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Abstract: During the load distribution of hydropower units, the frequent crossing of vibration
zones as well as large output fluctuations affect the stability of the power station. A multi-objective
double-layer intelligent nesting model that considers the constraint of the output fluctuation of units
is proposed to address these problems. The nonlinear constraint unit commitment optimization
model layer is built based on outer dynamic programming, and the load distribution optimization
model layer is constructed based on the improved biogeography-based optimization algorithm.
Simultaneously, the unit output fluctuation constraint is established based on whether the unit
combination changes in order to limit the unit output fluctuation. The results of this model indicate
that compared with traditional load allocation models, the application of the method proposed
in this paper can reduce the fluctuation range of unit output by 85.01%. In addition, except for
the inevitable vibration zone crossings during startup and shutdown processes, the unit does not
cross the vibration zone during operation, which greatly improves the unit’s vibration isolation and
optimization capabilities. The multi-objective double-layer intelligent nested model proposed in this
paper has significant advantages in the field of load allocation for hydropower units. It effectively
improves the stability and reliability of unit operation, and this method can be applied to practical
load allocation processes. It is of great significance for the research on load allocation optimization of
hydropower units.

Keywords: unit output fluctuation; double-layer nested model; improved biogeography-based
optimization algorithm; load distribution optimization; hydropower unit; crossing vibration zone

MSC: 90-10

1. Introduction

During the operation of hydropower units, the power station needs to coordinate the
startup/shutdown and output between units and complete its load distribution according
to the optimization goal of “the maximum benefit of the power station” or “the minimum
water consumption of the power station” [1]. Moreover, some nonlinear and nonconcave
constraints, including flow constraint, startup and shutdown times, and minimum running
time, must be considered to meet the load deviation of the power grid [2]. However, during
the actual operation of hydropower units, the received demand load, within a short time,
exhibits a large fluctuation range and a corresponding long fluctuation period [3]. Thus,
the unit inevitably crosses the vibration zone, which will increase the instability of the
unit in the operation process [4]. The traditional dynamic programming model fails to
perform a reasonable and efficient load distribution of the unit at the time and space scale
while considering multiple constraints simultaneously. In addition, it cannot account for
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the economy and safety of the unit [5], leading to the frequent startup and shutdown of
the unit as well as the crossing of the unit through the vibration zone. This reduces the
operating life of the unit and affects the stability of the power station [6]. At the same time,
with the higher frequency and magnitude of load fluctuations caused by the large-scale
grid connection of new energy sources [7], hydropower units need to be able to optimize
load distribution even more. In this context, the study of load distribution optimization of
hydropower units is particularly crucial [8].

Several studies have attempted to solve the problem of a unit that crosses the vibration
zone during operation to realize the safe operation of the unit. Yang et al. [9] proposed
an active vibration avoidance control strategy and an active ride-through control strategy.
When a hydroelectric unit operates within the vibration zone, the active vibration avoidance
control strategy can delay the time for the participating unit to pass through the vibration
zone, while the active ride-through control strategy can actively pull up or down the
power reference value outside the vibration zone, preventing the unit from operating in
the vibration zone. In addition, Wang et al. [10] conducted a joint evaluation by combining
economic operating conditions with unit state operating conditions, strictly prohibiting the
unit from operating in vibration and vortex zones, in order to achieve maximum power
generation efficiency. In the above research, a scheme to limit the operation of the unit in
the vibration zone was proposed to reduce the loss. However, it did not fully consider
the fluctuation of the unit when crossing the vibration zone and the losses caused by
startup and shutdown. In the literature [11,12], the irregular vibration zone constraint
was transformed into mixed-integer linear programming (MILP) linear constraint form by
adopting a convex subdivision algorithm for the vibration zone, and the unit was optimized
by combining the solver. Liao et al. [13] established the MILP model and proposed an
iterative direct solution method based on the total head, which not only considers the head
change and the water consumption during unit startup and shutdown, but also considers
the water consumption crossing the vibration zone. MILP has a wide range of application
areas and its modeling is relatively simple. However, MILP has poor scalability, long
solving time, limited handling of discrete variables, and limited handling of nonlinear
constraints. These drawbacks limit its application in large-scale problems.

