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Abstract

To address the deep coupling of unit commitment and load allocation, nonlinear unit
characteristics, and non-convex feasible regions caused by vibration zones in intraday
dispatching of cascade hydropower under high photovoltaic penetration, this paper pro-
poses a dual-layer decoupled DP-MAPPO method for hydro-photovoltaic complementary
systems, aiming to minimize total water consumption. The upper layer uses dynamic
programming to optimize unit commitment, while the lower layer employs Multi-Agent
Proximal Policy Optimization (MAPPO) for continuous load allocation. A case study is
conducted on a hydro–photovoltaic power system comprising five cascaded hydropower
plants and two photovoltaic plants, with a 24-h scheduling horizon and a 15-min time
step. The results show that MAPPO exhibits stable convergence under fixed evaluation
scenarios. For a typical day scenario, the objective function value obtained by DP-MAPPO
is essentially consistent with the benchmark optimal value. Compared with the actual
dispatch schedules, DP-MAPPO reduces total water consumption by 9.15%, 3.42%, and
0.65% across the three typical days analysed, respectively, with no violations of turbine
vibration-zone constraints in any scenario. These results demonstrate that the proposed
method achieves optimized scheduling that balances water conservation with safe and
stable operation.

Keywords: DP-MAPPO; cascade hydropower; hydro-photovoltaic complementarity; intra-
day economic dispatch; vibration-zone constraints

1. Introduction
Against the backdrop of the global deployment of next-generation power systems,

the share of variable renewable energy sources (VRE)—such as wind and solar power—
integrated into the grid has risen sharply; however, the highly stochastic nature and
significant volatility of power output pose severe challenges to the safe and stable opera-
tion of power grids. Cascade hydropower plants, owing to their rapid response capability
and flexible regulation characteristics, have become a core supporting power source within
multi-energy complementary systems [1]. Nevertheless, with the increasing integration of
high-proportion renewable energy sources and the ongoing reform of electricity markets,
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the traditional dispatching paradigm is evolving toward a “high-frequency, near-real-time
active response” approach. This shift imposes higher demands for agile response and
lean operation on both the unit dispatching within power plants and the load allocation.
The economic dispatching within cascade hydropower plants is, in essence, a complex
optimization problem involving mixed integer and strongly non-convex coupling: the
unit start-up and shutdown processes involve discrete variables, while the load allocation
among units involves continuous variables, being these two aspects deeply coupled; more-
over, the water consumption behavior of actual turbines is highly nonlinear, constrained
by both dynamic head and power output, and their feasible region is often partitioned by
multiple non-convex physical constraints [2].

In the field of hydroelectric power dispatch modeling, Parvez et al. [3] provided a com-
prehensive review of the modeling approaches and solution techniques for hydroelectric
power dispatch problems; they noted that while dynamic programming-based methods
are widely used, the number of random states in such models grows exponentially, making
them impractical for multi-unit dispatch problems; Huang et al. [4] developed an integrated
short-term multi-objective dispatch framework encompassing cascade stations and gener-
ating units, employing mixed-integer (non-)linear programming methods for modeling
and solving the problem, thereby obtaining dispatch solutions with high accuracy; Wang
et al. [5] established a two-objective day-ahead dispatch model aimed at minimizing both
the residual system load variance and operational risk, utilizing multi-objective stochastic
optimization to capture the uncertainty associated with both photovoltaic generation and
load demand; Shi et al. [6] proposed a two-stage stochastic programming model in which
system configuration constitutes the first-stage decision and operational dispatch consti-
tutes the second-stage decision, employing the scenario-based approach to characterize
the uncertainty arising from load growth; Shen et al. [7] introduced a multi-time-scale
dispatch modeling method that accounts for temporal and spatial correlations, using non-
parametric kernel density estimation combined with Frank–Copula correlation analysis
to generate joint hydro-photovoltaic output scenarios; Hu et al. [8] formulated a high-
dimensional, multivariable mixed-integer nonlinear programming model and employed
modeling techniques—including piecewise linear approximation, introduction of integer
variables, and head discretization—to transform the original model into a form suitable
for efficient solution; Su et al. [9] developed a real-time dispatch framework based on
model predictive control, converting the original mixed-integer nonlinear programming
model into a mixed-integer linear programming model via linearization techniques for
rolling horizon solution, thereby realizing a closed-loop dispatch process encompassing
“prediction—decision—feedback adjustment”.

Once a model is established, the efficient and accurate solution of the model is crucial
to determining whether it can be effectively implemented in practice. Early research often
relied on analytical methods—such as dynamic programming or the equal incremental rate
method—to solve models directly; these methods are grounded in rigorous mathematical
derivations and can yield theoretically optimal solutions for small-scale, low-dimensional
problems. However, when dealing with real-world engineering problems involving mul-
tiple units, high precision, or cases where the feasible region is repeatedly partitioned
by non-convex constraints (e.g., the “vibration region”), it becomes challenging to guar-
antee both computational efficiency and the feasibility of the solutions [10]. As a result,
researchers have increasingly turned to heuristic algorithms that do not depend on gradi-
ent information or model convexity, leveraging swarm intelligence search mechanisms to
explore satisfactory solutions within high-dimensional non-convex spaces. Yuan et al. [11]
replaced the original local search strategy of the White Whale Algorithm with a spiral
motion strategy based on the Whale Algorithm to enhance its local search capability, and
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applied this modified algorithm to solve a hybrid hydro-photovoltaic power dispatching
model; Xie et al. [12] introduced the Hyper-Dominance Evolutionary Algorithm into the
field of multi-energy complementary dispatching for hydropower, wind, and solar power
systems. By employing hyper-dominance dynamic control to manage selection pressure,
combined with an angle diversity strategy and a population reselection mechanism, they
balanced convergence and diversity in high-dimensional multi-objective optimization
problems; Li et al. [13] proposed the Hyper-Quality Variation Artificial Bee Colony Algo-
rithm for solving a coordinated dispatching model for hydropower, thermal, wind, solar,
and pumped-storage power systems under carbon emission constraints; this algorithm
demonstrated significant advantages over classical methods in both convergence speed and
solution quality; He et al. [14] developed a joint hydropower–wind–solar–pumped-storage
power dispatching model for the synergistic optimization of pumped-storage and battery
energy storage systems (BESS), and proposed a Particle Swarm Optimization Algorithm
based on reverse learning, providing a practical reference for the coordinated dispatching
of multi-type energy storage systems; Li et al. [15] employed a Non-Dominance Sorting
Genetic Algorithm incorporating an elite strategy to solve the problem under various
scenarios, thereby validating the positive role of pumped-storage systems in enhancing
system flexibility; Mingbo [16] proposed a two-level solution framework—where an Upper-
Level Cuckoo Search Algorithm is used to optimize the unit start-stop combination, and a
Lower-Level Dynamic Programming Approach is employed to optimize load distribution—
thereby decomposing the complex integrated dispatching problem into two relatively
simpler sub-problems for independent solution; Xie et al. [17] proposed a daily power
generation dispatching method for cascade hydropower stations that takes peak-shaving
constraints into account, and utilized a heuristic algorithm to determine the unit start-
stop combination.

