literature only
studies the start-up characteristics of cold loads and does not optimize the load recovery
strategy. Ref. [18] models residential load points with high permeability, uses sequential
Monte Carlo simulation to randomly simulate the temperature-controlled load operating
state, and calculates the residential load demand and its impact on reliability based on
the power outage duration. Based on the cold load start-up curve of power failure time
and ambient temperature, the multi-objective function of improved weighted flow entropy
minimization and load recovery maximization was established in the literature [19]. It was
solved by the fast non-dominant sorting genetic algorithm, and the accuracy and calcula-
tion time of the simulation results were greatly improved. Ref. [20] established a cold load
startup model related to the power failure time and linearized the power supply recovery
model of distribution networks built with the maximum load recovery as the objective
function, and the simulation verified the effectiveness of the proposed method. In [21],
considering the CLPU and load-dependent user load decision-making, the load recovery
curve is quantified by knowledge-driven and data-driven methods, which can avoid the
problem of voltage and tidal current overrun in the process of load recovery. A comparative
analysis of numerical examples shows that the solving time of the adaptive recovery model
based on time series outperforms that of the double-layer load model. Ref. [22] proposes a
load recovery strategy for damaged distribution networks based on mixed integer linear
programming. According to the recovery of traditional feeder distribution and the island
recovery of distributed power supply, the optimal switching action sequence is generated,
respectively. The correctness of the method is verified by a multi-feed system simulation.
Ref. [23] addressed the issue of power imbalance caused by the startup of cooling loads
in the power restoration of isolated microgrids. By taking power balance and current
imbalance degree as constraints, it established a solution model for the power restoration
path and the sequence of load input in the distribution network. Ref. [24], based on the

https://doi.org/10.3390/pr14132107

https://doi.org/10.3390/pr14132107


Processes 2026, 14, 2107 3 of 22

three-phase unbalanced power flow algorithm using backward scanning and the elastic
concept to handle the changes in the static load model, used the Monte Carlo method to
calculate and determine the voltage amplitude and phase of the busbars in the microgrid.
Ref. [25] introduced the power and quantity balance method of the fuzzy C-means average
multi-point algorithm, considering the elastic characteristics of various loads, to achieve
the optimization and efficient balance of power distribution in the distribution network,
and has obvious advantages in terms of load prediction accuracy and power matching
efficiency. Ref. [26] aimed to reduce the average absolute error of cooling loads and improve
the overshoot suppression rate and adopted the time-varying QRNN control technology
for cooling load startup to solve the dynamic response lag and instability problems of
the elastic microgrid. Ref. [27] considers the impact of power outage duration and en-
vironmental temperature changes on the duration, power, and energy requirements of
CLPU, establishes an adaptive CLPU model, and verifies the effectiveness of the method in
maintaining the reliability of microgrids using a microgrid islanding operation scenario.
Ref. [28] used a semi analytical element method to construct an optimization model for dis-
tribution network restoration that takes into account user interruption costs and CLPU but
did not consider relevant reliability calculations. Ref. [29] proposed a sequential restoration
model for distribution networks based on non-exponential time-varying CLPU charac-
teristics and soft constant open point operation, verifying the superiority of traditional
delay exponential models in handling non-exponential time-varying CLPU characteristics.
Ref. [30] proposed a dynamic recovery strategy for cold load start-up by coordinating
maintenance personnel scheduling and frequency constraints. Model predictive control
was used to handle random maintenance time, and its effectiveness was verified on IEEE
33-node and actual 136-node systems. In contrast, the lightning search algorithm (LSA)
is used in various applications of the literature [31,32] to solve the optimization problem,
showing stronger robustness and shorter solving time. The aforementioned studies mostly
regarded CLPU as an independent failure event, only affecting the SAIFI, but failed to
incorporate its dynamic impact on the recovery duration (SAIDI, CAIDI, ENS) into the
sequential Monte Carlo simulation framework, and lacked a system-level assessment of
the coordinated optimization of the recovery sequence and the time-varying characteristics
of CLPU under voltage and protection constraints.

In summary, this paper proposes a reliability evaluation method for an urban distribu-
tion network based on a lightning search algorithm. First, the delay index model is used to
establish the time-sharing power demand calculation model for CLPU events, and the opti-
mal recovery model with the shortest recovery time and its corresponding constraints are
proposed. CLPU events are then incorporated into the Monte Carlo simulation platform for
reliability assessment, using the LSA to develop an optimal recovery plan that determines
the recovery time and order based on the duration of the outage and the power demand at
the time of recovery. Finally, the test system is used to verify the optimal recovery planning
of CLPU events, and the LSA and genetic algorithm are compared and analyzed.