Recently, the biogeography-based optimization (BBO) algorithm has been widely used
in systems engineering, which requires rapid decision making, because of its advantages,
including few adjustable parameters, fast convergence, and good compatibility. Chen
et al. [14] improved the transfer model and transfer operator to solve the operational prob-
lem under wind power grid connection, thereby achieving approximation of the Pareto
optimal frontier solution. Li et al. [15] proposed an adaptive migration rate and added
differential perturbations to the migration operator of the migration mechanism, using this
improved biogeographical optimization algorithm to optimize the utilization of renewable
energy. Liu et al. [16] proposed an updated method for node information exchange in a
BBO algorithm based on the small-world characteristics of power grid topology, which
reduces the time complexity of the algorithm and improves the efficiency of analyzing
complex power grids. Pei et al. [17] employed the migration distance to enhance the
migration operator, improve the local search capability, and accomplish the proportional
integral derivative (PID) parameter optimization of the controller. Garg et al. [18] applied
a constrained Laplacian BBO algorithm to the Economic Load Allocation (ELD) problem
in electrical engineering, effectively reducing fuel consumption and emission costs while
meeting load demands. However, in the above references, the relationship between indi-
vidual fitness and population average fitness is not considered to update the migration
model and migration operator dynamically in real time. Meanwhile, in the application of
BBO algorithms, there is also less research on the field of load distribution of hydropower
units under complex and nonlinear constraint conditions.
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Based on the aforementioned discussion, a double-layer nested model of improved
biogeography-based optimization–dynamic programming (IBBO-DP) with multiple ob-
jectives and constraints is developed in this study. First, a daily load distribution model
of hydropower units with the objective function of minimizing water consumption was
established. Second, the concepts of the unit joint vibration zone and cross-vibration zone
risk coefficient, as introduced in [19], were utilized to set vibration zone constraints and
unit start–stop constraints, respectively, in order to avoid unit losses caused by crossing
vibration zones and frequent start–stop operations. They were also set as penalty terms
for the objective function in the program. The inner-layer model was employed for load
distribution optimization. Subsequently, the IBBO algorithm was utilized to dynamically
adjust the model’s migration function based on the relationship between population and
individual fitness, and the idea of mixed crossover was introduced in the migration opera-
tor to achieve an adaptive update strategy, accelerate the algorithm’s convergence speed
and optimization ability, and achieve the optimal load distribution for unit combinations.
In addition, to reduce the fluctuation in output caused by demand load and combination
changes, a constraint for output fluctuation was constructed, and an evaluation index for
output variation was established. This index, based on the optimal output distribution
in the previous time period, measures and limits the fluctuation in output by judging
whether the unit combination has changed. Finally, example calculations demonstrate
that compared with the traditional BBO algorithm, this model can effectively improve the
convergence speed and accuracy of the algorithm. Furthermore, compared with traditional
double-layer dynamic programming, this model can effectively save water consumption,
allocate unit loads more reasonably, reduce the number of crossings in unit vibration zones,
and decrease the fluctuation in unit output.

2. Daily Load Distribution Model of Hydropower Units
2.1. Objective Function

In this article, the objective function is to minimize the water consumption of the unit,
and the calculation method is as follows:

(1) First, the mapping relationship between the flow and efficiency of the turbine is
obtained by drawing the comprehensive characteristic curve of the turbine;

(2) After obtaining the historical data of the real hydropower station, data preprocess-
ing and flow evaluation are conducted for the subsequent calculation through data
screening, so as to obtain the calculation range of efficiency (since this part is not the
core content of this article, it is not described in detail considering the length of the
article);

(3) After the unit output is obtained by applying the proposed method to load distribution,
the corresponding unit flow is calculated according to the formula P = 9.81QHη, so
as to screen the optimal solution.

(1) The minimum water consumption is expressed as

W = min ∑I
i=1 ∑T

t=1

(
Qi,t(Ht, Pi,t) ∗ ∆t + λi,t(1− λi,t−1) ∗Won_o f f + ncross ∗Wcross

)
(1)

(2) The minimum deviation from the power grid load is given by

θt = min

∣∣∣Pdt −∑I
i=1 Pi,t

∣∣∣
Pdt

. (2)

In Equations (1) and (2), I is the number of units, T is the number of periods,
Qi,t(Ht, Pi,t) is the flow consumption of the ith unit in period t based on its head and
output, ∆t is the time granularity, λi,t is the startup/shutdown state of the i-th unit in
period t expressed in the binary system with 1 as the starting point and 0 as the stopping
point, ncross is the number of times the unit crosses the vibration zone, and Won_o f f and
Wcross are the extra startup and shutdown times (excluding the initial startup/shutdown)
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of the unit in the dispatching process and the equivalent water loss through the vibration
zone, respectively. Pi,t and Pdt are the output of the ith unit and the demand load of the
power grid during period t, respectively, and θt is the percentage deviation between the
sum of the output of each unit and the demand load of the power grid during period t.

2.2. Nonlinear Constraint Conditions
2.2.1. Basic Constraint Conditions

Simultaneously, other constraints aside from flow, storage capacity, and maximum
and minimum output constraints should be considered.