Although heuristic algorithms demonstrate strong adaptability when tackling high-
dimensional non-convex optimization problems, they fundamentally operate under an
“offline single-run” paradigm; furthermore, their handling of safety constraints—such as
vibration zones—largely relies on penalty-based soft constraints, which cannot provide a
mechanism-based guarantee for the deterministic avoidance of physical constraint viola-
tions. To balance real-time performance with decision-making quality, research interest
in recent years has increasingly shifted toward deep reinforcement learning. By adopt-
ing an “offline centralized training, online rapid inference” approach, the iterative search
process inherent in heuristic algorithms is moved forward to the training phase, enabling
the model to generate decisions at nearly real-time speed during actual scheduling op-
erations. Zeng et al. [18] proposed a real-time load dispatching method for hydropower
stations based on D3QN-PER, integrating deep reinforcement learning into the unit load
allocation problem; the results demonstrated that this method outperforms traditional
approaches in both computational accuracy and solving efficiency. Wang et al. [19] devel-
oped a real-time dispatching method for hybrid hydroelectric and pumped-storage power
generation systems based on deep reinforcement learning to address the uncertainty associ-
ated with photovoltaic power output. Ge et al. [20] introduced a knowledge-embedded
deep reinforcement learning method and applied it to the real-time dispatching of hybrid
wind-, solar-and hydro-power generation systems; the results showed that this method
can circumvent the vibration zone constraint and accelerate the convergence speed. Zhou
et al. [21] applied multi-agent deep reinforcement learning to optimal power flow calcula-
tions for power systems with high spatiotemporal resolution and high renewable energy
penetration rates, validating the suitability of the multi-agent approach for solving large-
scale, high-dimensional power system problems. Fang et al. [22] proposed a multi-layer
energy management and policy learning method for micro-grids based on Proximal Policy
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Optimization (PPO). Zuo et al. [23] proposed a day-ahead economic dispatching strategy
for multiple types of distributed resources in distribution networks using an improved
MAPPO algorithm.

To address these challenges, this paper proposes a dual-layer decoupled optimization
framework combining upper-level dynamic programming (DP) and lower-level multi-agent
proximal policy optimization (MAPPO) for cascade hydro–photovoltaic dispatch. The
upper layer optimizes unit start-stop trajectories while eliminating infeasible combinations,
whereas the lower layer allocates unit outputs within a non-convex feasible region. A
constraint-handling mechanism combining feasible-segment parameterized encoding and
Euclidean projection is developed to ensure power balance and vibration zone avoidance,
without relying on reward-based soft constraints.

2. Methods
2.1. Economic Dispatch Model for In-Plant Units in a Cascade Hydropower–Solar Energy
Complementary Power Plant
2.1.1. Objective Function

This model focuses on 96 intraday time intervals (i.e., with a scheduling step size of
∆t = 15 min) and aims to minimize the total water consumption across the entire watershed.
The objective function is defined as follows:

minFtotal =
T

∑
t=1

M

∑
i=1

Vplant
i,t (1)

Here, the subscript i denotes the i-th power plant, j denotes the j-th generating unit, and
t denotes the t-th time interval. Ftotal represents the total water consumption of the water-
photovoltaic complementary power generation system, T = 96 denotes the total number of
scheduling periods; M represents the total number of cascade power stations; and Vplant

i,t
denotes the total water consumption volume of the power station during period t.

2.1.2. Constraints

(1) Power Balance Constraint
In a cascaded hydropower complementary system, the cascaded hydropower plants

must dynamically accommodate the fluctuations in photovoltaic power generation in real
time and meet the total load demand specified by the grid:

Ptarget,t = Phydro,t + Ppv,t =
M

∑
i=1

Ni

∑
j=1

Pi,j,t · ui,j,t + ∑ Ppvi (2)

In this formula, Ptarget,t denotes the target total load of the hydro-photovoltaic comple-
mentary power generation system at a given time instant; Ppv,t and Ppvi represent the total
photovoltaic power output and the power output of the i-th photovoltaic power station,
respectively; and Phydro,t represents the net load that the hydroelectric power cluster must
bear, Ni denotes the number of generating units at the i-th power plant; ui,j,t denotes the
operating status of the j-th generating unit at the i-th power plant during the t-th time
interval (0 for shut down, 1 for operation).