This paper is the first to embed the CLPU delay index model based on power outage
duration into the SMC simulation and aims to minimize the additional recovery time. It
uses LSA to generate the optimal recovery plan that meets multiple constraints. The main
innovations of this paper lie in: (1) proposing a mathematical expression for the correction
of recovery time under CLPU events; (2) establishing a reliability assessment platform
jointly using SMC and LSA and quantitatively revealing the impact degree of CLPU events
on the SAIFI, SAIDI, CAIDI, and ENS indicators.
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2. CLPU Modeling
2.1. Load Modeling

Based on the time-of-use electricity price variation curve, a random simulation analysis
of residential electricity load in target cities can be conducted. Power consumption data are
derived from actual measurements by smart meters and integrated with electricity usage
statistics provided by power authorities. Residential electricity loads can be categorized
into two main types: temperature-controlled loads (TCL) and non-temperature-controlled
loads (NTCL). NTCLs exhibit little fluctuation in electricity demand before and after a
power outage, whereas TCLs show significant changes in electricity consumption following
power restoration—devices such as refrigerators, air conditioners, and electric heating
systems fall into this category. The act of powering on these devices is defined as a cold-
start load. Studies [33,34] demonstrated a significant statistical correlation between the
probability of air conditioning activation and indoor temperature. The logistic regression
model indicated that when the indoor temperature varied within the range of 22 to 36 ◦C,
the probability of air conditioning activation increased significantly as the temperature
rose. In the residential air conditioning usage condition probability model proposed in [35],
the threshold for air conditioning state switching was directly determined by the indoor
temperature parameter, and the parameters of this model were obtained through regression
based on the actual measured data of the air conditioning operation status and temperature
of the actual residents. Regarding the fundamental cause of the CLPU phenomenon, after
a long power outage, the diversity of loads is lost, and the vast majority of temperature-
controlled loads will inevitably be in operation due to the large difference between the
ambient temperature and the set temperature of the thermostat. This qualitative conclusion
fundamentally determines that the ambient temperature is the most crucial determinant of
the peak load demand in CLPU events. Therefore, setting the urban ambient temperature
will be the only factor considered in the TCL AC load usage probability curve, and the
corresponding calculation relationship is shown in Equation (1).

STCL =

{
Prob > 0 if T > Tmax or T < Tmin

Prob = 0 otherwise
(1)

where Tmax represents the maximum temperature; Tmin represents the minimum temper-
ature. The value is related to the environmental temperature. The greater the difference
between the environmental temperature and the set temperature range of the air conditioner
thermostat, the higher the corresponding probability will be.

After establishing the time-of-use electricity price curves for various electrical devices,
the correction of the load/demand factor is required. Based on the average power demand
at each load node, the specific number of individual appliances can be estimated. The
primary function of these two factors is to maintain a stable average power demand
across all load nodes during designated time periods. When a cooling load activation event
occurs, a delay index model is used to simulate the rapid increase in temperature-controlled
loads, while other types of loads remain unchanged. The overall system power demand
consists of the adjusted temperature-controlled load demand and the unadjusted non-
temperature-controlled loads. The corresponding index models are shown in Figure 1. The
corresponding delay index model shows that after a long power outage, TCL concentratedly
resumed operation due to the loss of diversity, resulting in a three-stage change process
of “instantaneous jump—exponential decay—return to normal” in load demand. The
following specifically outlines this:
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Figure 1. The delay index model of CLPU.

Stage 1 (t = ti): At the moment of power restoration, the TCL load starts in an undiver-
sified state, and the load demand jumps from the diversified value Sbef before the outage
to the undiversified peak Saft, corresponding to the “load peak” stage of cold load startup.

Stage 2 (ti~Ri): As some TCLs reach the set temperature and automatically exit op-
eration, the load demand decays exponentially according to the law, with the decay rate
controlled by parameter α.

Stage 3 (t ≥ Ri): The load demand returns to the normal diversified level Sbef, marking
the end of the cold load startup process.

S(t) = Sbef + (Saft − Sbef)e−α(t−tu)u(t − tbef)

+Sbef[1 − u(t − tbef)]u(t − (Ri − tutbef))
(2)

where α represents the decay rate; Sbef represents the load power demand before the
power failure, which will be used as the output of the random load model; Saft represents
to directly consider the power demand after the recovery of the CLPU affected by the
TCL operation.

The relationship between Sbef and Saft is as follows (3) [36]:{
Saft = cSbef-TCL + Sbef-NTCL

c =
ln(toutage/0.107)

1.101

(3)

From Formula (3), it can be concluded that the longer the power outage lasts, the higher
the power demand during the system’s power restoration stage. The underlying mechanism
is that as the duration of the power outage increases, the temperature deviates from the set
range, which in turn causes more temperature control loads to exit the shutdown range.
Parameter c is used to characterize the relationship between the load peak and the duration
of the power outage. This empirical formula is derived from the statistical analysis of
cold load startup events in residential power distribution systems [36]. It establishes a
logarithmic linear relationship between the duration of power outage and the undiversified
load peak, with a range of 2 to 5 [37,38]. The duration for which the power demand Saft is
maintained is denoted as ∆t. This duration also represents the continuous period of the
cold load startup process, and its value is the difference between ti and Ri. The specific
relationship is shown in Figure 1.
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2.2. Optimal Recovery Modeling

