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ABSTRACT: To address the operational complexity caused by the high proportion of new energy integration into
distribution networks, a multilevel resource-coordinated operation strategy based on an improved whale optimization
algorithm (improved WOA) is proposed for active distribution networks (ADNs). A bilevel optimization model is
established to ensure the economic and safe operation of ADNs. The upper level is used to minimize the total system
operation cost, while the lower level is used to optimize the power balance. Subsequently, the improved WOA, integrated
with an adaptive weight and chaotic disturbance mechanisms, is used to solve the bilevel model and obtain a multi-
resource coordinated operation strategy. This framework can help to enhance convergence and avoid local optima. In
the simulation section, the IEEE 33-bus system is used to test the performance of the multilevel resource coordinated
operation strategy. The simulation results reveal that the proposed approach can reduce the total system operation cost
to 9.72× 104 CNY. Moreover, the fossil fuel consumption of the diesel generator and the charging cost of electric vehicles
are reduced by 15% and 18%, respectively. In addition, the power supply–demand matching accuracy is increased
to 99.8%. Compared with the multi-element heuristic algorithm, the improved WOA shows significant superiority
and robustness. This research provides an economical and stable multi-resource coordinated scheduling solution for
distribution networks with a high proportion of renewable energy.

KEYWORDS: Active distribution network; multilevel resources; whale optimization algorithm; comprehensive
scheduling

1 Introduction
With the rapid development of distributed resources such as photovoltaics (PV) and energy storage

systems (ESS), the control and optimization of active distribution networks formed by integrating these
resources have become key research areas [1–3]. Distributed resources, such as PVs, exhibit distinct output
characteristics across scenarios and time periods, featuring significant volatility and variability, which
pose considerable challenges for the coordinated optimization of various resources [4–6]. Related research
has indicated that the coordinated control of distribution networks with distributed resources is difficult.
Given the inherent electrical characteristics of distribution networks and the output volatility of distributed
resources, the coordinated optimization of integrating distributed resources into distribution networks has
become an urgent problem [7–9].

In recent years, scholars have extensively researched and analyzed the coordinated optimization
of distributed resources [10–13]. In terms of scheduling frameworks, bi-level or multi-objective models
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are widely used to address multi-agent collaboration problems. Turan et al. [14] introduced distributed
algorithms based on primal-dual optimization that were resilient to Byzantine attackers and converged to a
near-optimal solution. Su et al. [15] proposed a bilevel optimization model for ADNs that integrates hybrid
wind-solar-hydrogen-storage systems. An electro-hydrogen coupling framework was constructed, and the
volatility of wind and solar output was modelled using a copula function. Chen et al. [16] proposed an active
distribution network multi-objective optimization scheduling method in which the peak−valley difference
of the system load was reduced by optimizing the electric vehicle load. Xiao et al. [17] proposed a two-
layer optimal scheduling strategy to address the overvoltage problem in high-photovoltaic power-penetrated
distribution networks. The proposed scheduling strategy included an autonomous optimization layer and a
coordination optimization layer, and a min–max robust game model and a mixed-integer second-order cone
programming-based model were proposed to minimize the operating costs of PV stakeholders and power
utility stakeholders, respectively.

Multilevel resource coordination is the key to releasing the operational potential of ADNs, and its core
lies in tapping the complementary characteristics of different resources. As a core hub for mitigating volatility
and peak shaving-valley filling, ESSs have increased rapidly from 12 GW in 2020 to 52 GW in 2024 [18]. Ma
et al. [19] proposed an energy management strategy based on deep learning for grid-forming energy storage
systems. Still, it lacked a full-scenario coupling of multilevel resources and failed to fully consider the load
regulation potential of orderly electric vehicle (EV) charging and the base-load support role of coal-fired
power units. Qi et al. [20] proposed a genetic algorithm-based optimization configuration for energy storage
in electric networks; however, traditional optimization algorithms usually suffer from slow convergence and
a tendency to fall into local optima in high-dimensional scheduling problems, making them challenging to
balance the dual objectives of economic stability. Li et al. [21] proposed a global centralized dispatch model
that applied battery energy storage system technology to ADN with a renewable energy source, aiming to
minimize the power purchase cost while considering the network active loss cost and the voltage deviation
penalty cost. Nevertheless, this method did not sufficiently explore the collaborative mechanism between
power balance constraints and cost optimization, nor did it consider the ESSs’ limit on the rate of change of
charge–discharge power, leading to a disconnect between theoretical schemes and engineering practices [22].

Despite the significant progress offered by existing research, when complex distribution network
scheduling scenarios involving multiple heterogeneous resources are considered, existing scheduling strate-
gies still have room for improvements in solution efficiency, global optimization capability, and the guarantee
of refined control over system power balance. To address this research issue, a multilevel resource coordi-
nated operation strategy based on the improved whale optimization algorithm (improved WOA) is proposed.
First, mathematical models are established for PV, wind power, ESSs, EVs, and diesel generators to charac-
terise their physical and operational characteristics accurately. Furthermore, a bilevel coordinated scheduling
model is established with dual objectives: minimizing the total system operating cost and optimizing the
power balance. Finally, the traditional WOA is improved by introducing an adaptive weight mechanism and
a chaotic disturbance mechanism, resulting in an improved WOA with better optimization performance.
The effectiveness and superiority of the improved WOA method are verified by comparing it with other
algorithms, including WOA, chaotic WOA (CWOA), adaptive WOA (AWOA), particle swarm optimization
(PSO), and the genetic algorithm (GA), applied to the IEEE 33-bus system. The main contributions of this
paper are as follows.

