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Abstract

With the increasing occurrence of extreme high-temperature weather events, the traditional
bundled operation of wind power (WP), photovoltaic power (PV), and pumped storage
hydropower (PSH) is facing dual challenges, namely intensified renewable energy fluctua-
tions and insufficient flexible regulation capability of PSH. Therefore, this paper proposes
an optimal scheduling strategy for bundled operation based on capacity interval matching
of PSH with WP and PV under extreme high-temperature weather. First, typical scenarios
are generated based on a Time-series Generative Adversarial Network (TimeGAN), and an
interval matching transaction model is established based on the forecast intervals of WP
and PV capacity and the corrected intervals of PSH capacity. Second, considering PSH as
an independent market entity, a bi-level optimization model is constructed, in which the
upper-level objective is to maximize the revenue of PSH, while the lower-level objective is
to minimize the total cost of the joint clearing of the energy and ancillary service markets.
Finally, simulation case studies verify that under extreme high-temperature weather, the
proposed optimal scheduling method increases the bundled operation capacity by 17.9%
and improves the revenue of PSH in the reserve ancillary service market by 14.8%, thereby
effectively enhancing the economic performance of PSH while ensuring the safe and stable
operation of the system.

Keywords: extreme high-temperature weather; pumped storage hydropower; optimal
scheduling; capacity interval matching; renewable energy fluctuations

1. Introduction
In recent years, with the increasing occurrence of extreme high-temperature events

caused by global climate warming, tremendous challenges have been posed to new power
systems with a large share of renewable energy such as WP and PV. Meanwhile, the contin-
uous development of green and sustainable energy technologies has further highlighted
the importance of improving energy utilization efficiency and promoting environmentally
friendly energy applications [1]. Extreme high-temperature weather is characterized by
a wide impact range and long duration. As a flexible regulating power source with high
technological maturity and good economic performance, PSH can mitigate the fluctuations
of WP and PV, reduce the penalty costs caused by renewable energy forecasting errors,
and provide reserve capacity for the reserve ancillary service market under extreme high-
temperature weather [2,3]. Therefore, it is of great significance to explore the bundled
operation of PSH with WP and PV under extreme high-temperature weather so as to
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mitigate renewable energy fluctuations and improve the operational safety and stability of
new power systems.

At present, extensive research has been conducted by scholars at home and abroad on
the bundled operation of WP, PV, and PSH. The bundled operation of PSH with renewable
energy can improve renewable energy consumption and reduce the output fluctuations of
renewable energy. Ref. [4] established a multi-objective optimization model for a bundled
operation system of PSH, WP, and PV and verified that PSH can mitigate the output fluctu-
ations of WP and PV while improving system economy and renewable energy integration.
Ref. [5] addressed the optimal scheduling problem of a bundled operation system compris-
ing WP, PV, and PSH by constructing a mixed-integer programming model considering
imbalance penalties, thereby maximizing the total revenue of the joint system. Ref. [6]
proposed a numerical model for a hybrid system incorporating the stochastic fluctuations
of WP and the dynamic regulation of PSH and verified that the bundled operation of PSH
and WP can improve the consumption rate of WP. Ref. [7] introduced a voltage source
converter-based multi-terminal DC transmission system into a complementary generation
system of PSH, WP, and PV, thereby promoting the role of PSH in smoothing the output
fluctuations of WP and PV and reducing system revenue losses. Ref. [8] proposed an
optimal scheduling model for the joint operation of WP and a PSH station considering WP
forecasting errors and hydraulic constraints, which significantly mitigated WP fluctuations
and improved system revenue. However, the above studies only considered capacity
bundling of PSH with WP and PV in a passive dispatch mode and paid relatively little
attention to the revenue analysis of PSH stations as participants in joint operation, which to
some extent hinders the further development of bundled operation systems of WP, PV, and
PSH. Ref. [9] constructed a bundled revenue allocation model for WP and PSH based on
the Shapley value method and improved economic benefits by considering the contribution
of PSH to WP consumption. Ref. [10] established an optimization model based on Nash
bargaining theory for the joint participation of a wind–solar–hydro–storage complementary
system in the energy and frequency regulation markets, and the case study showed that
joint operation can effectively improve the revenues of all participants and the renewable
energy consumption rate. Ref. [11] proposed an operating strategy for a PV–hydropower–
PSH joint system participating in the electricity market, adopted scenario-based stochastic
optimization to handle uncertainty, and introduced conditional value at risk to measure
risk, thereby improving the operating revenues of PSH and other participants. Ref. [12]
treated the bundled operation system of WP and PSH as an integrated energy aggregator
participating in the electricity market and constructed an IGDT-DRO joint optimization
model considering multiple uncertainties, which significantly improved the revenue of
PSH. Temperature is an important factor affecting the operating state of large hydraulic
structures [13]. Extreme high-temperature weather can affect the operating conditions of
PSH reservoirs and, in turn, influence the operation of PSH units. Although these studies
considered the role of bundled operation between PSH and renewable energy in enhanc-
ing the revenue of PSH, they did not consider the impacts of extreme high-temperature
weather on the participation of PSH in bundled operation and on its revenue. The tradi-
tional bundled operation system of PSH with WP and PV cannot fully reflect the value of
PSH in bundled operation under extreme high-temperature weather, thereby weakening
the willingness of PSH to participate in bundled operation with WP and PV.