For this research question, the following model can be constructed: When formulating
the optimal power supply restoration plan, the cold load startup process needs to be
incorporated into the reliability assessment system of the distribution network. Within
the selected assessment period, the optimal restoration strategy is adopted each time a
power supply failure occurs, and the additional restoration time required for each faulty
load node is calculated through the following objective function. The specific expression is
shown in Equation (4):

minimize
(
∑k

i=1 TTRi − ∑k
i=1 TTRi

)
(4)

where TTRi is the recovery time of the i-th of the k failed load points.
Before restoring power supply to the affected load nodes, in addition to going through

a specific waiting period, the corrected overall repair duration is the same as the initial
duration without considering the cold load startup situation. These two durations satisfy
the mathematical relationship ∑k

i=1 TTRi = ∑k
i=1 TTRi + tr1 + tr2 + · · ·+ trk [38]. In this

formula, trk represents the additional repair duration for load node k after the power grid
failure. Based on the above definition, the objective function can be further simplified to
the form, as shown in Formula (5):

minimize(tr1 + tr2 + · · ·+ trk) (5)

The indicators such as Unsupplied Energy (ENS), System Average Interruption Fre-
quency Index (SAIFI), and System Average Interruption Duration Index (SAIDI) should be
automatically optimized to reach the optimal level. Since the total number of faults remains
unchanged, the SAIDI indicator will not change.

When formulating the optimal power supply restoration strategy, the following con-
straints need to be met:

(1) Protection device constraint: The transformer operating load should not exceed 125%
of the rated capacity, and the constraint relationship is ST ≤ 1.25 pu.

(2) Operating state constraint: The voltage of each node should remain within the ±5%
range of the rated value, and the constraint relationship is 0.95 ≤ Vi ≤ 1.05, i ∈ [1, M].

(3) Grid topology constraint: In actual distribution networks, a radial structure is com-
monly adopted. The restoration operation must start from the power source point
and proceed step by step along the main feeder to the downstream.

(4) Charging time constraint for lines: The charging time for long lines or cables is
relatively long, which will delay the power-on time of downstream nodes [23].

(5) Black start capability of distributed power sources: The node where the black start
power source is located can be restored step by step initially, while the non-black start
power source needs to wait until the charging of the upstream lines is completed
before it can be started.

Limiting the transformer load can effectively prevent the protection device from
malfunctioning. The system also has other operational constraints, such as the downstream
power supply area not completing the power restoration earlier than the upstream area.
The selection of optimization variables involves the additional recovery duration required
for the cold load startup process, denoted as [tr1, · · · , tri, · · · , trk]. After each fault occurs
during the evaluation period, the optimal recovery duration is solved using the objective

https://doi.org/10.3390/pr14132107

https://doi.org/10.3390/pr14132107


Processes 2026, 14, 2107 7 of 22

function, thereby correcting the repair time at each fault load point. Finally, the reliability
indicators for the entire evaluation stage can be calculated using Equation (6).

SAIFI = ∑ Mi
MT

SAIDI = ∑ Oi Mi
MT

CAIDI =
SAIDI
SAIFI

=
∑ Oi Mi

∑ Mi
ENS = ∑ PiOi

(6)

where MT represents the total quantity of users corresponding to each load node; ∑Mi rep-
resents the cumulative occurrence times of power outage events; Pi represents the average
power supply load during the power outage stage; Oi represents the fault continuation time,
and this value needs to be corrected based on the additional recovery duration measured
during the CLPU event.

3. Model Solving
3.1. Monte Carlo Simulation

The flowchart of the solution is shown in Figure 2, and the main code is based on
Sequential Monte Carlo (SMC) simulation to find reliability indicators. SMC simulation is
essentially a process of component state timing sampling, and its computational complexity
is linearly related to the system size, which can effectively avoid the problems of multiple
components and complex system structure in large-scale power systems. It is suitable for
the evaluation and calculation of large-scale distribution systems [39]. Underground cables,
low-voltage circuit breakers, and transformers are reliability analysis projects considered
in this study. The SMC algorithm can accurately obtain the relevant parameters of system
reliability by processing and calculating the power data. At the initial moment of the
evaluation cycle (T = 0), all electrical equipment is in a normal working state. Under
the premise of knowing the equipment failure rate λ and repair rate r, combined with
uniformly distributed random numbers U, the pre-failure duration and repair duration of
each component can be respectively solved. The specific calculation formula is shown in
Equation (7): {

TTF = −1
λ ln(U)

TTR = −1
r ln(U)

(7)

According to the literature [40,41], a 200-year evaluation period is set for sequential
Monte Carlo simulation to assess the reliability of distribution networks. After the 200-year
evaluation period, Equation (6) is used to solve the reliability index without considering
CLPU events. Only the main components of the system will affect the analysis results.
Each time the system fails, the program enters the second processing stage. This stage
corrects the repair duration based on the cold load startup event and assumes that the
power supply company implements the optimal power restoration strategy. Under the
condition of meeting the operational restrictions, the power restoration time at the fault
load point is shortened as much as possible. Therefore, all types of power restoration
schemes need to be calculated through the LSA optimization module in this stage. The
corrected repair duration will be fed back to the main program so that various reliability
indicators can be statistically calculated at the end of the evaluation.
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Figure 2. Algorithm flow based on SMC and LSA.