(1) A refined multilevel resource scheduling model is constructed with photovoltaics, wind turbines,
energy storage systems, electric vehicles, and diesel generators, while fully considering their physical
constraints and operation costs.
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(2) To address the shortcomings of the basic WOA, an adaptive weight mechanism and a chaotic distur-
bance mechanism are innovatively employed, and the improved WOA is proposed. This effectively
balances the algorithm’s global exploration and local exploitation capabilities, accelerates convergence,
and prevents premature convergence.

(3) A bilevel scheduling model is established to minimize the total operating cost of the system and
optimize the power balance. Simulations of the IEEE 33-bus standard system are presented, and
extensive discussions are provided.

2 Multilevel Resources
The efficient coordination of multilevel resources forms the foundation for active distribution networks

to operate safely, stably, and economically. Accurately characterizing the physical properties and operational
constraints of various resources is the primary prerequisite for constructing an efficient coordinated
scheduling model. In this section, the mathematical models for the five key resources involved in coordinated
optimization are systematically established, laying a foundation for the subsequent development of the bilevel
optimization model. The overall composition relationship is shown in Fig. 1.

Figure 1: Multilevel resource architecture of the active distribution network.

2.1 Photovoltaic Power Generation Model
Photovoltaic power generation directly converts sunlight into electrical energy via the photovoltaic

effect at semiconductor interfaces. A standard system configuration encompasses solar panels, controllers,
and inverters, all of which are primarily composed of electronic components. The manufacturing procedure
involves serially connecting solar cells, encapsulating them into protected modules, and assembling these
modules with controllers and inverters to form a functional power generation unit. The formula for
calculating the photovoltaic power generation output is as follows:

PPV =
dX

3.6 × dt
× S × ηPV (1)
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where X is the hourly solar radiation intensity on a typical day, S is the area of the PV array, PPV is the hourly
power generation output on a typical day, ηPV is the PV efficiency, and t is the illumination time. When dt
is infinitely close to 0, the characteristic curve of the real-time smooth power generation output is obtained.

The comparison curve between the daily output power and the radiation intensity measured at a
photovoltaic power station is shown in Fig. 2. The variation trends of the solar radiation intensity curve and
the photovoltaic power generation curve are essentially the same. Power generation fluctuates in parallel
with irradiance fluctuations. In addition, Fig. 2 shows that the day’s maximum output power occurs at 14:30,
with a corresponding irradiance of 1145 W/m2 and an output power of 97.2 kW. Moreover, during the 10-min
(13:10 to 13:20) sampling interval, which corresponds to a significant irradiance fluctuation, the maximum
fluctuation in the DC-side output power of the photovoltaic power station can reach 92.6 kW, approximately
90% of the maximum output power.

Figure 2: Comparison of daily output power and radiation intensity.

2.2 Wind Power Generation Model
Wind energy, as the raw form for wind power generation, is classified as renewable energy. It is abundant

and almost inexhaustible; thus, it is widely used in China. Owing to its prominent environmental friendliness,
wind power generation plays a key role in alleviating power shortages. Moreover, benefiting from the policy
support of the on-grid electricity price, it has achieved rapid growth in recent years.

Within the system, the wind turbine (WT) initially captures and converts wind energy into mechanical
energy. This mechanical energy is then transferred by the transmission system, which incorporates com-
ponents such as gearboxes, to the generator. Operating on the principle of electromagnetic induction, the
generator converts electrical energy into mechanical energy. The resulting alternating current is rectified into
direct current to accommodate diverse power requirements. Furthermore, the pitch angle control system
optimizes energy capture and conversion efficiency by adjusting the blade angle. In contrast, the power
control system ensures the generator’s stable operation across varying wind speeds, thereby guaranteeing the
reliability of the power output. Through the coordinated operation of these components, the wind power
system efficiently transforms wind energy into clean electricity for grid integration.

The active power output of a WT is predominantly governed by wind speed. The WT is activated
once the wind speed reaches the cut-in value. Within the operational range between the cut-in and rated
wind speeds, the output power follows a parabolic profile with respect to the wind speed. However, the
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WT is automatically shut down to prevent structural damage when the wind speed surpasses the cut-out
threshold. The corresponding mathematical representation of the output power is provided in Eq. (2), and
the characteristic power curve of the wind power system is depicted in Fig. 3.

PW T =
⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

0 ν < νin

PW T ,N
(ν−νin)
(νN−νin)

νin < ν < νN

PW T ,N νN < ν < νout

(2)

where ν represents the actual wind speed, νin represents the cut-in wind speed, νN represents the rated wind
speed, νout represents the cut-out wind speed, and PW T ,N represents the rated power.
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Figure 3: Relationship between the active power and the wind speed of the WT.

2.3 Energy Storage Model
In terms of different ESS forms, they can be divided into electrochemical ESS (such as lithium-ion

batteries and lead−acid batteries), mechanical ESS (such as pumped storage and flywheel energy storage),
and electromagnetic ESS (such as supercapacitors and superconducting energy storage). The characteristics
of the various ESS types are compared in Table 1.

Table 1: Comparison of the characteristics of various types of energy storage.