(2) Unit Operational Characteristic Constraints
The relationship between the power generation flow rate, operating water head, and

active power output of hydroelectric units exhibits a significant nonlinear, multidimensional
coupling behavior. In the hydro-photovoltaic complementary system case study considered
in this paper, the operating characteristic curves of the individual power plant units do
not possess convexity. To avoid introducing a convex approximation that would alter the
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actual operating characteristics of the units, this paper employs a bilinear interpolation
method to discretize these characteristic curves, thereby deriving the mapping relationship
between the power generation flow rate and the operating state as follows:

q = q(P, H) (3)

Vplant
i,t =

Ni

∑
j=1

(
Qi,j,t · ∆t · ui,j,t

)
(4)

Hi,t = Zup
i,t − Zdown

i,t − ∆Zloss
i,t (5)

In this formula, q denotes unit power generation flow rate; P represents the actual
output of the hydroelectric unit; H is the power plant water head; Qi,j,t denotes average
outbound flow rate (power generation flow plus other flows, such as curtailed water flow
and ecological flow); ∆t denotes the duration of the scheduling interval; Zup

i,t is the upstream
water level at the power station;Zdown

i,t is the downstream water level at the power station;
and ∆Zloss

i,t is the head loss.
(3) Consideration of unit output constraints in the vibration zone

Pmin
i,j ≤ Pi,j,t ≤ Pmax

i,j (6)

Pi,j,t /∈
K
∪

k=1

[
P
−i,j,t

(H), Pi,j,t(H)

]
(7)

In this formula, Pmin
i,j denotes the minimum output for the j-th unit at the i-th power

station, and Pmax
i,j denotes the maximum output for the j-th unit at the i-th power station.

K represents the total number of vibration zones; P
−i,j,k

and Pi,j,k denote, respectively, the

lower and upper bounds of the k-th vibration zone for the j-th unit at the i-th power station,
depending on the head.

(4) Unit Output Variation Constraint
Due to the water hammer effect and the mechanical regulation rate of the turbine guide

vanes, the continuous output adjustment range of the unit within an adjacent dispatch
interval (∆t = 15 min) must comply with strict upper and lower limits:

−∆Rdown
i,j ≤ Pi,j,t − Pi,j,t−1 ≤ ∆Rup

i,j (8)

In this formula, ∆Rup
i,j and ∆Rdown

i,j represent the absolute values of the maximum
allowable ramp-up (increase in output) and ramp-down (decrease in output) variables for
the j-th unit of the i-th power plant within a single dispatch step. Based on the regulation
strategy employed in the reference example system, the load variation process is modeled
on the principle of completing the output adjustment within a single scheduling period;
that is, the unit’s output changes in a single-step manner between adjacent scheduling
periods, while the implicit regulation rate associated with this change must not exceed the
unit’s inherent physical regulation rate limit.

Additionally, the model is subject to conventional constraints, such as the unit dis-
charge flow rate constraint and the power station reservoir capacity constraint.

2.2. A Two-Layer Collaborative Solution Method Based on DP + Multi-Agent PPO

This paper employs a dual-layer architecture organized around a “discrete–continuous”
spatial decomposition approach (depicted in Figure 1). The upper-layer DP performs time-
series optimization within a discrete state space comprising 96 scheduling time slots; it no
longer relies on the simplified empirical water consumption formula but instead invokes
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the lower-layer policy to obtain the actual physical water consumption cost, and then uses
the Bellman recursion to derive the start/stop path that minimizes the total daily cost.
The lower-layer layer encapsulates the trained MAPPO network as a “stateless physical
policy” with frozen parameters, which performs load allocation among generating units
given a specified combination of total load, head, and active units, strictly avoids the
vibration zone, and calculates the physical water consumption. The two layers form a
closed-loop through cross-layer bidirectional interaction: for each legitimate state transi-
tion explored by the DP—i.e., upon issuing an instruction (load, head, and active units
combination) to the policy—the policy returns an allocation scheme and the corresponding
water consumption cost within the safe operating region that satisfies the vibration zone
and ramp-up constraints, which is then used to update the Bellman equation. As a result,
the upper-layer retains the structural optimality inherent in the time-series combination
search, while the lower-layer provides an efficient approximation in the continuous space,
enabling decoupled coordination.

Figure 1. Two-layer decoupled optimization framework: DP-based temporal commitment search in
the discrete space and MAPPO-based load allocation in the continuous space, coupled in a closed loop.

Additionally, alongside the primary method presented in this paper, five other meth-
ods are selected for comparison. Except for the actual engineering allocation method
and the unit full-activation–output equalization method, the remaining four methods all
employ the same upper-level dynamic programming framework to determine the unit
start-up and shutdown combinations for each time period. The only difference lies in the
lower-level output allocation rules. Detailed descriptions of the methods are provided in
the Appendix A.

2.2.1. Time-Stepping Coupled Solution for the Upper-Level Unit Configuration

(1) Problem Description and Bellman State Transition
The scheduling period is divided into several time slots; for time slot t, let n_t denote

the operational combination state of a power plant. The DP algorithm recursively computes
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the optimal start/stop sequence over the entire day using the state transition equation. The
optimal cost function for state transition is given by the Bellman Equation:

Ft(St) = min{Ft−1(St−1) + Cwater(t, St)} (9)

Ft(St) denotes the cumulative minimum cost for selecting the St unit activation time
during period t (in this model, the cost is equivalent to the water consumption); Cwater(t, St)

denotes the physical water consumption at the current time, obtained from the forward
inference output of the lower-level MAPPO. By performing recursive and backtracking
searches over all candidate combinations, the full-day unit start-up and shutdown trajectory
is derived.

(2) Combined Pre-Screening Based on Dimensionality Reduction via Feasible Region
Analysis

During the DP state generation phase, performing complex constraint validation
on each candidate combination individually still results in high computational costs. To
preclude invalid startup combinations before initiating the recursive search, this paper pro-
poses a combinatorial pre-screening strategy based on analytical dimensionality reduction
within the non-convex feasible region. Mathematically, by deriving the Minkowski sum of
the discrete feasible set for a single machine and combining it with interval merging, highly
complex mixed-integer constraints are pre-mapped into a continuous valid output range,
thereby enabling dimensionality reduction for subsequent decision optimization.