The total time complexity of SMC simulation is: TSMC = O(Tsim · Ncomp + Nfault · Nload),
Among them, Ncomp is the total number of system components, Tsim is the evaluation
period, Nfault is the total number of faults, and Nload is the number of load nodes affected by
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faults, where Tsim · Ncomp is dominant [42]. The time complexity of LSA single optimization
is TLSA = O(G · N · Nload · Ceval). Among them, N is the population size of LSA, G is the
maximum iteration generation, and Ceval is the computational cost of a single fitness
evaluation (including power flow calculation and constraint verification) [43]. The total
time complexity of the SMC-LSA coupling framework is Ttotal = TSMC + NCLPU · TLSA.
Among them, NCLPU refers to the total number of times CLPU was triggered during the
evaluation period. When the system scale expands, Nload does not increase linearly with
the system scale, and the NCLPU value does not increase significantly, thus ensuring that
the LSA optimization module has good scalability.

3.2. LSA Optimization Platform

In large-scale systems, the impact range of CLPU events is usually local (limited to
several nodes downstream of a certain feeder or distribution transformer), so the number
of affected load points in a single optimization does not increase linearly with the scale of
the entire network, and has good scalability, which can effectively handle large-scale distri-
bution network optimization problems with far more nodes than the system tested in this
paper [44]. Mixed integer linear programming requires both the objective function and con-
straints to be linear. For complex nonlinear problems such as the time-varying exponential
model of cooling load start-up in this paper, precise linearization or cone relaxation is more
difficult. The dynamic programming algorithm decomposes multi-stage decision problems
into several sub problems and achieves efficient solutions through optimal substructure
and overlapping sub problem properties. However, in this paper, voltage constraints and
current imbalance constraints have temporal coupling characteristics, and the discretization
of continuous variables such as voltage and power introduces accuracy loss, making it
difficult to meet their usage conditions [45]. The branch and bound method prunes the
search tree through branch and bound operations, but in this paper, the lower bound
estimation is difficult, the exponential complexity is too high, and the non-linear constraint
conditions are difficult to handle, resulting in high pruning and search difficulty for the
branch and bound method. In practical applications, it is usually necessary to combine it
with heuristic algorithms [46]. Heuristic optimization methods can provide suboptimal
solutions that meet engineering accuracy requirements within minutes to tens of minutes,
and the computational complexity does not accelerate with the problem being solved. They
exhibit significant advantages in solving different types of optimization problems [47,48].
LSA is highly suitable for the optimal recovery model of cold load start-up due to its
fast convergence speed, simple parameter tuning, and natural adaptation to continuous
variable optimization problems [49]. The LSA simulates three types of projectiles during
the formation process of natural lightning: transitional projectiles, spatial projectiles, and
guiding projectiles [50].

(1) Initialization (transitional projectiles): A random initial population is generated, and
each individual corresponds to a set of possible additional recovery time combinations.
At the same time, the “upstream load point restores first” order constraint is ensured,
which stems from the radial topology characteristic of the distribution network,
meaning that downstream nodes cannot restore power supply before upstream nodes.

(2) Spatial projectile update: Corresponding to the one-dimensional exponential dis-
tribution perturbation in the main loop of the algorithm, it simulates the random
bifurcation of the lightning channel in space. The reason for using an exponential
distribution is that the step length of lightning follows a statistical characteristic of
“short steps as the main, long steps occasionally appearing”, and the exponential
distribution precisely conforms to this physical property, used for global exploration
to avoid getting stuck in local optima.
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(3) Guiding projectile update: Only the current optimal solution is perturbed with a
normal distribution, allowing the search to mainly focus on the small neighbor-
hood around the current optimal solution, used for local exploration to refine the
optimal solution.

(4) Guiding projectile update: Only the current optimal solution is perturbed with a
normal distribution. Every generation, the worst solution is replaced with the optimal
solution with a crossover probability, which can effectively prevent the population
from becoming too homogeneous too early and maintain the algorithm’s vitality.

By applying the LSA as shown in Figure 2, the optimal re-energization sequence for
each load point during a single power outage can be determined. The LSA first randomly
generates an initial population, which is defined as a transition particle. Each transition
particle corresponds to a set of feasible solutions, also known as step leaders (SL). The
energy of an SL is composed of the corresponding objective function value and the penalty
term for constraint violations [50]. A single SL consists of n step leader units, and its specific
expression form is as shown in Equation (8):

SLn = [tr1, · · · , tri, · · · trk] (8)

All the transition impulses from tr1 to trk are within the search range of k load points
(LP) affected by a single power outage and are uniformly distributed. For the power supply
interruption of LP8, LP9 and LP10 caused by faults,. Each node has set the maximum
re-energization duration TM, which is in minutes. The generation of transition impulses
follows the following sequence: tr8 is randomly determined within the interval (0, TM); tr9

completes random value selection within the interval (tr8, TM); and tr10 completes random
selection within the interval (tr9, TM). Based on the objective function, the performance
of various transition impulses as the first-level leader is evaluated. Among them, the
transition impulse with the lowest energy indicator is determined as the most preferred
leading unit, and the SL with the best performance is stored in the external space. The
algorithm sorts the energy of all SLs in each generation: the one with the lowest energy is
the best channel, and the one with the highest energy is the worst channel. The best channel
is used to guide the local fine search of the projectile and the inferior replacement in the
bifurcation operation. For the N groups of SL (SL1, SL2, SL3, · · · , SLN) generated, through
the exponential distribution mapping rule, the transition impulses complete corresponding
matching with each SL, and the specific expression is as shown in Equation (9):

tri
n+1 = tri

n ± exp rand(µ) (9)

where µ represents the shape coefficient of the exponential distribution, whose value is
determined by the distance between the optimal step unit and the reference unit.