Type Power Density
(kW/kg)

Energy Density
(kWh/kg)

Charge−Discharge
Efficiency (%) Cycle Life (Times)

Lithium-ion battery ESS 0.1–0.5 0.05–0.2 85–95 3000–10,000
Lead-acid battery ESS 0.05–0.2 0.02–0.05 75–85 500–1500

Pumped storage 0.01–0.05 0.5–5.0 70–85 10,000+
Flywheel ESS 5–50 0.005–0.02 85–95 100,000+

Supercapacitor 1–10 0.001–0.005 90–98 1,000,000+

Given that the research object of this paper is resource collaboration at the distribution network level, the
ESS needs to exhibit fast response, flexible installation, and high efficiency. Therefore, a lithium-ion battery
ES is selected as the research object.
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The state of charge (SOC) of the ESS represents the proportion of the currently stored electrical energy
to the rated capacity. Its dynamic change equation is as follows:

SOC (t) = SOC (t − 1) − PESS (t) ⋅ Δt
EESS ,N

(3)

where SOC (t) is the SOC value of the ESS at time t; Δt is the time step; EESS ,N is the rated capacity of the
ESS; and PESS (t) is the charge−discharge power of the ESS at time t.

The safe operation and service life of the ESS are subject to the following charge−discharge power and
SOC constraints:

− PESS ,N ⋅ ηd is ≤ PESS (t) ≤ PESS ,N ⋅ ηch (4)
SOCmin ≤ SOC (t) ≤ SOCmax (5)

When PESS (t) is positive, it indicates charging; when it is negative, it indicates discharging. PESS ,N is
the rated power of the ESS, ηch and ηd is are the charging efficiency and discharging efficiency, respectively,
and SOCmin and SOCmax are the minimum and maximum SOC limits, respectively.

In addition, to avoid the shortening of service life caused by frequent charging and discharging of ES,
the change rate of charge and discharge power must be limited:

−rESS ⋅ PESS ,N ≤ PESS (t) − PESS (t − 1) ≤ rESS ⋅ PESS ,N (6)

where rESS is the power change rate limit.

2.4 Electric Vehicle Model
The charging load of EVs can be divided into two categories: disorderly and orderly. Their mathematical

models are as follows.
Disorderly charging means that after the user connects the EV to the charging pile, charging proceeds

at the maximum power until the battery is fully charged. Its charging power PEV ,d is (i , t) is as follows:

PEV ,d is (i , t) = {PEV ,max (i) , t ∈ [tstar t (i) , tend (i)]
0, others (7)

where i is the number of EVs, PEV ,max (i) is the maximum charging power of the i-th EV, tstar t (i) is the
charging start time of the i-th EV, and tend (i) is the charging end time of the i-th EV. The total disorderly
charging load of N EVs in the system is as follows:

PEV ,d is (t) =
N
∑
i=1

PEV ,d is (i , t) (8)

Orderly charging is a strategy in which, while satisfying the user’s prescribed charging demand,
an optimization algorithm adjusts the initiation time and power level of charging sessions to shift the
aggregate load away from grid peak periods. The mathematical formulation of this strategy is subject to the
following constraints:
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Charging demand constraint: The final SOC is equal to the target value.

SOCinit (i) +

tend(i)
∑

t=tstar t(i)
PEV ,ord (i , t) ⋅ Δt ⋅ ηEV

EEV (i)
≥ SOCtar ge t (9)

where SOCinit (i) is the initial SOC of the i-th EV, PEV ,ord (i , t) is the orderly charging power of the i-th EV
at time t, ηEV is the charging efficiency of the EV, EEV (i) is the battery capacity of the i-th EV, and SOCtar ge t
is the target SOC of the i-th EV.

Charging power constraint: The charging power shall not exceed the maximum charging power.

0 ≤ PEV ,ord (i , t) ≤ PEV ,max (i , t) (10)

The total orderly charging load of N EVs in the system is as follows:

PEV ,ord (t) =
N
∑
i=1

PEV ,ord (i , t) (11)

2.5 Diesel Generator Model
Diesel generators (DGs), as traditional energy generation equipment, have the advantages of flexible

installation, compact size, long service life, and easy maintenance and inspection compared with large-scale
thermal power plants. However, they face significant challenges regarding emissions and environmental
impacts. The characteristics of fast startup, simple operation, and high durability enable DGs to be used
throughout industrial, commercial, and household emergency power supply scenarios. When the power
supply units are generating wind and PV power, although they have low pollution levels, the outputs of
these renewable energy sources exhibit some randomness. They may fail to meet the electricity demand
continuously. DGs can provide stable and reliable power support; thus, they remain essential backup power
sources in scenarios requiring an uninterrupted power supply.

The power generation cost of DGs is as follows:

CDG = aP2
DG + bPDG + c (12)

where PDG is the power output of the DGs, and a, b, and c are the cost coefficients for fuel combustion.

3 Bilevel Scheduling Model and Improved WOA

3.1 Bilevel Optimal Scheduling Model
A bilevel optimal scheduling framework is proposed, as illustrated in Fig. 4. An upper-level model

is formulated to minimize the total operational cost of the distribution network. By integrating the cost
functions and operational constraints of multilevel resources, it generates optimal schedule strategies. These
strategies, which include optimized load and resource output profiles, are subsequently passed to the lower-
level model. The primary focus of the lower level is to evaluate the power balance by comparing the
aggregated resource output with the actual load demand across each time interval. It quantifies any imbalance
and feeds this information back to the upper level if deviations exceed permissible limits. The IWOA then
iteratively refines the solution based on this feedback until the coordinated optimal operation strategy is
ultimately derived.
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Figure 4: Bilevel optimal scheduling model.