PSH can not only obtain revenue through bundled operation with renewable energy
but also participate in electricity market clearing as a market entity [14]. At present, PSH
is still mostly compensated through electricity quantities participating in the electricity
market to obtain the energy price, while the capacity part is compensated according to the
approved capacity tariff. However, with the development and maturation of the electricity
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market, the capacity tariff will be gradually weakened and eventually abolished, and it has
become an inevitable trend for PSH to participate in electricity market transactions as an
independent market entity [15]. Ref. [16], focusing on the revenue issue of PSH stations
in the context of electricity market reform, established a phased full-life-cycle evaluation
model, which facilitates the smooth transition of PSH toward becoming an independent
market entity. Ref. [17], based on the bidding strategy problem of PSH participating in the
energy market, constructed a stochastic optimization model with downside-risk constraints
to ensure the stability of PSH revenue. Ref. [18], under the premise that PSH does not submit
quantity or price bids, directly determined the optimal charging and discharging decisions
according to the current state of charge and forecasted electricity prices, thereby maximizing
station operating revenue and improving operational efficiency. Ref. [19] constructed a
clearing model for PSH participating in the energy market to analyze the influence of
different bidding strategies on its revenue, and the case study showed that the participation
of PSH in the energy market can increase its revenue and reduce system costs. The above
studies mainly focus on PSH participating only in transactions in the energy market. As a
flexible regulating resource with fast response capability and large-scale energy storage
characteristics, the value of PSH lies not only in peak-valley arbitrage in the energy market
but also in providing ancillary services such as frequency regulation, reserve, and ramping
for the power system [20]. Ref. [21] established a bi-level capacity allocation model for PSH
participating in multiple markets. Through joint optimization of the energy and ancillary
service markets, the revenue of PSH was significantly improved compared with that under
the two-part tariff. Ref. [22] constructed a day-ahead scheduling optimization model for
PSH participating in the joint clearing of the energy market and reserve ancillary service
market based on neural-network constraints, achieving revenue maximization in the joint
clearing process. Ref. [23] incorporated PSH into the security-constrained unit commitment
framework and jointly cleared it with conventional units in the energy and ancillary service
markets to satisfy both system load and reserve requirements. Most of the above studies
are based on a mode in which PSH participates in the joint clearing of the energy market
and the ancillary service market. Under extreme high-temperature weather, the system
demand for reserve capacity rises significantly, whereas the fixed compensation price of
PSH lacks flexibility, making it difficult to effectively incentivize PSH to increase its reserve
capacity bids.