For a given number of operating units n, the total output feasible region Ωn (The
feasible output region of a power plant refers to the existence of a unit combination and
a load allocation scheme such that all unit output range constraints are satisfied) of the
power station is mathematically equal to the Minkowski sum of the feasible regions Φ for
each of the n independent single-unit units:

Ωn = ⊕n
i=1Φi =

{
n

∑
i=1

Pi|Pi ∈ Φi, ∀i = 1, . . . , n

}
(10)

For the common scenario in which a hydroelectric turbine unit possesses only
one primary vibration zone (where this study also falls under this scenario). The
continuous feasible output range for a single unit is divided by this vibration region(

P
−j,k

, Pj,k

)
into two operating intervals; the feasible region can thus be expressed as

Φ =

[
Pmin

j , P
−j,k

]
∪
[

Pj,k, Pmax
j

]
. For n identical units operating simultaneously, if k units

(where k ∈ {0, 1, . . . , n}) are operating within the upper interval, then the remaining (n −
k) units must be operating within the lower interval. Consequently, the feasible region for
the total output Ωn is actually composed of n + 1 subintervals ωn,k, whose upper and lower
bounds can be expressed analytically as:

ωn,k =

[
(n − k)Pmin

j + k · Pj,k, k · Pmax
j + (n − k) · P

−j,k

]
, Ωn = ∪n

k=0ωn,k (11)

Since the subintervals corresponding ωn,k to different k-values may overlap, an interval
merging calculation can be employed to merge and simplify these intervals, transforming

them into several disjoint, continuous feasible output sets
∼
Ωn.

Based on the aforementioned analytical derivation, for any given total plant target

load Pload, by determining whether Pload falls within the merged continuous set
∼
Ωn, the

number of units to be activated that satisfy the physical constraints can be pre-emptively
identified through a reverse screening process.
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2.2.2. Lower-Layer Multi-Agent PPO Training and Inference

The lower-level problem involves allocating the total load among the various units
within the power station, given a specified startup configuration and the overall plant
target load. It is essentially a continuous decision-making problem subject to constraints
imposed by a non-convex operational region. This problem is modeled as a multi-agent
sequential decision-making problem. Its modeling and solving process is illustrated in
Figure 2 and consists of two stages: training and inference.

Figure 2. Framework of the proposed two-phase hydropower dispatch approach: offline CTDE-based
multi-agent training and online coordinated inference.

− Action space construction: The vibration zone, as a physical quantity, exhibits a time-
varying nonlinear coupling with the dimensionless actions output by the agent, where
this coupling is determined by the total load. Treating this coupling as a reward or
penalty term can easily lead to reward oscillations or convergence difficulties. To
address this, this paper eschews the soft constraint approach and instead employs a
two-stage mapping strategy based on “constructive parameterization–safe projection”:
First, the feasible output ranges for each unit under its current head are merged, and
the vibration-prohibited regions are removed. The continuous action parameters are
then mapped onto the sum of the lengths of these feasible segments, ensuring that
once an action is generated, it inherently avoids the vibration zone. Next, all feasible
segment combinations capable of supporting the target load for the given number of
operating units are enumerated. Within the corresponding box constraints, the nearest
point satisfying both the plant-wide load balance and the non-convex constraints is
rapidly solved using a binary search method with Lagrange multipliers. As a result,
both load balancing and vibration zone avoidance are strictly enforced at the action
construction level, without relying on soft constraints imposed by a reward function.
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− Training phase (Centralized Training—Decentralized Execution): Training is con-
ducted in an offline environment. Each agent makes decisions solely based on local
observations. However, a centralized Critic, which takes the global state as its input,
is introduced to provide a unified evaluation of the joint action value, enabling the
individual plants to “see” each other’s decisions during training and thereby mit-
igating non-stationarity. Each plant shares the water consumption efficiency and
load balancing rewards. By leveraging the global value function, it obtains gradients
related to its own decisions, thereby facilitating cross-unit coordination. The training
environment mirrors the actual dispatching problem, but the training process itself
does not participate in the actual dispatching operations.

− Reasoning phase (forward allocation using the freezing strategy). Upon completion
of training, the lower layer transitions from an “learner” to an “allocator”: only
the trained Actor is retained, while the global Critic is no longer used. Given an
observation, each agent performs only a single forward computation and directly
outputs an output schedule that satisfies the constraints via a safety projection—
without exploration, sampling, or iteration. This feature enables the lower layer
to serve as a rapid water consumption estimation module for the upper-layer DP:
when the DP enumerates candidate combinations, it passes the current time-period
load, headwater level, and operating status to this module, which then returns the
corresponding water consumption value, providing efficient support for the upper-
layer time-series optimization task.

3. Results
This section constructs a case study based on a cascade hydropower–photovoltaic

complementary power generation system in a river basin in southwestern China, and
details the physical topology of the system, the hydro-meteorological boundary conditions,
and the equipment operating parameters.

3.1. Water-Photovoltaic Complementary Energy System Research Case Study

This case study involves a hydro-photovoltaic complementary power generation
system comprising five cascade hydropower stations along Shuoku River (denoted as
Plant1, Plant2, Plant3, Plant4, and Plant5) and two photovoltaic power stations (denoted as
Pv1 and Pv2) (Figure 3), all located within the same watershed. The parameters for each
station are provided in Appendix A.

On the physical topology, the cascade hydropower stations are closely hydrauli-
cally coupled. Additionally, Plant 1 and Pv1, as well as Plant 5 and Pv2, share a single
transmission line, enabling bundled power transmission; the entire hydro–photovoltaic
complementary system is under unified control via a centralized dispatch center.