3.1.1 Objective Function
Upper-level target: The scheduling and operating costs of the distribution network are minimized. The

operation cost includes both traditional and renewable energy power generation. The objective function can
be written as follows:

min f1 = CPV + CW T + CESS + CDG + CEV (13)
CPV = Cbace

PV + λPV P∗PV (14)
CW T = Cbace

W T + λW T P∗W T (15)

where CPV is the operation cost of PV power generation, including the basic operation and maintenance
cost of PV and the curtailment cost of PV; Cbace

PV is the basic operation and maintenance cost of PV; P∗PV is
the photovoltaic curtailment power; λPV is the photovoltaic curtailment coefficient (set to 0.7); CW T is the
operation cost of wind power generation, including the basic operation and maintenance cost of wind power
and the wind curtailment cost; Cbace

W T is the basic operation and maintenance cost of wind power; P∗W T is the
wind curtailment power; λW T is the wind curtailment coefficient, set to 0.8; CESS is the operation cost of the
ESS; CDG is the power generation cost of the DGs, and CEV is the charging cost of EVs.

Lower-level target: The power balance is taken as the optimization objective, and the power imbalance
index Pub is defined. Based on the resource scheduling benchmark curve output by the upper model, the
power supply and demand deviations at each moment are minimized by dynamically adjusting ESS power
and DG fine-tuning power, ensuring the safe and stable operation of the system. The calculation formula is
as follows:
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Pub =
1
T

T
∑
t=1

∣Pgen (t) − Pl oad (t) ∣
Pl oad (t)

× 100% (16)

Pgen (t) = PPV (t) + PW T (t) + PESS (t) + PDG (t) (17)
Pl oad (t) = Pbase (t) + PEV (t) (18)

where T is the total number of time periods in the scheduling cycle, Pgen (t) is the total power generation of
the system at that time, and Pl oad (t) is the total system load power at that time. If Pub exceeds the threshold,
it is fed back to the upper cost function as a penalty term.

3.1.2 Constraint Conditions
(1) Power Balance Constraint

The output power of each unit in the distribution network must match the load to maintain supply–
demand balance. The load includes the EV charging load and the base load. Any deviation between them will
cause a power surplus or shortage, which is unfavourable to the stable operation of the distribution network.
The formula is as follows:

PPV + PW T + PESS + PDG − PEV − Pbase = 0 (19)

where PPV , PW T , PESS , and PDG are the powers of the PV, WT, ESS, and DGs, respectively; PEV is the charging
load power of the EVs, and Pbase is the base electricity load power. ESS adjusts PESS by real-time charging
and discharging. When PESS > 0, the ESS charge absorbs the surplus power when PESS < 0, the discharge
supplements the power gap to ensure that the power balance constraint is satisfied.
(2) Ramp Power Constraint

DGs are prone to overload when the load increases suddenly or when the power output increases rapidly.
To prevent this situation from affecting the operational stability of DGs, the corresponding ramp power
constraint is set. The formula is as follows:

RDG
t ,dow n Δt ≤ PDG

t (t) − PDG
t (t − 1) ≤ RDG

t ,u pΔt (20)

where RDG
t ,dow n Δt and RDG

t ,u pΔt are the upper and lower ramp rates of the DGs, respectively.
(3) Power Source Output Constraint

When a power source is connected to the distribution network to participate in optimal scheduling, its
upper and lower limits must be constrained to avoid exceeding the limits. The formulae are as follows:

Pmin
PV ≤ PPV ≤ Pmax

PV (21)
Pmin

W T ≤ PW T ≤ Pmax
W T (22)

Pmin
ESS ≤ PESS ≤ Pmax

ESS (23)
Pmin

DG ≤ PDG ≤ Pmax
DG (24)

where Pmin
PV and Pmax

PV represent the upper and lower limits of the PV output, respectively, Pmin
W T and Pmax

W T
represent the upper and lower limits of the wind power output, respectively; Pmin

ESS and Pmax
ESS represent the

upper and lower limits of the ESS output, respectively; and Pmin
DG and Pmax

DG represent the upper and lower
limits of the DG output, respectively.
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3.2 Improved Whale Optimization Algorithm
The WOA is a nature-inspired heuristic algorithm proposed by Mirjalili and Lewis in 2016 that mimics

the unique bubble-net foraging strategy of humpback whales. The whales hunt krill and small fish by creating
spiralling bubbles in a circular or ‘9’-shaped path to trap their prey, a behaviour exclusive to this species.
In this work, this spiral bubble-net feeding mechanism is mathematically modelled to address optimization
problems. It is undeniable that the traditional WOA suffers from a slow convergence speed and a tendency
to become trapped in local optima. To solve this problem, an IWOA was designed. An adaptive weight
mechanism and a chaotic disturbance mechanism are introduced. These mechanisms improve the speed and
accuracy of the search. The algorithm’s performance is further balanced.