(1) The upper and lower limit constraints of the output are expressed as

(
Pi,t − Pi,t

)(
Pi,t − Pi,t

)
≥ 0. (3)

(2) The unit startup/shutdown time constraints are as follows:{
Ton

i − Ton
min ≥ 0

To f f
i − To f f

min ≥ 0.
(4)

(3) The unit additional startup and shutdown time constraints are given by

0 ≤∑T
t=1 ∑I

i=1 Non,o f f
i,t ≤ Non,o f f

max . (5)

(4) The grid demand–load deviation constraint is expressed as

Pdt ∗ (1− δ) ≤∑I
i=1 Pi,t ≤ Pdt ∗ (1 + δ). (6)

(5) The water balance and reservoir capacity constraints are expressed as follows:{
Vt+1 = Vt +

(
Qin

t −Qout
t
)
× ∆t + Wqt−1

Vmin ≤ V ≤ Vmax (7)

In the above-mentioned equations, Pi,t and Pi,t are the upper and lower limits of the

vibration zone in MW, respectively, Ton
i and To f f

i are the continuous starting and stopping

times of the ith unit, respectively, Ton
min and To f f

min are the minimum limit times for starting and

stopping the i-th station, respectively, Non,o f f
i,t represents the extra startup/shutdown times

of the i-th unit at t moment, Non,o f f
max is the sum of the maximum allowable startup/shutdown

times of all units in the entire dispatching process, and δ is the deviation of the power
grid demand load when the hydropower unit of the hydropower plant is integrated into
the grid, which is the initial given parameter of the power plant. Vt, Vt+1, Vmin, and Vmax

represent the storage capacity of the power station at time t and t + 1, respectively, and
the minimum and maximum values of the storage capacity of the power station, Qin

t and
Qout

t represent the inlet flow and outlet flow of the power station at time t, respectively, and
Wqt−1 represents the disposal volume of the power station at time t − 1.

2.2.2. Output Fluctuation Constraint

In the optimal load distribution, the constraint of the unit output fluctuation is added
as Zt1, Zt2, . . ., Ztn, which represents the N unit combinations in period T (t > 1), and Zt−1,
which is the corresponding combination of optimal load distribution in period t − 1, to
avoid large fluctuations in the unit output when the demand load fluctuates in a small
range in a continuous period.
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For any solution Zti of N combination solutions, the following applies:
(1) If Zti ̸= Zt−1, the unit combination changes during the current period. The output

P∗i,t of the newly started unit should satisfy the constraint presented in Equation (8) to
reduce the fluctuation in the unit output when the combination changes.

Pn
i,min ≤ P∗i,t ≤ Pn

i,max, (8)

where Pn
i,min and Pn

i,max are the minimum and maximum boundaries of the nth operational
zone of the i-th unit, respectively.

Then, the sums of the output of newly started units are added and subtracted, the sum
of the output is lost during shutdown, and the change value of the demand load under Zti
combination is obtained, indicating the corresponding output of the continuously started
units that needs to be increased or decreased. This is taken as a range constraint to limit its
fluctuation.

∆P = ∑I1
i=1 P∗i,t −∑I2

i=1 P∗i,t−1 −
(
∑I

i=1 Pi,t−1 − Pt

)
(9)

max
(
∑Ion

i=1 Pon
i,t−1 − ∆P, Pn

i,min

)
≤ Pon

i,t ≤ min(∑Ion
i=1 Pon

i,t−1 + ∆P, Pn
i,min) (10)

Here, ∑I1
i=1 P∗i,t is the sum of the output of I1 newly opened units at time t. This will be

0 if there is no newly opened unit at the current time. ∑I2
i=1 P∗i,t−1 is the sum of the output of

I2 shutdown units that need to be absorbed during the period t− 1 to the period T. This
will be 0 if there is no new shutdown unit in the current period. ∑I

i=1 Pi,t−1 − Pt is the load
transfer value between time periods, that is, the difference between the sum of the actual
group output of the last stage machine and the current given demand load Pt. Pon

i,t is the
corresponding output of the Ith unit in Zti and Zt−1, and Ion is the number of Ion units in
both combinations.

∆P is updated to ∆Pupdate when Ion>1 to further limit the output range constraint.{
∆Pupdate = ∆P−∑Ion

i=1(Pon
i,t − Pon

i,t−1), ∑I
i=1 Pi,t−1 < Pt

∆Pupdate = ∆P−∑Ion
i=1(Pon

i,t−1 − Pon
i,t ), ∑I

i=1 Pi,t−1 > Pt
(11)

(2) If Zti = Zt−1, that is, when the unit combination does not change in the current
period, the load fluctuation is equally distributed to the running units.