In summary, existing studies still show insufficient research on PSH operation under
extreme high-temperature weather, bundled trading mechanisms, and the bidding strategy
of PSH in the reserve ancillary service market. Therefore, this paper systematically carries
out the following research: (1) reservoir storage variation, water level variation, hydraulic
head loss, and the reduction in available unit capacity caused by evaporation are incorpo-
rated into the PSH modeling process, and the corrected available capacity is further used
to adjust the declarable capacity interval of PSH when participating in bundled operation
with WP and PV; (2) a capacity interval matching mechanism is proposed, under which
PSH, WP, and PV participate in bundled operation through quantity-price bidding under
extreme high-temperature weather, thereby enhancing the willingness of PSH to participate
in bundled operation; and (3) a reserve bidding strategy for PSH considering the value of
lost load is constructed to fully reflect its reserve value under extreme high-temperature
conditions and further improve the total revenue of PSH.
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2. Capacity Interval Matching for the Bundled Operation of PSH with
WP and PV Under Extreme High-Temperature Scenarios
2.1. Framework for Bundled Operation of PSH with WP and PV Under Extreme
High-Temperature Weather

Under extreme high-temperature weather, PSH participates in the bundled operation
with WP and PV while simultaneously engaging in power market clearing. Extreme high-
temperature weather refers to conditions in which the daily maximum temperature exceeds
35 ◦C for three consecutive days or longer [24], and the basic operating framework is shown
in Figure 1. PSH, WP, and PV conduct day-ahead trading of bundled capacity through a
capacity trading platform, with a scheduling horizon of 24 h and a time resolution of 1 h.

PV

Electricity 
Energy Market

Information Transmission 
Electricity Transmission

WP PSH

Capacity 
Trading 
Platform

Thermal Power Plant Thermal Power Plant

Reserve 
Market

Primary and 
Ancillary 
Electricity 
Markets

PV WP PSH

Figure 1. Framework diagram of the bundled operation system of PSH with WP and PV.

Extreme high-temperature weather increases the output variability of WP and PV,
thereby requiring a higher capacity level to be bundled with PSH. In the day-ahead schedul-
ing stage, the participants in the bundled operation of PSH with WP and PV submit their
bidding information, including capacity quantities and price information for both buying
and selling, to the capacity trading platform. The bundled capacity transaction is then
completed on the platform through a capacity interval matching method, thereby forming
the day-ahead schedule for the bundled operation of PSH with WP and PV. Meanwhile,
extreme high-temperature weather may lead to surging electricity demand and increased
reserve requirements on the load side. As a participant in the power market, PSH takes
part in the joint clearing of the energy market and the reserve ancillary service market
through quantity-price bidding, thereby mitigating the impacts of extreme weather on
power system operation.
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2.2. Typical WP–PV–Load Scenarios Under Extreme High-Temperature Weather Based on
Meteorological Factor Coupling
2.2.1. TimeGAN Model

Under extreme high-temperature weather, it is crucial to jointly model the multi-source
time-series data composed of WP output, PV output, load, and related meteorological
factors. These data generally exhibit characteristics such as inter-variable coupling relation-
ships, strong nonlinearity, and complex temporal dependencies. Therefore, the generated
samples are required to remain consistent with the original data in terms of both statistical
distributions and dynamic temporal characteristics. Generative Adversarial Networks
(GANs) are capable of generating samples with fine details and high resolution. A GAN
consists of a generator and a discriminator and generates samples that approximate the
original data through adversarial learning between the two components. However, when
generating time-series data, traditional GANs often have difficulty in effectively modeling
the short-term and long-term dependencies in the data and cannot accurately fit the condi-
tional probability distribution of the original data, resulting in generated sequences that
lack realism and consistency.

TimeGAN is a GAN-based model for time-series generation proposed by [25]. Built
upon the conventional GAN framework, this model introduces a self-supervised mech-
anism and a feature-matching strategy. It is capable not only of generating high-quality
synthetic time-series data but also of preserving the temporal dependency characteristics
of the original data in the generated sequences [26]. The TimeGAN model consists of four
core network components, namely, an embedding network, a discriminator network, a
generator network, and a recovery network. Among them, the generator network and the
discriminator network constitute the adversarial learning component of TimeGAN, while
the embedding network and the recovery network form the autoencoding component
of the model, enabling a reversible mapping between features and the latent space. The
overall architecture of the TimeGAN model is shown in Figure 2.

embedding 
network

generator

latent-space 
features

recovery 
network

discriminator

supervised 
loss11

joint training

real data

random 
noise

SL

data reconstruction 
loss11  RL

unsupervised 
adversarial loss  11UL

Stage 1

Stage 2

 

Figure 2. Architecture of the TimeGAN model.