The bubble-net foraging behaviour of humpback whales is algorithmically abstracted into three key
phases: exploration, exploitation, and prey encircling. The encircling phase, a specific mechanism within
exploitation, operates under the premise that the current best candidate solution represents the target prey or
is proximate to the global optimum. Once this best search agent is identified, all the other agents update their
positions to move closer to it. The following equations mathematically represent this collective movement:
→

D = ∣
→

C ×
→

X∗ (t) −
→

X (t)∣ (25)
→

X (t + 1) = w ⋅ (
→

X∗ (t) −
→

A ⋅
→

D) + (1 −w) ⋅
→

X (t) (26)

where t is the current iteration number,
→

A and
→

C are coefficient vectors,
→

X∗ (t) is the position vector of the
best solution obtained thus far, and

→

X (t) is the current position vector. If a better solution is available,
→

X∗ (t)
should be updated in each iteration. The calculation processes of vectors

→

A and
→

C are as follows:
→

A = 2
→

k ⋅ →r −
→

k (27)
→

C = 2 ⋅ →r (28)

where
→
r is a random value between [0, 1] and k is an adaptive parameter. It is expressed as follows:

k = 2 − t × 2
T

(29)

where t is the current number of iterations and T is the maximum number of iterations. The value range of
k is linearly reduced from 2 to 0. The expression of the adaptive weight w is as follows:

w = 0.4 + t × 1
2T

(30)

where w is the weight that increases linearly with the number of iterations, its value range is increased from
0.4 to 0.9 [23].

During the exploitation phase (simulating a bubble-net attack), humpback whales employ two con-
current strategies: a shrinking encircling mechanism and a spiral position update. Shrinking encircling is
achieved by decreasing the value of the parameter k, which in turn reduces the coefficient vector

→

A. This
contraction confines the new position of a search agent to a hypersphere centered on the search agent’s
original location and with radius equal to the distance to the current best agent.

The spiral position update mechanism first calculates the distance between the whale at (X , Y) and the
prey at (X∗, Y∗) and then creates k spiral equations between the whale and the prey to imitate the spiral
movement of humpback whales as follows:
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→

X (t + 1) = w ⋅ (
→

D′ ⋅ eql ⋅ cos (2πl) +
→

X∗ (t)) + (1 −w) ⋅
→

X (t) (31)

where
→

D′ is the distance between the i-th whale and the prey, q is a constant defining the shape of the
logarithmic spiral, and l is a random number between [−1, 1].

Notably, humpback whales concurrently employ shrinking encircling and spiral paths during a bubble-
net attack. To emulate this synchronous behaviour, the algorithm assumes an equal probability of selecting
either the shrinking encircling mechanism or the spiral update model at each iteration to update a whale’s
position. This probabilistic selection is mathematically represented as follows:

→

X (t + 1) =
⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

w ⋅ (
→

X∗ (t) −
→

A ⋅
→

D) + (1 −w) ⋅
→

X (t) p ≤ 0.5

w ⋅ (
→

D′ ⋅ eql ⋅ cos (2πl) +
→

X∗ (t)) + (1 −w) ⋅
→

X (t) p > 0.5
(32)

where p is a random number between [0, 1].
In accordance with the bubble-net method, humpback whales also engage in a random search for prey,

which is modelled as the exploration phase. In this phase, a search agent updates its position based on a
randomly selected counterpart rather than the best-known solution, thereby promoting population diversity.
This behaviour is mathematically implemented by enforcing ∣L∣ > 1, which compels the agent to diverge from
the current best solution and explore broader regions of the search space. This mechanism is crucial for
enhancing the IWOA’s global search capability and can be written as follows:
→

D = ∣
→

C ×
→

Xrand −
→

X (t)∣ (33)

and
→

X (t + 1) = w ⋅ (
→

Xrand −
→

A×
→

D) + (1 −w) ⋅
→

X (t) (34)

Finally, the logistic chaotic map is introduced. A sequence with chaotic characteristics is generated. The
population diversity is increased by:

zt+1 = m ⋅ zt ⋅ (1 − zt) (35)

where m is a control parameter, and it is set to 3.9 to ensure that the characteristics are chaotic [24]. zt is
the chaotic value at the t-th iteration. The initial value is 0.5. Thus, the disturbed position can be updated as
follows:

X′ (t) = X (t) + 0.01 × zt (xmax − xmin) ⋅ r (36)

where X′ (t) is the disturbed position, xmax and xmin are the upper and lower bounds of the search
space, respectively.

The IWOA procedure begins with population initialization. Iteratively, each agent updates its position
by referencing either a randomly selected peer (when ∣L∣ > 1) or the current best solution (when ∣L∣ < 1).
The a parameter decreases linearly from 2 to 0, whereas w increases from 0.4 to 0.9, dynamically balancing
exploration and exploitation. The probability p fine-tunes the position update between spiral and circular
motions. A chaotic disturbance is then applied to select individuals, preventing local optima from being
trapped. The algorithm terminates once the stopping criterion is met, with the whole procedure detailed in
Algorithm 1. The specific process for optimizing the multilevel resource collaborative operation strategy, as
proposed in this paper, is shown in Fig. 5.
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Figure 5: The IWOA optimization process.

Algorithm 1: Improved WOA
Input: objective function f (x), dimension dim, search space [xmin, xmax], population size N, and
maximum number of iterations T.
Output: optimal solution X∗, optimal fitness function f (X∗).
Initialize the whale population Xi (i = 1, 2, . . ., N), It is randomly generated within [xmin, xmax];
Calculate the fitness f (Xi) of each individual;
Determine the initial optimal solution X∗;
while (t < T)

Calculate the adaptive parameter a and adaptive weight w;
for each individual from 1 to N;
Update k, A, C, l, and p;

if (p < 0.5);
if (∣L∣ < 1));

Update the position of the current search agent by Eq. (31);
else if (∣L∣ ≥ 1));

Select a random search agent (Xrand );
Update the position of the current search agent by Eq. (34);

end if ;
else if (p > 0.5);

Update the position of the current search by Eq. (32);
end if ;
The boundary of Xi

′

is processed to ensure that it is in the range of [xmin, xmax];
(Continued)
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Algorithm 1 (continued)

Set the probability of chaotic perturbation of Xi
′

;
Calculate f (Xi

′

);
if ( f (Xi

′

) < f (Xi)); Xi = Xi
′

;

f (Xi) = f (Xi
′

);
else if ( f (Xi

′

) > f (Xi)); X∗ = Xi ;
f (X∗) = f (Xi);
end if ;

end for;
Check if any search agent goes beyond the search space and amend it.
Calculate the fitness of each search agent.
Update X∗ if there is a better solution.
(t = t + 1.

end while;
return X∗.