∆P =
∑I

i=1 Pi,t−1 − Pt

non
(12)

2.3. Fluctuation Evaluation Index

It is necessary to judge the stability of the overall change curve using qualitative
analysis indicators to address the instability of and fluctuation in the load change in the
unit output [20]. Therefore, the output curve of each unit in the operation cycle was
evaluated using three indicators.

The average fluctuation amplitude was used to characterize the change and fluctuation
in the continuous curve in adjacent periods [21]. The degree of fluctuation in the curve is
proportional to the numerical value, reflecting the discrete degree of continuous data to a
certain extent.

S i
AVR =

1
T ∑T−1

t=1

(
Pi,t+1 − Pi,t

Pi,max
× 100%

)
(13)

The power distribution skewness is an effective index of the fluctuation and inclination
degree of the output curve of the reaction unit, and its value is directly proportional to the
degree of the curve fluctuation [22].

S i
P =

1
T ∑T

t=1

(
Pi,t − Pi

S i
SD

)3

(14)
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Si
SD =

√
∑T

t=1
(

Pi,t − Pi
)2

T
(15)

The output fluctuation ratio takes the average value of the unit output fluctuation in
the load distribution period as the index to characterize the fluctuation trend.

S i
epsilon =

∑T
t=1
∣∣Pi,t − Pi

∣∣
∑T

t=1 Pi,t
× 100% (16)

where Pi is the average output of the i-th unit during the load distribution and Si
SD is the

standard deviation of the i-th unit.

3. Improved Biogeography-Based Optimization Algorithm
3.1. BBO Algorithm

The BBO aims to find the optimal solution by simulating the migration and emigration
of adjacent individuals in the process of evolution and combining the mutation of these
individuals. The fitness index of habitats is calculated before and after each migration to
evaluate the quality of candidate solutions for waiting problems and compare individuals
and habitats. Note that the species migration model and species migration operator are two
important factors in the migration process. In addition, the fitness index of the habitat can
be obtained by calculating the immigration probability and emigration probability of each
individual, and the information between habitats can be transferred to improve the fitness
of the entire solution group. Moreover, the fitness index is proportional to the quality of
the candidate solutions.

The traditional migration model expressed in Equations (17) and (18) represents the
evolution process of the i-th individual species with the number of species n; λmax and
µmax are the maximum immigration rate and the maximum emigration rate, respectively,
and λ and µ are the immigration and emigration probabilities, respectively. However, the
oversimplified curve of species migration cannot simulate biological migration with high
accuracy, because of which the model cannot meet the new requirements.

λi = λmax

(
1− i

n

)
(17)

µi =
µmaxi

n
(18)

In the BBO algorithm [23,24], a single individual can be considered as a habitat, and
a habitat has a high habitat suitability index (HSI) if it is suitable for living organisms,
and the influence factor related to HSI is the suitability index variables (SIVs). The HSI
values between different habitats are exchanged through migration activities, which help
to improve the overall fitness of the candidate solution set. Equation (19) then represents
the species migration activity between habitats HSIj and HSIi. Ω(λ, µ) is the migration
operator, which adjusts the habitats through the migration probability λ and the emigration
probability µ.

Ω(λ, µ) : HSIi( fSIV)← HSIj( fSIV) (19)

3.2. Improvement of BBO Algorithm
3.2.1. Improvement of the Migration Model

Ma et al. [25,26] have studied the influence of different migration function models on
migration results, in which a sinusoidal function has better performance in simulating real
evolution, and two-stage species migration models with different fitness were proposed.
Therefore, in this study, we compared the relationship between the individual fitness and
the average fitness of the population to replace migration models. At the beginning of popu-
lation reproduction, species often have a higher immigration rate and lower emigration rate.
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At the beginning of population reproduction, habitats tend to have a higher population
migration rate and lower population migration rate. With the increase in species number,
the migration rate of species in a habitat becomes lower and the migration rate becomes
higher [14]. Meanwhile, with the increasing number of species, the habitat environment
becomes worse, the migration rate of species is lower, and the migration rate is higher.
The habitat has low adaptability and should be moved out when the individual habitat
fitness index is lower than the group average fitness index. On the other hand, when the
individual index is higher than the group average fitness index, the emigration function is
dynamically adjusted, and the appropriate emigration rate is independently selected using
Equations (20) and (21).

λi =
λmax

2

(
sin
(

π

2
+

iπ
n

)
+ 1
)

(20)

µi =

{ µmax
2 , F(i) < F_average

µmax
2

(
−sin

(
π
2 + iπ

n

)
+ 1
)

, F(i) ≥ F_average
(21)

Here, F(i) is the fitness of the i-th individual and F_average is the average fitness of
the contemporary population.