The optimization direction of the parameters is determined through small-scale exper-
iments, and then the adjustment method to improve the step guidance effect is determined.
Subsequently, the lead projectile is independently corrected using the normal distribution
function. The corresponding calculation formula is shown in Equation (10):

tri
n+1 = tri

n ± normrand(µ, σ) (10)

where σ and µ are the scaling and shaping parameters of the normal distribution, respectively.
Finally, the secondary operation process of the LSA is carried out, namely the bifurca-

tion operation. Bifurcation can re-plan the search path and generate more differentiated
solutions within the feasible domain. The LSA achieves the bifurcation function through
two approaches. The first approach is to start the counting device at a specified time, elimi-
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nate the SL with lower performance, and replace it with the unit with the best performance.
This method can increase the probability of obtaining a better solution near the optimal
SL. The above counter is defined as channel time and needs to be set together with other
parameters during the algorithm initialization stage. The second bifurcation method is to
numerically correct the transition bullet with an extremely low probability, as shown in
Equation (11):

tri = a + b − tri (11)

where a and b respectively represent the lowest and highest boundaries of the throw value.
This boundary constraint applies to the first recovery node in the horizontal direction, as
well as the recovery nodes with a value of 0 and TM. The replacement operation can only
be executed if the energy of the modified transition bomb is higher than that of the original
transition bomb and can pass the verification with a probability of 5% or less.

4. Simulation Analysis
4.1. Test System Selection

Figure 3 shows the radial distribution test system adopted in this paper. This platform
offers multiple power restoration methods: it can restore all loads at once, restore each
single feeder one by one in sequence, or restore power to specific areas of multiple feeders
according to constraint conditions in stages. Based on the calculation of the active and
reactive power requirements during the system operation, within a 60 min period, the
maximum apparent power requirement is 6.35 MVA. Therefore, a transformer with a rated
capacity of 6.5 MVA was selected. The overload protection action value of this transformer
is set at 1.25 times the rated current per unit. The calculation shows that the total electricity
load at any time must be lower than 8.125 MVA. Once it exceeds this limit, the protection
device will trigger a trip. All distribution lines are buried with underground cables. Under
extreme operating conditions, the fluctuation amplitude of the line impedance is limited
to within 5% of the rated value. The total length of the main feeder is set at 600 m. The
lengths of the cables in Sections 1, 2, 3, 8, 9, and 10 are all 200 m, while the remaining
sections uniformly use 300 m-long underground cables [42,51,52]. The implementation of
the project relies on the following communication support: (1) The SCADA/AMI system
provides fault location, real-time power load and switch status; (2) the meteorological
monitoring station provides environmental temperature data (update cycle ≤ 30 min);
(3) the DG controller provides black start capability and output limit values, and adopts a
centralized communication architecture.

Figure 3. Experimental power distribution system.
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4.2. Load Model Calculation

The time-of-use electricity consumption curve is obtained by multiplying the load
coefficient with the demand coefficient. The upper and lower temperature boundaries for
the temperature control load are set at 26 ◦C and 20 ◦C respectively. The time-of-use curves
for various electrical appliances are summarized in Figure 4. This curve can be divided
into temperature control electricity consumption types for winter and summer seasons,
and the electricity consumption trends of other devices remain stable throughout the day.

Figure 4. TOU curve of household appliances.

Based on the above curves, a random simulation model was constructed. The dates
of 1 January and 1 July were selected as the representative dates for winter and summer
respectively for calculation. The simulation results are shown in Figure 5. From this, the
electricity consumption data of each load node can be obtained. The load values at each
location fluctuate slightly around the initial system average. The parameter α = 0.5 h−1

and ∆t = 30 min were selected for the modeling analysis of the cold load startup [36].
The corresponding load change characteristics are shown in Figure 6. By comparing the
data, it can be seen that the electricity consumption of the power restoration nodes is
approximately twice the daily level, and it will also cause a sharp increase in the total load
of the main transformer.

Figure 5. LP1 winter and summer random load mode.
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Figure 6. Cold load picking model.