3.3 Coupling Calculation Process
The bilevel model is solved iteratively. The IWOA operates on the upper-level variable. In each iteration,

the lower-level calculates the Pub for the current schedule. A penalty proportional to Pub is added to the
upper-level cost function, guiding the IWOA towards solutions that satisfy power balance. The adaptive
weight w increases with iterations, focusing the search near promising regions, while the chaotic disturbance
periodically diversifies the population. This design promotes convergence toward a high-quality, feasible
solution. The specific calculation process is as follows. The coupling mechanism of the bilevel scheduling
model is shown in Fig. 6.

Upper -level model

Lower-level model

Initialization

Lower layer 
verification

Feedback 
correction

Iterative 
optimization

ubP1f
scheduling 

strategy
power 
curve

Figure 6: The coupling mechanism of the bilevel scheduling model.

Step 1: The upper model loads the inputs and outputs for the new energy and generates the initial
resource-scheduling benchmark curve using IWOA optimization.

X0
u pper = {P0

PV , P0
W T , P0

EV , P0
ESS , P0

DG} (37)

where X0
u pper is the initial data of the upper-level model, P0

PV , P0
W T , P0

ESS and P0
DG are the initial powers of

the PV, WT, ESSs, and DGs, respectively; P0
EV is the initial charging load power of the EVs.
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Step 2: The upper reference curve of the kth iteration is input into the lower-level model to obtain the
lower adjustment variable Xk

l ow er and the corresponding power imbalance index Pk
ub .

Xk
l ow er = {ΔPk

ESS , ΔPk
DG} (38)

where ΔPk
ESS and ΔPk

DG are the adjustment variables of the ESS and DGs, respectively.
Step 3: If Pk

ub is equal to or less than the threshold, then interactive convergence, output Xk
u pper and

Xk
l ow er as the final scheduling strategy. If Pk

ub exceeds the threshold, it is fed back to the upper cost function
as a penalty term. Update upper-level optimization objectives f ∗1 :

f ∗1 = f1 + σ ⋅ Pk
ub ⋅ Pl oad (39)

where σ is the penalty coefficient.
Step 4: The penalty upper-level model is re-optimized based on the updated f ∗1 , generate Xk+1

u pper , repeat
steps 2–4 until convergence.

4 Simulation and Discussion
Based on the IEEE-33 bus system, an active distribution network model with integrated distributed

generation and energy storage systems is constructed. A simulation platform is built using MATLAB 2021a.
The scheduling cycle is set to 24 h, with a simulation step size of 60 min. Within one simulation step, the
load and the output of distributed generation remain unchanged, and the entire cycle is divided into 24
time periods.

Based on the analysis of node-voltage sensitivity [25], selecting voltage weak nodes for accessing new
energy can reduce system voltage deviation. The ESS’s access to the load center node can shorten the output
response distance and reduce the network loss. The DG’s access to the core node on the power supply side is
convenient for providing stable base-load support. The EV charging load is distributed across the user-side
node, which aligns with the actual application scenario. Node selection not only considers system operational
efficiency but also aligns with engineering practice. The basic architecture of the IEEE-33 bus system is shown
in Fig. 7, and the basic parameters of each resource are shown in Table 2.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

26 27 28 29 30 31 32 33

23 24 25

19 20 21 22

PV2

WT1 ESS1

PV1

ESS2

DG WT2

Figure 7: IEEE 33-node topography.
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Table 2: Parameter configuration of each resource.

Type of
Resources

Connected
Nodes Parameter Names Parameter Values

PV 10, 20

Photoelectric conversion efficiency (ηPV ) 0.85
Maximum array area (S) 500 m2

Basic operation and maintenance cost
(Cbase

PV ) 0.336 CNY/kWh

Curtailment coefficient (λPV ) 0.7

WT 5, 15

Cut-in wind speed (vin) 3 m/s
Rated wind speed (vN ) 12 m/s

Cut-out wind speed (vout) 25 m/s
Rated power (PW T ,N ) 200 kW

Basic operation and maintenance cost
(Cbase

W T ) 0.509 CNY/kWh

Curtailment coefficient (λW T ) 0.8

ESS 8, 25

Rated capacity (EESS .N ) 500 kWh
Rated power (PESS .N ) 150 kW

Charging efficiency (ηch) 0.92
Discharging efficiency (ηd is) 0.90

Minimum state of charge (SOCmin) 0.2
Maximum state of charge (SOCmax) 0.8
Power change rate limit (ΔPESS ,max) 30 kW/min

EV 3-33

Number of vehicles (N) 50 vehicles
Maximum charging power per vehicle

(PEV .N ) 6.6 kW

Target state of charge (SOCtar ge t) 0.8
Initial state of charge range 0.2–0.5

DG 2

Rated output power (PDG ,N ) 500 kW
Minimum output power (PDG ,min) 150 kW

Upwards ramp rate (ΔPDG ,u p) 50 kW/min
Downwards ramp rate (ΔPDG ,dow n) 30 kW/min