3.2.2. Improvement of the Migration Operator

With the hybrid cross-mutation operation in the genetic algorithm, the traditional
operator can be replaced by a hybrid migration operator [14], as shown in Equation (22).
However, in this formula, r is a random parameter, which has certain randomness and
cannot properly reflect the law of species migration and change. Therefore, the migration
function in Equation (23) is used to realize the dynamic replacement of hybrid factors,
and the habitat information and feature fusion in the migration process are dynamically
adjusted by combining the habitat adjustment process with the actual migration probability.
This avoids the simple substitution of the migration operator and the randomness of the
random number r and synthesizes the change in the habitat fitness, which is conducive
to expanding the search range of the optimal solution, enhancing the candidate set, and
avoiding falling into a locally optimal solution. The traditional migration operator in the
BBO algorithm can be replaced by a hybrid migration operator by combining the hybrid
cross-variance operation in the genetic algorithm [14]; see Equation (22). The parameter
r in Equation (22) satisfies a uniform distribution in the interval [0, 1], and the hybrid
cross-variance operation allows the SIV in habitat HSIi in Equation (22) to no longer simply
be replaced by the SIV in habitat HSIj, but to take a co-mixing approach, ensuring that
habitats with high solution set quality are not weakened in the species migration process,
while also allowing habitats with lower solution set quality to share SIVs with those of
higher solution set quality during the migration operation, improving the overall quality
of the solution set. However, r is a random parameter with some randomness. When the
value of r is high, it makes habitats with high HSI values participate less in the migration
process, but instead increases the influence of habitats with low HSI values in the migration
process, which does not well reflect the pattern of species migration changes. In this paper,
the migration operator in Equation (23) is used to achieve dynamic replacement of the
mixing parameters. When the HSI value of HSIj is higher than that of HSIi, the migration
probability µj of habitat HSIj and the migration probability λi of habitat HSIi are both
lower, and

(
1− µj

)
HSIj( fSIV) is greater than λi HSIi( fSIV) according to Equation (23); the

same is true when the HSI value of HSIj is lower than that of HSIi. Therefore, Equation (23)
can effectively increase the influence and participation of habitats with high HSI values in
the migration process, avoiding the simple substitution of the migration operator and the
larger randomness of the random number r. It better integrates the change in habitat fitness,
which is conducive to expanding the search range of the optimal solution and achieving
the purpose of enhancing the candidate set and avoiding getting trapped in a local optimal
solution.
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Ω∗(λ, µ) : HSIi( fSIV)← rHSIi( fSIV) + (1− r)HSIj( fSIV), (22)

Ω∗(λ, µ) : HSIi( fSIV)← λi HSIi( fSIV) +
(
1− µj

)
HSIj( fSIV), (23)

4. Double-Layer Nested Model Solving Process

In this study, the IBBO and DP models are nested to form a double-layer intelligent
algorithm system, in which the IBBO model is the inner layer and the DP model is the
outer layer. The DP model is used to optimize the unit commitment under constraints and
obtain the candidate combination solution set (regarded as the most promising region).
Furthermore, the inner-layer IBBO model is used to calculate the output distribution of
the combinations in the candidate solution set using Equations (1) and (2) as the objective
functions. Simultaneously, the optimal load distribution is carried out in combination
with the output fluctuation constraint to limit the output fluctuation degree in the load
distribution process, and the optimal solution is ultimately obtained. The specific steps are
as follows:

(1) Combination screening of the outer layers. There are 2n combination schemes for n
hydraulic units, excluding those units that do not conform to Equations (3)–(7), and
the remaining units are reserved as the input of the inner model of the candidate
combination solution set.

(2) Calculation of the inner-layer output distribution. The output calculation is carried
out for each combination in the combination candidate set. First, the population ini-
tialization is performed. Based on Equations (8)–(12), in the population initialization
stage, the generation space of the solution is reduced using Equations (9) and (10)
to limit the excessive increase or decrease in the unit output when the demand load
changes. Then, the individual habitat suitability index is evaluated. Moreover, the
migration model and migration operator expressed in Equations (20)–(23) are used
to transfer and exchange information for individuals to expand the search range of
the solution space, re-rank the habitats after information exchange, and obtain the
optimal solution of the unit commitment output under the current iteration based on
the maximum fitness.

(3) Obtaining the output distribution results corresponding to each combination in
the candidate set of unit combinations at the end of the algorithm. It is neces-
sary to comprehensively consider the vibration zone crossing coefficient, the extra
startup/shutdown times of the unit, and the water consumption of the unit to select
the optimal solution in the candidate set. The optimal unit combination and output of
the corresponding unit in the current period can be obtained.