TimeGAN first employs the embedding network to map the original time series into
the latent space, so as to capture their temporal dependency features. It then generates new
sequences in the latent space and reconstructs them back to the original space through the
recovery network. Finally, by integrating a supervised learning mechanism with adversarial
training, TimeGAN ensures that the generated samples are highly consistent with the real
data in terms of both data distribution and dynamic temporal structure. Its core procedure
includes the following steps:
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(1) Embedding and generation module: Let the input time series of the original data
be X = {x1, x2, . . . ,xt}, xt ∈ Rd, where xt denotes the observed value of variable x at time
t. TimeGAN maps the original sequence into a latent vector sequence H = {h1, h2, . . . ,ht},
ht ∈ Rk through the embedding network, which can be expressed as follows:

ht = E(xt; θE) (1)

where θE denotes the parameters of the embedding network.
After the embedding network completes feature extraction from the real data,

TimeGAN enters the generation stage, in which the generator outputs a generated la-
tent sequence with the same dimensionality as the real embedded sequence:

ĥt = G(zt; θG) (2)

where ĥt denotes the latent vector representation generated at time t, and θG denotes the
parameters of the generator.

After the generation process is completed, the recovery network further decodes
the latent-space sequence output by the generator and maps it back to the original fea-
ture space through a nonlinear transformation, thereby generating a synthetic original
feature sequence:

x̂t = R(ĥt; θR) (3)

where x̂t denotes the latent vector representation generated at time t, and θR denotes the
parameters of the recovery network.

(2) Supervised mechanism design: The supervisor module is used to model the
temporal dependencies in the latent space. In the initial stage, the real latent vectors are
taken as the training targets, and the latent state at the current time step is used as the input
to predict the latent state at the next time step:

ĥt+1 = S(ĥt; θS) (4)

where ĥt+1 denotes the latent vector representation at time t + 1, and θS denotes the
parameters of the supervisor.

(3) Loss function construction: In the first step, the self-supervised loss is used to train
the supervisor. By minimizing the mean squared error between the real latent states and the
predicted latent states, the model is encouraged to learn the stepwise dynamic relationships
of the data in the latent space, thereby effectively capturing the temporal dependency
structure. In the second step, the reconstruction loss is used to train the embedding
network and the recovery network. By measuring the reconstruction error between the
original input and the decoded output, it ensures that the latent space preserves the key
information of the original data. In the third step, the discriminator loss maximizes the
discriminator’s ability to distinguish between real latent states and generated latent states,
while the generator loss minimizes the discriminator’s classification accuracy. Together,
these two losses constitute the adversarial loss. Finally, TimeGAN forms a joint loss function
as the overall optimization objective by taking a weighted sum of the self-supervised loss,
reconstruction loss, and generator loss. The corresponding function expressions are given
as follows:
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

LS = E
[
∥ ht+1 −

~
ht+1 ∥

2

2

]
LR = E

[
∥ xt − x̂t ∥2

2

]
LD = −Eh∼PH [log D(h)]− Eĥ∼PG

[
log

(
1 − D

(
ĥ
))]

LG = −E
[
log D

(
ĥ
)]

LTimeGAN = λ1LS + λ2LR + λ3LG

(5)

where LS denotes the self-supervised loss function; ht+1 denotes the real latent vector
representation at time t+1; LR denotes the reconstruction loss; xt denotes the original
input sequence at time t; LD denotes the adversarial loss function of the discriminator;
LG denotes the adversarial loss function of the generator; PH denotes the distribution of
real latent variables; PG denotes the distribution of generated latent variables; LTimeGAN

denotes the joint loss function; and λ1, λ2, and λ3 denote the weighting parameters of the
self-supervised loss, reconstruction loss, and generator loss, respectively.