This paper uses the typical daily dispatching process of this hydro-photovoltaic com-
plementary energy system as a case study. The dispatching cycle is 24 h with a time step
of 15 min, comprising a total of 96 dispatching intervals. Given the load curves of each
power station and the water level fluctuation curves of each hydropower station in the
typical-day system, the optimization objective is to minimize the total water consumption
of the hydropower stations while satisfying the system power balance and unit operational
safety constraints.

The typical daily power generation scheduling curve is shown in Figure 4. Based
on the load variation characteristics, this day encompasses typical operational phases—
including off-peak periods, ramp-up periods, peak periods, and off-peak periods—where
the photovoltaic power station’s output profile is relatively representative, and the load
levels across the cascade of power stations exhibit spatially heterogeneous distribution
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(higher at the beginning and end, and lower in the middle), thereby effectively capturing
the dynamic process of unit grouping and output allocation during intra-day dispatching.
Consequently, this typical day is well suited for comparing the differences in both economic
efficiency and operational safety among various dispatching strategies.

Figure 3. Schematic diagram of the water–photovoltaic complementary clean energy power genera-
tion system for the Shuoku River Basin.

Figure 4. Typical-day generation schedule of a hydro-solar hybrid system.

To verify the adaptability of the proposed method under various operating scenarios of
a cascaded hydro-photovoltaic complementary energy system, this study comprehensively
considers indicators such as the hydroelectric load profile and the photovoltaic power
output profile, and selects representative daily time series—which characterize the distinct
operating characteristics of the hydro-photovoltaic complementary system under different
load levels—as test scenarios. The operating characteristics of each representative day are
presented in Table 1.
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https://doi.org/10.3390/pr14213423


Processes 2026, 14, 3423 11 of 22

Table 1. Operational characteristics of typical days and hydro-photovoltaic complementary characteristics.

Typical Day Hydrological
Period

Photovoltaic
Contribution

Rate/%

Average Water
and Electricity
Net Load/MW

Maximum Net
Water and
Electricity
Load/MW

Minimum Water
and Electricity
Net Load/MW

Net Load
Peak-to-Valley

Difference/MW

Pearson
Correlation
Coefficient

Primary Operational
Characteristics

Day 1 low water period 39.85 119.5 242.4 12.9 229.5 −0.59

Photovoltaic power generation
accounts for a high share of the

total generation mix, while
hydropower operates under

low-load conditions.

Day 2 Pingshui Period 5.57 448.64 805.1 37.4 767.7 −0.58

Photovoltaic power generation
accounts for a low share of the

total energy mix, while
hydropower operates under

high load conditions and
experiences relatively frequent

fluctuations.

Day 3 wet season 18.48 474.4 679.5 329.5 350 −0.75
Hydropower plant operating at

medium load with relatively
stable performance.
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3.2. Training Process Analysis and Strategy Selection

The model is trained offline using the PPO multi-agent reinforcement learning algo-
rithm (the model parameters are provided in Appendix A). During the training phase,
the agent interacts with the environment under randomly generated load scenarios to
learn an unit output allocation strategy. In order to assess the effectiveness of the training
and identify the optimal strategy, an offline evaluation is conducted using a deterministic
strategy every 10 training rounds on a fixed operating condition dataset (which includes
scenarios generated using fixed random numbers as well as single-period scenarios from
a typical day), and the model’s quality metrics for each evaluation round are recorded.
Upon completion of training, the strategy with the best overall performance, as determined
from the results of all previous evaluations, is selected as the final model for subsequent
scheduling analysis.

Figure 5a and Figure 5b, respectively, show the evolution curves of the training
sampling reward curve and the evaluation metrics over the number of training epochs
during the model training process. It can be observed that the model’s performance
improves rapidly in the early stages of training. After approximately 2000 epochs, the
model enters a stable phase and the curves become relatively flat, indicating that the
model has fully converged and that the training was effective. Meanwhile, the model’s
performance on the aforementioned fixed evaluation scenario dataset gradually approaches
the ideal scheduling benchmark (i.e., the DP-Equal scenario) as training progresses. At the
final convergence point the deviation rate is approximately 0.21%, demonstrating that the
trained policy exhibits excellent scheduling quality under the evaluation scenarios, and is
capable of meeting the requirements of subsequent engineering analyses.

Figure 5. Training process and strategy selection. (a) Episode reward curves during training;
(b) relative gap to the ideal baseline on the fixed evaluation scenario set. Smaller gap indicates better
scheduling quality.

3.3. Single Typical Day Comparison Results

To verify the effectiveness of the proposed DP-MAPPO method in typical daily schedul-
ing problems, this study conducts a comparative analysis of various scheduling methods
under given daily load curves and water level boundary conditions. Figure 6 illustrates the
power generation scheduling process for a typical day within the entire hydro-photovoltaic
complementary energy system. Figure 7. illustrates the comparison of typical plant power
output trajectories and vibration zones under different methods. The scheduling results for
each method on a typical day are presented in Table 2.
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Figure 6. Comparison of water consumption and vibration-zone occurrence among allocation
methods. (a) Total water consumption. (b) Reported relative changes with respect to the DP reference
for all methods. (c) An expanded view of the near-reference results. Hatched bars in (a) and triangular
markers in (b) indicate that at least one unit operates within its vibration zone during the evaluated
period; these symbols do not quantify the duration or extent of such operation.

Figure 7. Comparison of typical plant power output trajectories and vibration zones under different
methods (plant1).
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Table 2. Scheduling Results under Different Methods.