Power generation cost coefficient (a, b, c) a = 0.002, b = 0.3,
c = 50

4.1 Strategy Selection
Four scheduling optimization scenarios are established in this paper to compare and analyze the role

of various scheduling resources in the optimization process. Scenario 1 is the disorderly charging scenario
of EVs; Scenario 2 integrates ESS while implementing disorderly EV charging; Scenario 3 is the orderly
charging scenario of EVs; and Scenario 4 integrates ESS while implementing orderly EV charging. The
control strategies of the four scenarios are shown in Table 3.
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Table 3: Multilevel resource collaborative optimization strategy.

Scenario Disorderly Charging Orderly Charging ESS
1

√

2
√ √

3
√

4
√ √

The power load curves for orderly and disorderly EV charging are shown in Fig. 8. The comparison
reveals that the disorderly charging load fluctuates sharply and exhibits an extremely high peak value, which
is prone to causing instantaneous power impacts on the power grid. In contrast, orderly charging, through
scheduling optimization, makes the load distribution more uniform and reduces the peak by approximately
20%, effectively suppressing load peaks and facilitating the stable operation of the power grid.

Figure 8: Orderly and disorderly active load of EVs.

The charging and discharging characteristics of ESSs under both orderly and disorderly charging
scenarios are shown in Fig. 9. Under disorderly charging, the ESS exhibits significant SOC fluctuations and
a deep cycle depth, remaining in the low SOC range near 0.1 for extended periods on multiple occasions,
resulting in a long exposure to extreme SOC levels. Under orderly charging, the SOC of ESS changes relatively
smoothly with a small cycle depth, and there is no prolonged exposure to extreme SOC levels. It maintains
a stable medium-to-high SOC during intermediate periods, thus extending the service life of ESS.

A comparison chart of the optimized load curves for these three scenarios is shown in Fig. 10. Among
them, Scenario 4, where EVs adopt orderly charging and ESS participate in optimized scheduling, has the
most ideal optimized load curve, with the most significant effects on peak shaving, valley filling, and load
curve smoothing. There is a little difference in the capacity of the scheduled resources between Scenario
1 and Scenario 3; however, orderly charging can reduce the peak-valley difference, resulting in Scenario 3
outperforming Scenario 1. Although Scenario 2 integrates the ESS, disorderly charging significantly impairs
its regulatory capability. In summary, Scenario 4 is selected as the research scenario for the multilevel
resource coordinated operation strategy.
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(a) (b)

Figure 9: Charging and discharging characteristics of ESSs under both orderly and disorderly charging scenarios:
(a) Active power of ESS in an orderly and disorderly manner; (b) SOC of ESS in an orderly and disorderly manner.

Figure 10: Optimization comparison curve of each scenario.

4.2 Power Balance Analysis
Power balance is the bottom line for the safe operation of distribution networks. In this paper, a

multilevel resource scheduling strategy is obtained through the IWOA. The output status of each resource
level is shown in Fig. 11, where Fig. 11a presents the output of renewable energy resources and Fig. 11b shows
the output of traditional energy resources.

The total supply power of multilevel resource scheduling can be obtained from renewable and traditional
energy sources. The total demand power consists of the EV charging load and the power grid’s base load.

In this paper, the IWOA achieves high-precision and low-fluctuation power balance through multilevel
resource scheduling, as shown in Fig. 12. The maximum power deviation within 24 h is only 5 kW, the average
deviation is 1.2 kW, and the supply–demand matching accuracy exceeds 99.8%. Only minor deviations occur
in 2 time periods, and the algorithm effectively controls both. The first is during 14:00–14:30, when the PV
output rises rapidly, the ESS charging fails to fully respond immediately, resulting in a 3–5 kW surplus. The
second is during 18:30–19:00, when PV power is available, and wind power fluctuates, the ramp-up of DGs
lags temporarily, causing a 2–3 kW shortage. However, the IWOA controls the deviation within 5 kW by
scheduling the ESS to discharge in advance.
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Figure 11: Output status of each resource level: (a) Output of renewable resources; (b) Output of traditional resources.

Figure 12: Curves of power balance.

In addition, this paper simulates the power balance under different weather conditions. The first day
is sunny, the second day is cloudy, and the third day is rainy. Within 72 h, the average power deviation was
2.7 kW, and a higher deviation (6.8 kW) was observed on the third day, due to more unstable renewable
energy generation. Nevertheless, the strategy maintains a supply-and-demand matching accuracy of more
than 99.5% throughout the three days. The specific situation is shown in Fig. 13.

4.3 Resource Participation Analysis
The coordinated output proportion of multilevel resources in the system within 24 h under IWOA

optimization is clearly shown in Fig. 14. This power generation structure is not a simple superposition of
various power sources but a result of coordinated scheduling characterised by in-depth temporal and spatial
coupling and dynamic complementarity.
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(b)(a)

Figure 13: Situation power balance under different weather conditions: (a) 72 h power deviation; (b) Statistical
distribution of daily power deviation.

Figure 14: Multilevel resource participation.