4.3. Optimal Recovery Analysis

Not every power outage will trigger a peak load, thereby causing the protection or
operational boundaries to be breached. However, after a prolonged power outage, the
phenomenon of cold load startup is prone to occur, which will bring difficulties to the
phased restoration of the power supply. A fault caused power outages at three load points:
LP1, LP2, and LP3. The plan was to complete the restoration 482 min after the power outage,
and this period was during the off-peak electricity consumption period. The proportion of
the temperature control load was not high. Based on the cold load model calculation, the
load during the restoration was approximately 6.9 MVA. The minimum voltage amplitude
was 0.9721, and all constraints were not exceeded. This indicates that no cold load startup
occurred, so the power supply restoration can be completed in a single step. This process
has no impact on the reliability indicators, and the restoration result is shown in Figure 7.
None of LP1, LP2, and LP3 generated additional restoration time.

Figure 7. Long-term power outage recovery process under low TCL demand.
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Another set of simulated faults affected LP8, LP9, and LP10. This fault was caused by
damage to the 8th line and lasted for 321 min. If all load nodes are restored simultaneously,
the peak load will reach 6213.35 kVA. Although this value does not exceed the limit set
by the protection device, the voltage will drop to 0.9475, thus exceeding the operational
constraints. In this case, the LSA needs to be used to enter the optimal recovery process.
Even if direct restoration does not exceed the load limit, the voltage indicator will still
exceed the standard. The specific recovery process is shown in Figure 8.

Figure 8. Power demand and bus voltage without optimization period.

For the optimal optimization program of LSA running 5 times during this power
outage, the following LSA parameters were selected: code: 100, population size N = 50,
maximum iteration number: 100, bifurcation probability: 0.01, channel time: 10, search
space lower boundary a = 0, upper boundary b = TM = 500 min [53,54]. The shape coefficient
µ of the exponential distribution in Equation (9) is dynamically changing, and its value
is the Euclidean distance between the current solution and the current optimal solution,
which can adaptively reduce the search step size as it approaches the optimal solution.
When the shape parameter of the normal distribution in Equation (10) is σ = 0.3(b − a), the
algorithm converges the fastest without sacrificing the quality of the solution [55]. After
the algorithm is executed, the optimal re-powering schemes corresponding to each faulty
load node are shown in Table 1 and Figure 9. Figure 9 presents the power demand and
voltage distribution under the optimal scheme. The results show that the lowest voltage is
0.9511 pu and the highest power demand is 5.79 MVA. All the running parameters meet
the constraint requirements.

Table 1. Optimal restoration plan for load points.

LP Number Improve TTR/Min Recovery
Load/MVA Coefficient K

LP8 321 1.08 3.54
LP9 321 1.56 3.54

LP10 363 1.38 3.65
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Figure 9. Power demand and minimum bus voltage during LSA optimization period.

4.4. Method Comparison

During the process of the system selecting the optimal recovery plan, the values of the
two reliability indicators, ENS and SAIDI, will decrease. For the same power outage event,
the genetic algorithm (GA), particle swarm optimization (PSO), grey wolf optimization
(GWO), and Harris Hawks Optimization (HHO) were used for repeated analysis to evaluate
and compare the LSA results, as shown in Table 2. The LSA iteration count was 15 times,
which was the fastest among all the algorithms. Compared with the suboptimal GWO with
31 iterations, it improved by 51.6%, and compared with the worst GA with 56 iterations, it
improved by 73.2%. In terms of stability, the unique optimal solution of LSA and GA (with
a standard deviation of the objective function of 0) indicates that they can always converge
to the best result stably, while the solutions of other algorithms have varying degrees of
fluctuations. In terms of computational efficiency, the average running time of LSA of
360.71 s was also the best, which was 6.14% higher than the performance of suboptimal
GWO (384.32 s), and had more significant advantages compared to GA (403.98 s), PSO
(394.29 s), and HHO (425.47 s).

Table 2. Comparison of calculation results.

Test Standards LSA GA PSO GWO HHO

Minimum objective
function/min 43 43 43 43 43

Max. objective function/min 43 43 46 44 47

Average Objective
Function/min 43 43 44.2 43.5 44.6

Objective function standard
deviation 0 0 1.13 0.53 1.36

Optimization
parameters/min [1,1,41] [1,1,41] [1,1,41] [1,1,41] [1,1,41]

Average execution time/s 360.71 403.98 394.29 384.32 425.47

Iteration times/generation 15 56 43 31 42
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While ensuring that the solution results always converge to the optimal solution, the
best running results of the LSA optimization and GA optimization methods are shown
in Figure 10. The initial population sizes of LSA optimization were set to 30, 50, 70,
and 90 respectively for simulation analysis, and the results are shown in Figure 10. For
the LSA, even if the initial population parameters are different, its final output results
remain consistent, indicating that this algorithm has good stability. In addition, LSA
outperforms the genetic algorithm in terms of convergence speed and average calculation
time, which fully proves that it is more suitable for generating the optimal strategy in
real-time scheduling scenarios. Subsequent research will continue to use the LSA to derive
the optimal recovery scheduling plan for all CLPU failure events. When extended to the
online restoration scenario of the distribution network, through parallel computing, the
optimization time of a single LSA can be reduced from 360.71 s to less than 50 s.

Figure 10. LSA and GA calculation results.