Method Total Water
Consumption (m3)

Water
Consumption

Relative Change
Rate (Relative

DP-DP Method)

Disrupts Stable
Operating
Conditions

Lower-Level
Solution Type

Computation
Time for a Single

Scheduling
Instance

All-On Equal 21,635,043.9 4.9835%

Units at Power
Station 1–Power

Station 5 operating
within

multi-period
vibration range

Explicit
computation Subsecond

DP-Equal 20,447,660.10 −0.7783%

Units at Power
Station 1–Power

Station 5 operating
within

multi-period
vibration range

Explicit
computation ≈1 s

DP-Rule 20,614,347.00 0.0305% None Explicit
computation ≈1 s

DP-DP (Feasible
Optimal Solution) 20,608,051.9 / None Discrete

optimization
Hundreds of

seconds

DP-MAPPO 20,610,372.77 0.0113% None
Deep

Reinforcement
Learning

Seconds

Actual allocation 21,340,303.00 3.5532%

Units at Power
Station 1–Power

Station 5 operating
within

multi-period
vibration range

Recorded
operation /

Note: All algorithms were tested on the same computing platform. The host machine was equipped
with an Intel Core i5 processor (12 cores and 16 threads) and 16 GB of RAM. The programs were
executed in a Windows Subsystem for Linux 2 (WSL2) environment running Ubuntu 22.04, with
16 logical processors and approximately 7.6 GB of available memory. Python 3.11 was used. All
scheduling optimization tasks were executed in a single-process mode, with the number of threads
used by numerical computing libraries uniformly set to 1. No other high-load tasks were running
during the tests. The offline training of the MAPPO policy took approximately 90 h. This training
time can be substantially reduced by increasing training parallelism. It was recorded separately as a
pre-deployment computational cost and was excluded from the solution time of individual schedul-
ing cases. Provided that the power station and unit characteristics and constraint settings remain
unchanged, the trained policy can be directly applied to subsequent scheduling tasks without retrain-
ing for each individual case. Subsequent scheduling is performed through upper-layer DP search
and lower-layer policy forward inference, keeping the computational overhead of online solution
procedures manageable and thereby balancing dispatching quality and computational efficiency.

3.4. Calculation Results for Multiple Typical Days

Table 3 compares the actual scheduling results from the original engineering approach
with those obtained using the method proposed in this study across various typical days. It
can be observed that the proposed method yields scheduling solutions that satisfy the unit
safety constraints for all these typical days. Compared to the original scheduling approach,
the proposed method overall reduces the total daily water consumption. This indicates
that the methodology—where the unit configuration for the power station is determined
via upper-level dynamic programming (Figure 8) and the multi-unit output allocation
is performed by the lower-level MAPPO (Figure 9)—can further unlock the synergistic
operation potential among the generating units.
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Table 3. Comparison of historical dispatching results under different typical-day scenarios with the
dispatching results obtained using the proposed method.

Typical Day Method Total Water
Consumption (m3)

Relative Water-Saving
Rate/%

Total Number of
Operational Cycles in
the Vibration Zone of

the Water–Energy
Complementary

System Units

Day 1 Actual project allocation 5,123,629.50 / 8
Proposed method 4,654,565.43 9.15 0

Day 2 Actual project allocation 21,340,303.00 / 276
Proposed method 20,610,372.77 3.42 0

Day 3 Actual project allocation 17,715,920.80 / 140
Proposed method 17,600,898.02 0.65 0

Note: The relative water-saving rate here represents the relative value by which the proposed method
reduces water consumption compared to the actual water allocation in the engineering project.

Figure 8. Optimized unit commitment schedules for five hydropower plants in a hydro–photovoltaic
complementary system on three representative days: (a) Day 1; (b) Day 2; (c) Day 3. Each row
corresponds to a hydropower plant. Dark and light-colored cells indicate the ON and OFF states of
individual units, respectively., respectively.

Figure 9. Optimized unit power outputs for five hydropower plants in a hydro–photovoltaic comple-
mentary system on three representative days: (a) Day 1; (b) Day 2; (c) Day 3. Each row corresponds
to a hydropower plant, and different colors distinguish individual units.
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4. Discussion
4.1. Single Typical Day Results Analysis

This section uses the typical Day 2 scenario as an example to conduct a comparative
analysis of the upper-level combinatorial optimization, the vibration zone constraints, and
the lower-level allocation method.

(1) Role of upper-level unit configuration optimization: A comparison between the
All-On Equal and DP-Equal approaches reveals that, in both cases, the lower-level units
operate with equal output power without considering the vibration zone constraints.
The sole difference lies in whether the upper-level unit configuration undergoes DP-based
optimization. The full-activation scenario results in a water consumption of 21,635,043.9 m3,
which is 4.98% higher than the feasible optimal solution; after incorporating upper-level
DP configuration optimization, the water consumption decreases to 20,447,660.10 m3,
representing a reduction of 0.778% relative to the feasible optimal solution. The difference
between these two values is approximately 1,187,400 m3, which corresponds to a potential
water savings of about 5.76% compared to the feasible optimal solution. This demonstrates
that by implementing appropriate start-stop scheduling at each time interval to ensure
that the units operate as extensively as possible within their high-efficiency output range,
significant water-saving benefits can be achieved.

(2) Impact of vibration zone constraints: The DP-Equal model neglects vibration zone
constraints. Its “water-saving” result represents merely a theoretical upper bound and
lacks practical engineering feasibility. When vibration zone constraints are incorporated
(DP-Rule), the water consumption amounts to 20,614,347.00 m3—a reduction of only 0.03%
compared to the feasible optimal solution. The difference between the two values is ap-
proximately 166,700 m3, which corresponds to about 0.81% of the feasible optimal solution.
This indicates that incorporating non-convex vibration zone constraints to ensure the
engineering feasibility of a proposed scheme entails an additional water consumption cost.