DGs maintain high output during the nighttime, morning, and evening peak periods, assuming that the
base-load supply and power guarantee are responsible. However, during the day, when PV output increases,
the proportion of power generation is proactively and significantly decreased. This creates conditions to
increase PV output, which has the lowest core cost, and to achieve capacity coordination and electricity
substitution between traditional energy and renewable energy. The orderly charging of EVs is accurately
aligned with the noon and night trough periods, when DGs need to provide support and PVs begin to decline.
On the one hand, this move utilises inexpensive electricity; on the other hand, by filling the load valley, the
net load curve is smoothed, which indirectly stabilises the output rate of the DGs and reduces the loss of
frequent adjustment.

ESS, as the core hub of coordinated scheduling, plays a role throughout the entire process. They charge
when the PV output is high and total power generation is in surplus, and discharge in the evening when the
PVs are exhausted and the load increases. This behaviour not only achieves peak-valley arbitrage but also
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shifts the PV output in the temporal dimension, alleviating pressure on DGs during periods of steep ramping
and ensuring a smooth and stable transition of the power generation structure shown in Fig. 14.

4.4 Operation Cost Analysis
The IWOA, WOA, CWO, AWOA, PSO, and GA are compared to evaluate the operational costs

associated with each resource level. The results of this comparative analysis are illustrated in Fig. 15a,
which clearly shows that the IWOA significantly enhances the algorithm’s convergence speed. The chaotic
disturbance avoids local optima through diversity optimization, and the adaptive weight increases iteration
speed by dynamically adjusting the search weight, resulting in better iteration performance for IWOA than
for AWOA with only an adaptive weight and CWOA with only chaos [26]. The substantial differences in
final total costs among the various algorithms clearly demonstrate that the IWOA achieves optimal cost
optimization performance, with a final total cost of 9.72 × 104 CNY (Fig. 15b). In conclusion, the IWOA has
distinct advantages in terms of both convergence speed and global search capability in this comparison.

Figure 15: Comparative analysis of the different algorithms: (a) Convergence curves of different optimization
algorithms for the solution; (b) Costs obtained by different optimization algorithms.

The optimized scheduling scheme is shown in Fig. 16, and the cost proportion of each resource is
presented in Fig. 17. The results of the cost analysis indicate that the optimized scheduling scheme has a
reasonable and efficient cost structure. The cost of DGs, which accounts for the largest share, is effectively
controlled at 48.2% through IWOA. Their output curve forms a dynamic complementarity with renewable
energy, significantly reducing fossil fuel consumption by 15%. Moreover, by orderly guiding the charging
load of EVs to off-peak periods, an 18% cost savings is achieved, and the system’s dependence on high-cost
peak-shaving resources is reduced. The low operation and maintenance costs of renewable energy (8.3% for
photovoltaics and 6.1% for wind power) and the low proportion of curtailment costs (3.8%) demonstrate the
IWOA’s excellent ability to increase the consumption of clean energy. In addition, although the ESS incurs
certain expenses, the indirect benefits from its peak-valley arbitrage make it a key link in achieving overall
cost optimization. The cost before and after multilevel resource optimization is shown in Table 4.
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(b)

(a)

Figure 16: Optimized scheduling scheme: (a) Multilevel resource scheduling strategy before optimization;
(b) Multilevel resource scheduling strategy after optimization.

Figure 17: Cost proportion of each resource: (a) Proportion of multilevel resource operation costs before optimization;
(b) Proportion of multilevel resource operation costs after optimization.
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Table 4: Cost before and after multilevel resource optimization.

Resources Costs Before Optimization (CNY) Costs After Optimization (CNY)
DG 64,960 44,806.4
EV 20,160 20,995.2
WT 6160 8067.6
PV 4480 5929.2
ESS 16,240 17,204.4

4.5 Sensitivity Analysis
To verify the robustness of the key parameters of IWOA, this paper conducted a sensitivity analysis of

the system. When the chaotic control parameter m = 3.9, the algorithm obtains the lowest total cost. When
m deviates from this optimal value, the cost gradually increases, indicating that m is stable in the range of
3.8–4.0, as shown in Fig. 18. Similarly, when the perturbation probability is 10%, the optimal balance is
reached. If the perturbation probability is too high, it leads to random search, and if it is too low, it is difficult
to escape a local optimum. The adaptive weight w, in the range [0.4, 0.9], provides the best balance between
exploration and development. These parameter settings are consistent with the recommendations of the
literature [25,26], ensuring the robust performance of IWOA.

Figure 18: Double sensitivity analysis of control parameters and perturbation probability.

5 Conclusions
In this paper, a multilevel resource coordination scheduling strategy based on the IWOA was pro-

posed to address the increased operational complexity of distribution networks with a high proportion of
distributed energy integration. Through simulations, several conclusions can be drawn as follows:

(1) The improved WOA could converge faster, with the total system operation cost (9.72× 104 CNY) being
significantly lower than those of the WOA, CWOA, AWOA, PSO, and GA.

(2) By the optimization process, the cost proportions of various resources were reasonable, the clean
energy absorption rate was improved, fossil fuel consumption was reduced by 15%, and the cost of
orderly EV charging was decreased by 18%.
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(3) The accuracy of supply–demand matching exceeds 99.8%, and the power deviation was less than 5
kW, ensuring system safety and stability. This strategy can provide a feasible solution for the optimized
operation of distribution systems with a high proportion of renewable energy.

Future research should consider the load-forecasting uncertainty, the randomness of renewable energy
output, and more complex robust optimization or distributional robust optimization methods. Given the
computational efficiency of ultra-large-scale distribution networks, further research is needed. Finally, the
scope of verification should be expanded.
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