The proposed method was applied to all 7 fault scenarios triggering CLPU in a 200-year
sequential Monte Carlo simulation, and the comparative calculation results are shown in
Table 3. The results showed that, except for scenario 1 and scenario 4, LSA achieved better
optimal target values than GA in scenarios 2, 3, 5, 6, and 7. This is because the optimal
solutions for scenarios 1 and 4 are determined by explicit constraints such as voltage upper
and lower limits, and the boundaries are relatively smooth. GA can stably converge to this
boundary. The optimal solutions for scenarios 2, 3, 5, 6, and 7 are determined by implicit
constraint boundaries such as nonlinear power flow coupling. The boundary shape is
complex, and GA fails to converge to the global optimum within the specified maximum
iteration times. However, LSA’s guidance mechanism enables it to achieve better results in
such scenarios. Regardless of the CLPU triggering scenario, LSA can consistently find the
same optimal solution at an average speed much faster than GA’s 72.5%, demonstrating
performance advantages consistent with the main case in all scenarios.

When the simulation time is within the range of 4214 min to 5486 min, the operating
conditions of the 10th load point are affected by the combined actions of the main trans-
former, main circuit breaker, feeder circuit breaker, and the 8th, 9th, and 10th transmission
lines. Within this simulation period, a fault occurred in the 8th cable line, directly causing a
power outage at the 10th load point. The study conducted SMC simulation analysis for this
fault event to calculate the various average reliability parameters of the system. During
this simulation test, the test system detected a total of 38 power outage failure events. The
calculation of each reliability parameter is based on the premise that each load point only
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connects to a single electricity user, and all index changes are triggered by the failure of
power equipment components.

Table 3. Performance comparison between LSA and GA in multiple fault scenarios.

Fault
Scenario

Affected Load
Points

Average Objective
Function/Min

Iteration
Times/Generation

LSA GA LSA GA

1 LP1, LP2, LP3 43 43 15 56

2 LP4, LP5 28 29 12 48

3 LP6, LP7 35 37 14 52

4 LP8, LP9, LP10 52 52 16 58

5 LP9, LP10 31 32 13 48

6 LP2, LP3 30 32 13 47

7 LP6, LP7, LP8, LP9,
LP10 61 74 18 62

This study relies on the CLPU analysis method and applies the proposed optimal
recovery strategy to the simulation analysis of 38 power outage scenarios. The statistical
results show that only the 7th fault cannot be restored by a single-step operation. The other
power outage events can be restored in a single step mainly because the duration of the
fault is short or the TCL concentration at the time of the fault is low, and the overall power
load of the grid is at a relatively low level. Affected by this special working condition, the
three core reliability parameters SAIDI, CAIDI, and ENS corresponding to the 7th power
outage fault all show a certain degree of increase, and the specific change values can be
referred to in Table 4.

Table 4. Reliability index calculation result.

Reliability Metrics No CLPU Best Recovered CLPU

SAIDI (hours/household) 8.1126 8.1646
SAIFI (Times/household · Year) 0.1076 0.1076

CAIDI (hours/time) 76.0143 76.8622
ENS (MWh/year) 24.213 24.324

To further verify the optimization effect of the proposed optimal recovery strategy
on the reliability of power supply for the power grid, this paper sets up a set of compara-
tive simulation scenarios. Assuming that the power grid operation department performs
load restoration operations at fixed time intervals after each power outage occurs, load
restoration intervals of 20 min, 30 min, and 60 min are respectively set to avoid equipment
overload issues and ensure that the power grid operation complies with the setting require-
ments of protection devices. Based on the reliability index data obtained from the above
simulation assumptions, all of them are summarized in Table 5.

For larger-scale networks in the future, the method proposed in this paper can divide
the system into independent recovery domains based on substations as boundaries. Within
each domain, the number of affected nodes by CLPU is not higher than 20. At the substation
level, MILP global coordination is adopted, while at the feeder level, LSA fine optimization
is used [23]. Taking a distribution network with 12,110 kV substations, 9610 kV feeder lines,
and 800 nodes in the core area of the city as an example, after partitioning, the single LSA
optimization still remains within 500 s. The total evaluation time is approximately 8 h.
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After parallel computing, it can be compressed to within 3 h, which verifies the engineering
scalability of the method.

Table 5. Reliability index calculation results.

Reliability Metrics
Fixed Recovery Procedure

20 min 30 min 60 min

SAIDI (hours/household) 8.1427 8.1489 8.1671
SAIFI (Times/household · Year) 0.1076 0.1076 0.1076

CAIDI (hours/time) 75.3703 75.4333 75.6038
ENS (MWh/year) 24.256 24.3 24.343

4.5. Parameter Sensitivity Analysis

To evaluate the impact of four key parameters, namely power outage duration, TCL
proportion, ambient temperature, and attenuation coefficient, on the reliability indicators
of SAIDI, CAIDI, and ENS, SAIFI only depends on the number of power outages and is
not affected by changes in CLPU parameters. Conduct sensitivity analysis using the single
variable method. The calculation results of reliability indicators under different power
outage durations are shown in Table 6. As the duration of the power outage extended
from 60 min to 600 min, SAIDI increased by 1.31%, CAIDI increased by 1.31%, and ENS
increased by 0.80%. Under long power outages (≥450 min), the CLPU effect is significantly
enhanced, and the rate of deterioration of reliability indicators is accelerated.