(3) Comparison of lower-level allocation methods: Under the condition that the upper-
layer dynamic programming (DP) unit commitment optimization remains unchanged,
three feasible lower-layer allocation strategies are compared. The rule-based mapping
method, DP-Rule, prioritizes equal load allocation and then maps the resulting outputs
to the nearest feasible boundaries. It yields a water consumption of 20,614,347.00 m3.
Although this method is straightforward to implement, highly interpretable, and compu-
tationally inexpensive, it does not perform a global search over combinations of feasible
operating segments, leaving approximately 0.03% of the optimization potential unexplored.
Its water consumption performance depends jointly on unit characteristics and the alloca-
tion rules. Therefore, it generally cannot guarantee optimality under arbitrary operating
conditions, and its generalization capability is limited. The discrete exact method, DP-
DP, enumerates all feasible-segment combinations across individual units to obtain the
global optimum, achieving a water consumption of 20,608,051.9 m3. However, among
the compared methods, it requires the longest computation time. Although it provides
a benchmark for the achievable allocation accuracy, its computational complexity and
runtime increase exponentially with the number of units, making it difficult to apply to
online analysis. In contrast, the proposed DP-MAPPO method retains the same upper-layer
DP framework and learns the load allocation policy through offline training. During online
operation, policy forward inference replaces rule-based allocation and optimization search
in the lower layer. DP-MAPPO achieves a water consumption of 20,610,372.77 m3, only
0.011% higher than the feasible optimum and approximately 0.019% lower than that of
DP-Rule. These results indicate that the allocation policy learned by MAPPO through
offline training closely approaches the optimum obtained by exact optimization in terms
of solution quality, while substantially outperforming the heuristic rule-based method. In
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terms of online computational efficiency, DP-MAPPO also offers a significant advantage
over DP-DP, thereby balancing dispatching economy and computational efficiency.

(4) Comparison with actual operational performance. The actual water allocation
scheme for this representative day consumed 21,340,303.00 m3 of water, representing a
3.55% degradation compared to the feasible optimal solution. However, there was a poten-
tial risk that multiple units operating over multiple time periods would fall within the vibra-
tion zone. In contrast, the DP-MAPPO scheme in this study consumed 20,610,372.77 m3 of
water, achieving water savings of approximately 729,900 m3 (a 3.42% reduction compared
to the actual operational scenario) and eliminated all instances of operating outside the
vibration zone. This demonstrates that the proposed framework offers significant room
for optimization relative to the actual field operating conditions and possesses substantial
practical value for engineering applications.

4.2. Results Analysis for Multiple Typical Days

To evaluate the adaptability and generalization capability of the proposed framework
under different hydrological conditions and various solar–hydropower output combina-
tions, three representative days were selected—namely, the dry-season day with a high
PV penetration rate (Day 1), the average-water-season day with high load (Day 2), and
the wet-season day with steady operation (Day 3)—and their performance was compared
against the actual project allocation scheme; the results are presented in Table 3.

(1) The water-saving benefit exhibits significant dependence on operating conditions
and is positively correlated with the required regulation margin. The relative water-
saving rates for the three typical days are 9.15% (Day 1), 3.42% (Day 2), and 0.65% (Day
3), respectively. These rates decrease as the hydropower’s net load level increases and
the available regulation margin shrinks. Day 1 corresponds to the dry season, during
which the photovoltaic generation contribution rate reaches as high as 39.85%, the average
hydropower net load is only 119.5 MW, and the minimum net load is as low as 12.9 MW.
The generating unit operates in a low-load regime over an extended period, deviating the
most from its high-efficiency operating range, resulting in the greatest deviation between
the actual dispatch schedule and the optimal schedule. Consequently, the potential for
optimization under this method is greatest (9.15%). Day 3 falls within the wet season,
during which the hydropower unit operates at a stable mid-range load (the peak-to-valley
difference in net load is only 350 MW, the smallest among the three days). The ample inflow
allows the unit to operate under relatively optimal conditions, and the actual operating
scenario is already close to the economically optimal operating point. The water-saving
rate is thus the lowest (0.65%). On Day 2, the peak-to-valley difference in net load is
the largest (767.7 MW), involving frequent peak-shaving operations and abrupt changes
in the unit’s operating mode. The actual operation deviates from the high-efficiency
optimal region, yielding a water-saving rate of 3.42%. Due to the highest absolute water
consumption baseline (21.34 million m3), the corresponding absolute water savings are
also the most substantial. These patterns indicate that the water-saving benefit achieved
by this method is not constant but increases in magnitude depending on the complexity
of the dispatching conditions and the degree of deviation from the optimal operating
scenario. This method demonstrates its greatest advantage under conditions characterized
by significant hydropower peak-shaving pressure and the forced deviation of the generating
unit from its high-efficiency operating range.

(2) The vibration zone safety constraints are strictly satisfied under all operating con-
ditions. During the actual engineering scheduling scenarios for the three typical days, the
units experienced operation within the vibration zone 8, 276, and 140 times, respectively.
Notably, on Day 2, the number of exceedances reached as high as 276 times, indicating
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that there is a widespread safety risk of units falling into the prohibited vibration zone
during field operations under high-load and frequent peak-shaving conditions. In contrast,
the method proposed in this paper yields zero exceedances within the vibration zone
across all three types of typical days, and it does not require any empirical calibration
tailored to specific operating conditions. This demonstrates that the constructive constraint
mechanism—based on “feasible segment parameterization + segment combination pro-
jection” —fundamentally ensures the physical feasibility of the control actions. Its safety
performance does not degrade even when the distribution of operating conditions changes,
and it exhibits greater robustness and generalization capability compared to rule-based
allocation approaches that rely on empirical data.

(3) Impact of solar–hydropower complementarity characteristics on dispatch economic
efficiency. The Pearson correlation coefficients between net load and photovoltaic (PV)
output across three typical days are −0.59, −0.58, and −0.75, respectively—all indicating a
clear negative correlation: the higher the PV output, the lower the required net hydropower
load for the system, highlighting the pronounced solar–hydropower complementarity
feature. Among these, Day 3 exhibits the strongest negative correlation (−0.75), indicating
that on this day the PV generation exerts the most significant “peak shaving” effect on
hydropower; the hydropower ramp-up demand is thereby mitigated by the PV output,
resulting in the most stable system operation—which explains the phenomenon of the
lowest water conservation potential observed on this day.