(4) Recording of the unit combination allocation information and related running time
for completing the output allocation in the current period. Proceed to step (5) if t ≥ 96
is reached, otherwise return to step (1).

(5) Analysis of the process data, including the flow rate and water consumption of the
entire process, and ending the optimization of the operation strategy as a whole.

The load distribution time by time is optimized by using the double-layer nested
model. The calculation flowchart of the model is shown in Figure 1.
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5. Case Study
5.1. Ertan Hydropower Station

Ertan Hydropower Station is located at the junction of Yanbian and Miyi counties in
Panzhihua City, the southwestern border of Sichuan Province, China, at the downstream
end of the Yalong River, the largest tributary of the Jinsha River, as shown in Figure 2 [27].
Ertan Hydropower Station is the first power station in the three-stage development of
the Yalong River Hydropower Base, which has the Guandi Hydropower Station and the
Tongzilin Hydropower Station upstream and downstream, respectively. The total installed
capacity of Ertan Hydropower Station is 3300 MW, consisting of six units of the same type,
with a guaranteed output of up to 1000 MW and a multiyear average power generation
capacity of 17 billion kW·h. The rated capacity and maximum output of each unit of Ertan
Hydropower Station is 550 MW, the minimum output is 20 MW, and the minimum and
maximum operating units are 2 and 6, respectively.
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The data for this case study were selected from 15 min steps of power station demand
load variation and generation head variation data for a single day in mid-March 2020
at Ertan Hydropower Station, as shown in Figure 3. The relevant parameters of Ertan
Hydropower Station are shown in Table 1.
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Table 1. Relevant parameters of Ertan Hydropower Station.

Parameters Values Units Parameters Values Units

Normal storage
level/maximum water level 1200 m Unit vibration zone [0, 20] ∪

[160, 430] MW

Dead level/minimum
water level 1150 m Minimum operat-

ing/shutdown time 1 h

Maximum power
generation head 186 m Total storage

capacity 5.8 km3

Minimum power
generation head 135 m Regulating reservoir

capacity 3.37 km3

5.2. Case Analysis and Discussion

In order to verify the performance of the IBBO algorithm obtained by making improve-
ments to the migration model and migration operator in this paper, a load period with a
step length of 15 min was randomly selected from the selected computational data. On the
MATLAB R2022b platform, the IBBO method proposed in this paper was compared with the
IBBO algorithm proposed in reference [14] and converged with the traditional BBO algorithm,
and they were set into three groups, A, B, and C, respectively. Based on past experience,
the total number of iterations for the three algorithms was set to 300 and the population
size was set to 50, and the rest of the relevant parameters were consistent with those of the
reference [14]. The comparison of algorithm convergence curves is shown in Figure 4.

As can be seen from Figure 4, the overall convergence performance of Algorithm A
is the best, and the curve converges to 1304.61 m3/s at 50 iterations, which is 3.87% and
5.78% less than that of Algorithms B and C, respectively. Therefore, this shows that the
convergence performance of Group A has been effectively improved by improving the
migration model and operator, and the solution quality is better than that of the traditional
BBO algorithm.

The IBBO-DP model and conventional dual dynamic programming (DDP) were used
to calculate the load allocation of hydro units for the selected Ertan power plant demand
load and generation head data, the unit crossing vibration zone constraint and unit output
fluctuation constraint were not considered in the DDP model, and finally the load allocation
results of the two models were compared with the actual operation results, as shown in
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Table 2. It can be seen that the IBBO-DP model consumes the least amount of water in
load distribution, saving 0.672% and 3.900% in water consumption compared with the
DDP and actual operation results; the unit operates with the highest safety, achieving
zero crossing of the unit’s vibration zone, avoiding 30 and 12 nonessential vibration zone
crossings compared with the DDP and actual operation results, respectively.
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Table 2. Comparison of load distribution results.

IBBO-DP DDP Actual Operation

Total water consumption/m3 1.034 × 108 1.076 × 108 1.041 × 108

Average water consumption
rate/(m3/kW·h) 2.581 2.685 2.597

Additional startup and shutdown
times/times 0 0 0

Times crossing vibration zone/times 0 30 12

Figure 5 shows the hourly generation savings of IBBO-DP compared with DDP during
the load distribution process. As the demand load of Ertan Hydropower Station gradually
increases, the percentage of generation flow saved by IBBO-DP gradually increases, with an
average of 3.161% of generation flow saved per hour during the load distribution process,
which is about 40.236% m3/s. The maximum value is at the 9th hour of load distribution,
and can save 3.864% of generation flow during the load distribution process. This shows
that IBBO-DP has a more powerful optimization capability and can optimize the target
function to a higher degree than DDP, and can optimize the generation flow rate on the
basis of meeting the generation load demand of the power station.