The TimeGAN model is a deep learning model. In this study, it is constructed using a
Gated Recurrent Unit (GRU) recurrent neural network. The training process of TimeGAN
is divided into two stages:

Stage 1: Joint training of the embedding network and recovery network.
Objective: To enable the embedding network and the recovery network to accurately

accomplish the mapping and reconstruction from the original time series of temperature,
wind speed, solar irradiance, and load to the latent space and then from the latent space
back to the original feature space. This ensures that the latent representations have good
structure-preserving capability and provides a reliable low-dimensional feature basis for
subsequent generation tasks.

Step 1: Input the original time-series data of temperature, wind speed, solar irra-
diance, and load into the embedding network to obtain the corresponding latent vector
representations in the latent space;

Step 2: Feed the latent vectors in the latent space into the recovery network to recon-
struct the original data of temperature, wind speed, solar irradiance, and load, obtain the
reconstructed sequence, and calculate the reconstruction loss;

Step 3: Take the next-time-step state of the real latent vectors as the supervised target,
constrain the output of the supervisor, and calculate the self-supervised loss so as to
enhance the model’s ability to learn temporal dependencies;

Step 4: Update the parameters of the embedding network, recovery network, and
supervisor according to the combined results of the reconstruction loss and the self-
supervised loss;

Step 5: Repeat the above process until the model reaches the preset number of training
epochs for the current stage or the loss function converges.

Stage 2: Adversarial training of the generator, supervisor, and discriminator.
Objective: To enable the generator to produce latent features that are consistent

with the distribution of real data while also exhibiting reasonable temporal evolution
patterns. The discriminator is used to distinguish real samples of temperature, wind
speed, solar irradiance, and load from the generated samples of temperature, wind speed,
solar irradiance, and load, thereby driving the generator to continuously improve its
generation capability.

Step 1: Sample from the random noise distribution and feed the samples into the
generator to obtain the generated latent vector sequence in the latent space;

Step 2: Input the generated latent vectors into the supervisor to constrain their tempo-
ral evolution, so that the generated sequences of temperature, wind speed, solar irradiance,
and load maintain reasonable dynamic continuity between adjacent time steps;
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Step 3: Feed the real latent vector sequence and the generated latent vector sequence
into the discriminator, respectively, obtain the corresponding discrimination results, and
calculate the adversarial loss;

Step 4: Further input the generated latent vectors into the recovery network to obtain
the generated original feature sequence;

Step 5: Construct a joint loss function by combining the self-supervised loss, recon-
struction loss, and adversarial loss and alternately update the parameters of the generator,
supervisor, discriminator, and recovery network;

Step 6: Repeat the above training process until the model reaches the preset number
of training iterations and converges.

Training ends.

2.2.2. Joint WP–PV–Load Scenario Generation Under Extreme High-Temperature Weather
Based on Coupled Meteorological Factors

A clustering algorithm is employed to classify extreme high-temperature weather
according to temperature. A robust weighted K-means algorithm is employed to cluster
extreme high-temperature samples characterized by temperature, where each sample is
represented by its temperature feature [27]. The objective is to increase the similarity
of temperature samples within the same cluster while enlarging the differences among
different clusters, thereby identifying the potential intensity differences among extreme
high-temperature samples. The Davies–Bouldin Index (DBI) is employed to quantita-
tively analyze the number of clusters K in the robust weighted K-means algorithm. DBI
evaluates clustering quality by calculating the ratio of intra-cluster dispersion to inter-
cluster separation. A smaller DBI value indicates better clustering performance, namely,
higher compactness of samples within each cluster and clearer separation between different
clusters. The definition of DBI includes the following:

(1) Intra-cluster dispersion.
Si denotes the arithmetic mean of the distances between all sample points in the i-th

cluster and its centroid. A smaller value of Si indicates better clustering performance,
meaning that the elements within the cluster are more compact. The calculation formula of
Si is as follows:

Si =
1

|Ci| ∑
x∈Ci

(x − θi|
p)

1
p (6)

where Ci denotes the i-th cluster; θi denotes the centroid of Ci; and (|x−θi|
p)

1
p denotes

the distance between data point x and θi. When p = 2, the Euclidean distance is adopted.
(2) Inter-cluster separation.
dij denotes the Euclidean distance between the centroid of the i-th cluster and that of

the j-th cluster. A smaller value of dij indicates better clustering performance, while a larger
value of dij represents a higher degree of separation between clusters. The calculation
formula of dij is as follows:

dij =
(
|θi − θj|

p) 1
p (7)

(3) Cluster similarity.
Rij measures the degree of similarity between clusters. A smaller value of Rij indicates

better clustering performance. The calculation formula of Rij is as follows:

Rij =
Si + Sj

dij
(8)

(4) Maximum cluster similarity.
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For each cluster Ci, the cluster Cj with the largest Rij is identified and denoted
as follows:

Di = max
i ̸=j

Rij (9)

(5) DBI.
DBI is defined as the arithmetic mean of the maximum similarities of all clusters.