5. Conclusions
This study proposes a dual-layer DP-MAPPO framework for the day-ahead economic

dispatch of cascade hydro–photovoltaic complementary systems, combining dynamic
programming (DP) for unit commitment optimization with multi-agent proximal policy
optimization (MAPPO) for unit output allocation. The main findings are summarized
as follows.

(1) The proposed method exhibits stable convergence and high solution accuracy. On
the evaluation scenario set, the average deviation rate from DP-Equal after convergence
is approximately 0.21%. Under the typical Day 2 operating condition, the deviation rate
between the feasible optimal solution and DP-Equal is 0.78%, whereas that between DP-
MAPPO and the feasible optimum is only 0.011%. Although DP-Equal provides a relaxed
benchmark, it ignores vibration zone constraints and therefore does not always yield
feasible operating solutions.

(2) DP-MAPPO balances solution accuracy and computational efficiency while satisfy-
ing hard constraints. Across all evaluated operating conditions, the number of vibration
zone violations is zero. In the lower-level allocation comparison, the accuracy difference
between MAPPO and the discrete exact method (DP-DP) is only 0.011%, while DP-MAPPO
reduces water consumption by approximately 0.019 percentage points relative to DP-
Rule. Unlike DP-DP, which enumerates feasible-segment combinations with exponentially
increasing computational complexity, MAPPO uses offline training and online policy infer-
ence to obtain high-quality allocation decisions efficiently.

(3) Compared with historical actual dispatch, DP-MAPPO reduces water consumption
by 9.15%, 3.42%, and 0.65% across the three typical operating periods representing dry,
average, and wet conditions, respectively. Historical dispatch includes unit operation
within vibration zones, whereas the proposed method produces schedules with zero
vibration zone violations in all three cases. These results demonstrate improved water-use
efficiency and operational feasibility for the evaluated scenarios.

(4) The current method is trained offline using operational data. Future research
will incorporate intraday rolling prediction and online adaptive policy updating, while
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considering additional factors such as unit start-stop frequency, ramping stability, and
photovoltaic curtailment risk to improve adaptability under highly stochastic inflow and
market conditions.
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Appendix A

Table A1. Basic Parameters for Each Power Station.

Power Station
Name

Number of
Units

Total Installed
Capacity

(MW)

Vibration
Zone

Distribution
(MW)

Regulatory
Performance

Plant1 3 201 (15, 40) year
Plant2 3 93 (10, 20) daily
Plant3 3 120 (12, 25) daily
Plant4 3 180 (20, 40) daily
Plant5 2 246 (40, 80) quarter
PV1 — 200 — —
PV2 — 210 — —
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Table A2. Primary Parameter Settings for the Multi-Agent PPO Scheduling Model.

Project Set Up

Reinforcement Learning
Framework Ray RLlib Multi-Agent PPO Framework

Agent Definition Each power station acts as an agent.

state variable
Power plant load, unit start/stop status, and
power plant head; constraint information is

provided by the environmental model.

Action Variable Initial output allocation for each unit; the action
space is a continuous space.

Action Correction Crop → Normalize → Map to feasible segment
length

Safety Constraints Unit output upper and lower limit constraints;
vibration zone constraints

Safe handling procedure Constructive Parametric Mapping + Euclidean
Projection Correction

reward function Water conservation rate (relative to baseline
operating conditions)

network topology A two-layer fully connected Actor-Critic network
with hidden layer sizes of [256, 256].

learning rate 5 × 10−4

discount factor 0.99
Cropping coefficient 0.2

Number of optimization iterations
per round 10

Training batch size/Small batch
size 24,000/4000

Strategy Implementation and
Evaluation

During training, regular evaluations are
performed on a fixed evaluation set; the optimal
policy π* (best checkpoint) and multiple feasible

candidate policies are saved.

Table A3. Comparison Table of Economic Operation Scheduling Methods.

Method Upper Unit
Assembly

Lower-Level Force
Distribution

Should Vibration
Zone Constraints Be

Considered?
Method Description

All-On Equal All-On
Micro-increase
Rate/Average
Distribution

deny

Assume that all units in the power plant
are operational throughout all dispatch
periods, and that the total plant load is

evenly distributed among the units
according to their respective rated

capacities. The dispatch optimization
model is often used as a simplified
representation of the power plant’s

operational characteristics.

DP-Equal dynamic
programming

Micro-increase
Rate/Average
Distribution

deny

The upper layer employs dynamic
programming to solve the

time-step-by-time-step unit start-up and
shutdown scheduling problem for

power plants; the lower layer, based on
the equal incremental cost allocation
principle, distributes the total plant
target load proportionally among all

units. In the example presented in this
paper, all units within each power plant

have equal capacity.
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Table A3. Cont.

Method Upper Unit
Assembly

Lower-Level Force
Distribution

Should Vibration
Zone Constraints Be

Considered?
Method Description

DP-Rule

dynamic
programming

Micro-increase
Rate/Average +

Vibrational Zone
Mapping

yes

This method builds upon the DP-Equal
approach by further incorporating
constraints from the vibration zone;

specifically, if an allocated value falls
within the prohibited vibration zone, it

is corrected to the endpoint of the
feasible segment closest to it in

Euclidean distance—a commonly used
engineering practice.

DP-DP
dynamic

programming
(accuracy 0.01 MW)

yes

The upper layer employs dynamic
programming to determine the unit
commitment; the lower layer further

utilizes dynamic programming for the
precise allocation of generation output

among the generating units.

DP-MAPPO MAPPO yes The primary method employed in this
paper

Actual project
allocation

Actual
Procedures Actual Procedures yes

The actual historical operational
dispatch records of the power station

shall serve as the allocation plan.
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