Figure 6 shows the load distribution results for IBBO-DP and DDP. In the first third of
the load distribution process, the results of the two models are relatively similar, with all
three units sharing the power generation task, and the output change process is relatively
smooth; however, as the demand load of the power station increases, each unit in DDP
shows frequent fluctuations during the time period of 8 to 22 h, and the number of vibration
zone crossings increases, which increases the safety risk of unit operation, while IBBO-DP
has a more stable output process than DDP during this time period. When the demand load



Mathematics 2024, 12, 662 12 of 17

changes frequently, the output values of each unit are reasonably matched, and the output
change process and trend of each unit are relatively consistent, without large-amplitude
and high-frequency output fluctuations.
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For further analysis of the change in output power fluctuation and vibration zone
crossing of each unit during load distribution, Table 3 shows the results of the unit fluctu-
ation evaluation index for each unit of the different models during the load distribution
process. (Because the power distribution skewness index SP has positive and negative
points, if the weighted averaging is performed directly, the fluctuations between the data
are eliminated and no correct comparison can be made, so the average value of the units
is not set for comparison.) Figure 7 shows the power output change curve of each unit of
the different models during the load distribution process. As the No. 1 unit in DDP does
not participate in the load distribution process, Figure 7 only shows the comparison of the
output of the last five units. From Table 3 and Figure 7, it can be seen that IBBO-DP can
effectively avoid the fluctuations in unit output due to changes in demand load. When
comparing the average values of fluctuation indicators between the two models, IBBO-DP
optimizes the average fluctuation amplitude of units to the highest extent, up to 45.53%,
indicating that IBBO-DP can effectively limit the dispersion of the continuous output curves
of each unit.
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Table 3. Comparison results of average fluctuation ranges of six units.

Index SAVR/% SP Sepsilon/%

Unit 1
IBBO-DP 3.59 −0.37 23.62

DDP 0 0 0

Unit 2
IBBO-DP 0.82 −0.53 4.26

DDP 5.59 0.31 90.68

Unit 3
IBBO-DP 1.53 −0.68 66.67

DDP 4.20 −2.04 17.56

Unit 4
IBBO-DP 2.62 −0.86 58.33

DDP 5.67 −0.13 49.46

Unit 5
IBBO-DP 2.11 −0.32 83.33

DDP 3.94 −0.39 74.57

Unit 6
IBBO-DP 4.44 −0.32 29.34

DDP 3.65 −0.28 46.06

Average IBBO-DP 2.51 44.25
DDP 4.61 55.66
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In terms of the degree of optimization of the indicators, the most obvious degree
of optimization is found in IBBO-DP’s Unit 2, where the output range is concentrated
within [460, 530] MW, with the SAVR being only 0.82%, and the fluctuation in output
can be suppressed by 85.33% compared with DDP; the power distribution skewness SP
and fluctuation output ratio Sepsilon are −0.53 and 4.26%, respectively, with the average
fluctuation amplitude SAVR and fluctuation output ratio Sepsilon being the lowest among
the six units. In terms of the fluctuating output ratio Sepsilon, it can be found that Units 3,
4, and 5 under IBBO-DP are higher than DDP, with Unit 3 being the most obvious, with
a 73.77% higher fluctuating output ratio Sepsilon than DDP. Combined with the analysis in
Figure 7, this is because Unit 3 under IBBO-DP is less involved in the load distribution
process than under DDP, and the output range is concentrated within [430, 500] MW, while
the fluctuating output ratio indicator aims to calculate the average fluctuating output of the
unit compared with the total output of the unit in consecutive periods, so when the output
of the unit is 0 for some periods, this easily leads to a higher average fluctuating output of
the unit, thus making the fluctuating output ratio value of the unit relatively higher.

Figure 8 shows the comparison between the IBBO-DP model and the DDP model in
terms of total water consumption and the number of unit vibration zone crossings during
load distribution on the same day in the middle of each month in 2020, compared with
the actual operating results of the plant on that day. Analysis of the water consumption
comparison graphs on the left shows that IBBO-DP achieves different degrees of water
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consumption optimization compared with DDP and actual plant operation, with average
optimizations of 3.44% and 5.01%, respectively, which are significant degrees of optimiza-
tion. Combined with the comparison of the number of vibration zone crossings on the right
side of Figure 8, it can be found that IBBO-DP can avoid more unit vibration zone crossings
in January, October, and December, and can optimize the number of unit vibration zone
crossings in the load distribution process from 4 to 22 times compared with the actual
operation of the power station, thus effectively reducing the unit vibration zone crossings.
This results in a reduction in water consumption when crossing the vibrating zone and
thus further savings in water consumption.
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6. Conclusions