Table 6. Reliability index calculation results under different power outage durations.

Reliability Metrics 60 min 180 min 311 min 600 min

SAIDI (hours/household) 8.0832 8.1047 8.1217 8.1894
CAIDI (hours/time) 75.544 75.745 75.903 76.537

ENS (MWh/year) 24.086 24.135 24.165 24.728

The calculation results of reliability indicators under different TCL ratios are shown
in Table 7. When TCL’s proportion increased from 30% to 60%, SAIDI increased by 0.45%,
CAIDI increased by 0.45%, and ENS increased by 0.34%. When the proportion of TCL ex-
ceeds 45%, the deterioration rate of reliability indicators significantly accelerates, indicating
that high TCL penetration areas are more sensitive to CLPU events.

Table 7. Reliability index calculation results under different TCL ratios.

Reliability Metrics 20% 30% 45% 60%

SAIDI (hours/household) 8.1115 8.1217 8.1368 8.1581
CAIDI (hours/time) 75.792 75.903 76.045 76.244

ENS (MWh/year) 24.137 24.165 24.201 24.247

The reliability index calculation results under different environmental temperatures
are shown in Table 8. When the ambient temperature changes within the range of 20~30 ◦C,
the amplitude of SAIDI change is less than 0.18%. But when the temperature exceeds 30 ◦C,
SAIDI increases by 0.26% and ENS increases by 0.16%. The probability of TCL activation
significantly increases under extreme high-temperature weather, and the CLPU effect is
significantly enhanced.
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Table 8. Reliability index calculation results under different environmental temperatures.

Reliability Metrics 20 ◦C 25 ◦C 30 ◦C 35 ◦C

SAIDI (hours/household) 8.1068 8.1145 8.1217 8.1426
CAIDI (hours/time) 75.765 75.837 75.903 76.099

ENS (MWh/year) 24.131 24.148 24.165 24.204

The calculation results of reliability indicators under different attenuation coefficients
are shown in Table 9. When the attenuation coefficient α varies within the range of
0.3~0.7 h−1, the relative changes in SAIDI and ENS are both less than 0.12%, and the
changes in CAIDI are also very small. This indicates that the method proposed in this
article is insensitive to the value of α, and the model has good robustness. This is because
α mainly affects the power attenuation rate during the CLPU process, and the optimal
recovery strategy in this paper avoids peak power exceeding the limit by adjusting the
load operation timing, with a low dependence on the specific numerical value of the
attenuation rate.

Table 9. Reliability index calculation results under different attenuation coefficients.

Reliability Metrics 0.3 h−1 0.4 h−1 0.5 h−1 0.6 h−1

SAIDI (hours/household) 8.1312 8.1263 8.1217 8.1172
CAIDI (hours/time) 75.993 75.947 75.903 75.862

ENS (MWh/year) 24.188 24.177 24.165 24.153

Overall, in practical engineering applications, it is important to focus on monitoring the
duration of power outages and the proportion of TCL. In extreme hot weather conditions,
the conservatism of recovery strategies can be appropriately increased.

5. Conclusions
To accurately evaluate the impact of CLPU events on the power supply restoration

of distribution networks, this paper proposes an urban distribution network reliability
evaluation method based on a lightning search algorithm. By introducing a delay index
model to model CLPU events and using LSA to develop an optimal restoration program,
it can be used for optimal restoration planning and reliability calculation of urban power
systems with highly concentrated loads under constant temperature control.

(1) Introducing a random load model to simulate accurate power demand considering
factors such as environmental temperature and random customer behavior, using a
delay index model to establish a time-sharing power demand calculation model for
cold load start-up events, and proposing an optimal recovery model with the goal of
minimizing recovery time and corresponding constraints. Incorporate the cold load
start-up event into the Monte Carlo simulation platform for reliability assessment,
use LSA to develop the optimal recovery plan, and determine the recovery time
and sequence based on the duration of the power outage and the electricity demand
during recovery.

(2) The case analysis shows that compared with the fixed 60 min interval recovery strategy,
the optimal recovery method based on LSA proposed in this paper reduces SAIDI
from 8.1671 h/household to 8.1646 h/household, a decrease of 0.03%, and ENS from
24.343 MWh/year to 24.324 MWh/year, a decrease of 0.08%. The power supply
recovery time is significantly shortened, and LSA can converge to the global optimal
solution within 15 generations. The convergence speed is 51.6% faster than the 31st
generation of the suboptimal GWO, and the average execution time is only 360.71 s,
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which is 6.14% faster than the 384.32 s of the suboptimal GWO, showing excellent
robustness and engineering applicability.

(3) Future studies may incorporate impacts such as customer behavior, demand response,
house insulation, and holidays into CLPU modeling, or consider load requirements
under different voltage conditions and ambient temperature dynamics, which can fur-
ther enhance grid equipment modeling. And expand research on the applicability of
more optimization recovery methods in large-scale CLPU-aware load recovery prob-
lems to overcome the computational scalability challenges associated with centralized
optimization methods.
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