In this study, an IBBO-DP two-layer nested model was constructed. The outer layer is
the DP model, which is responsible for the optimization of unit commitment under multiple
constraints. The inner layer is based on an improved biogeography-based optimization
algorithm, which proposes a unit output fluctuation constraint, with the optimal output
of the previous unit and the unit combination change as the judgment conditions, and
constructs a unit load allocation optimization model. Based on a practical case with a
minimum step of 15 min, this study uses the IBBO-DP model hydro unit load allocation
for optimization and compares the results with the DDP model and the actual operation
results. From the results of this study, the following conclusions can be drawn:

(1) By improving the BBO algorithm and establishing the dynamic migration model
based on the group average adaptation degree and the adaptive migration operator with
the hybrid crossover idea, the convergence ability and the merit-seeking ability of the BBO
algorithm can be further improved.

(2) In actual operation, the IBBO-DP model can better match the number of units
and the corresponding unit load during the peak load period and the period of frequent
load changes, preventing the units from crossing the vibration zone frequently, reducing
the water consumption by 0.672% and 3.900%, and reducing the number of vibration
zone crossings by 30 and 20 times, respectively, compared with the DDP model and the
actual operation of the power plant, and taking more comprehensive consideration of
economy and safety in the process of load distribution. More comprehensive consideration
of economy and safety is more in line with the actual operation of the hydropower unit.

(3) Considering the constraint of unit output fluctuation, the IBBO-DP model can
effectively suppress and weaken the unit output fluctuation and unstable operation caused
by the change in demand load and unit combination in the hydropower unit load allocation
process, and the average reduction in the fluctuation evaluation index can reach 52.91%.

These conclusions verify that the double-layer nested model can optimize the load
distribution of hydropower units to a certain extent, and the load distribution optimization
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of hydropower units under the complementary mode of water and light can be studied on
this basis. Although the model constructed in this study allows the unit to avoid crossing
the vibration zone during operation, there is a risk of insufficient or loss of unit output. In
subsequent research, further consideration will be given to the constraint of the unit output
slope ratio when distributing the load of hydroelectric units. In addition, more operating
data from power plants will be collected for research to improve the reliability of the model.
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Nomenclature

W The minimum water consumption
I The number of units
T The number of periods
Qi,t
(

Ht, Pi,t
)

The flow consumption of the i-th unit in period t
∆t The time granularity
λi,t The startup/shutdown state of the i-th unit in period t
ncross The number of times the unit crosses the vibration zone
Won_o f f , Wcross The extra startup and shutdown times (excluding the initial startup/

shutdown and the last stop) of the unit
Pi,t The output of the i-th unit
Pdt The demand load of the power grid during period t
θt The percentage deviation between the sum of the output of each unit

and the demand load of the power grid during period t
Pi,t, Pi,t The upper and lower limits of the vibration zone

Ton
i , To f f

i The continuous starting and stopping times of the i-th unit
Ton

min, To f f
min The minimum limit time for starting and stopping the i-th station

Non,o f f
i,t The extra startup/shutdown times of the ith unit at moment t

Non,o f f
max The sum of the maximum allowable startup/

shutdown times of all units in the entire dispatching process
δ The deviation of the power grid demand load
Vt The storage capacity of the power station at time t
Vmin, Vmax The minimum and maximum values of the storage capacity of the power station
Qin

t , Qout
t The inlet flow and outlet flow of the power station at time t

Wqt−1 The disposal volume of the power station at time t − 1
Zt1, Zt2, . . ., Ztn The N unit combinations in period T (t > 1)
Zt−1 The corresponding combination of optimal load distribution in period t − 1
∆P, ∆Pupdate The unit output fluctuation range constraint before and after the update
P∗i,t The output of the newly started unit
Pn

i,min, Pn
i,max The minimum and maximum boundaries of the n-th operational zone of the

i-th unit
Pon

i,t The corresponding output of the Ith unit in Zti and Zt−1
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Ion The number of units in both combinations
S i

AVR The average fluctuation amplitude of the i-th unit
S i

P The power distribution skewness of the i-th unit
Si

SD The standard deviation of the i-th unit
S i

epsilon The output fluctuation ratio of the i-th unit
Pi The average output of the i-th unit during the load distribution
λmax, µmax,n The maximum migration probability, maximum migration probability,

and species number
λi, µi The migration probability and migration probability of the i-th habitat
HSIi The habitat suitability index of the i-th habitat
fSIV The suitability index variables
Ω(λ, µ) The migration operator
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