A smaller DBI value indicates better clustering performance, meaning that the data points
within each cluster are more compact and the separation between clusters is higher. The
calculation formula of DBI is as follows:

DBI =
1
K

K

∑
i=1

Di (10)

During the clustering analysis process, clustering is performed repeatedly under
different values of K, and the DBI metric corresponding to each K is evaluated. The value
of K corresponding to the minimum DBI is ultimately selected as the optimal number
of clusters.

The main procedure of the robust weighted K-means algorithm includes cluster center
initialization, calculation of weights according to the distances between samples and the
cluster centers or the reference median, sample assignment under the effect of the weights,
updating of cluster centers, and finally determination of whether the iteration should
terminate based on the convergence condition. The specific procedure is shown in Figure 3.

Start

Historical data preprocessing

Determine the number of clusters    , set the 
hyperparameter     , and initialize the cluster centers

Typical extreme high-temperature types

End

k
1

Assign each data point to a different clusterC

Recalculate the cluster centers 

Have the cluster centers ___ 
converged?



Calculate the Euclidean distance                ,E D

Calculate the weighting coefficientw

Y

N

 

Figure 3. Flowchart of the robust weighted K-means clustering algorithm.

Based on the historical data from a region in Sichuan Province, this paper determines
the optimal value of K using the DBI metric, and the corresponding DBI results are shown
in Figure 4.

As can be seen from Figure 4, the DBI curve of temperature reaches its minimum
at K = 2; therefore, the optimal value of K is selected as 2. Furthermore, clustering is
performed with K = 2, and a statistical analysis of the clustering results shows that
one category of samples exhibits generally higher temperatures, while the other category
exhibits relatively lower temperatures, with the boundary located close to 38 ◦C. On this
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basis, this paper defines extreme high-temperature weather with a maximum temperature
above 38 ◦C as the High-Temperature A scenario and that with a maximum temperature of
38 ◦C or below as the High-Temperature B scenario.

0 1 2 3 4 5 6

0.48

0.50

0.52

0.54

0.56

D
B
I 
v
a
lu
e

K

Temperature

Figure 4. DBI selection for the temperature factor.

A joint scenario generation model for temperature, wind speed, solar irradiance, and
load is constructed using the TimeGAN model. After generating multi-source meteorologi-
cal data that conform to real temporal characteristics, the generated meteorological data
are further converted into WP and PV output data, thereby constructing meteorologically
coupled joint WP–PV–load scenarios under different types of extreme high-temperature
weather. The specific procedure is shown in Figure 5.

Start

Historical meteorological data

Robust Weighted K-Means clustering

Typical extreme high-temperature 
weather types

Establish WP and PV output conversion 
models

Generate wind–solar scenario sets under 
typical extreme high-temperature 

weather

End

Generate temperature–wind speed–solar 
irradiance data for each cluster using the 

TimeGAN method

Group the historical temperature–wind 
speed–solar irradiance data according to 

the clustering results

 

Figure 5. Flowchart of meteorologically coupled WP–PV joint output scenarios.
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Ref. [28] adopted the WT and PV output conversion models. WP output is strongly
correlated with wind speed, and the WP output model can be expressed in terms of its
relationship with wind speed as follows:

Pwd,t =


0, vt ≤ vin, vt ≥ vout

Pwd,N
vt−vin
vr−vin

, vin ≤ vt ≤ vr

Pwd,N, vr ≤ vt ≤ vout

(11)

The output power of PV generation is mainly determined by the surface temperature
of the PV modules and the solar irradiance. Within the rated power range, the expression
for PV output is given as follows:

PPV,t = PPV,N

(
It

IPV

)
[1 + βref(Tt − 25)] (12)

2.2.3. PSH Evaporation Model and Bundled Operation Capacity Intervals Based on Similar
Days Identified by DTW

The DTW algorithm is a method for measuring the similarity between two time se-
ries [29]. Given two time series A = {a1, a2, . . . ,an} and B = {b1, b2, . . . ,bm}, a distance
matrix n × m is constructed, where d = (ai, bj

)
denotes the Euclidean distance between ai

and bj. The objective of DTW is to find an optimal warping path W = {w1, w2, . . . ,wq
}

such that the cumulative distance from point w1 = (1, 1) to point wq = (n, m) is mini-
mized, where q denotes the number of point pairs in path w. The warping path W is
required to satisfy three constraints: (1) boundary condition: w1 = (1, 1) and wq = (N, M);
(2) continuity: if wq−1 = (a′, b′

)
, then the next path point wq = (a, b) must satisfy

a−a′ ≤ 1 and b−b′≤ 1; and (3) monotonicity: if wq−1= (a′, b′
)
, then the next path point

wq = (a, b) must satisfy 0 ≤ a−a‘ and 0 ≤ b−b′. The DTW distance is given as follows:

DTW(A, B) = min
W

q

∑
k=1

D(wk) (13)

where wk denotes the k-th path element of path w.
Combined with the Penman formula model in Ref. [30], after obtaining the relevant

meteorological data of similar days based on the DTW algorithm, the evaporation of both
the upper and lower reservoirs of PSH is calculated using the Penman formula. This
method can comprehensively reflect the combined effects of meteorological conditions and
aerodynamic processes on evaporation. The specific expression is as follows:

Ej,t =
s
(

Rn
j,t − ∆Gj,t

)
λV(s + γ)

+
γ f

(
uj,t

)(
es

j,t − ea
j,t

)
λV(s + γ)

(14)

where f (uj,t
)

denotes the wind speed function of PSH unit j during period t; es
j,t denotes

the saturated vapor pressure of PSH unit j during period t; ea
j,t denotes the actual vapor

pressure of PSH unit j during period t; and ∆Gj,t denotes the reservoir heat storage variation
of PSH unit j during period t.

As air moves from land to the water surface, the evaporation effect is weakened due to
the increase in humidity, and the wind speed function is therefore formulated as follows:

f
(
uj,t

)
=

(
2.33 + 1.65uj,t

)
L−0.1

f (15)

where Lf denotes the characteristic length of the reservoir, and uj,t denotes the wind speed
of PSH unit j during period t.
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The storage capacities of the upper and lower reservoirs are affected by water evap-
oration, and the variation in the reservoir storage capacity of PSH within each period is
expressed as follows:{

Vup
j,t = Vup

j,t−1 + QP
j,t−1Qg

j,t−1 − Eup
j,t−1 Aup

j,t−110−3

Vdown
j,t = Vdown

j,t−1 − QP
j,t−1 + Qg

j,t−1 − Edown
j,t−1 Adown

j,t−1 10−3 (16)

where Vup
j,t and Vdown

j,t denote the storage capacities of the upper and lower reservoirs of

PSH unit j during period t, respectively; Vup
j,t−1 and Vdown

j,t−1 denote the storage capacities

of the upper and lower reservoirs of PSH unit j during period t−1, respectively; QP
j,t−1

and Qg
j,t−1 denote the water volumes for pumping and power generation of PSH unit j

during period t−1, respectively; Eup
j,t−1 and Edown

j,t−1 denote the evaporation rates of the upper

and lower reservoirs of PSH unit j during period t−1, respectively; and Aup
j,t−1 and Adown

j,t−1
denote the surface areas of the upper and lower reservoirs of PSH unit j during period
t−1, respectively.

By referring to the water level–storage capacity relationship curves of the upper
and lower reservoirs, the water levels during period t can be obtained. Accordingly, the
variation in the hydraulic head considering the effect of evaporation on reservoir storage
capacity can be further determined, which can be expressed as follows:

∆Hhead
j,t =

(
Hup,n

j,t − Hdown,n
j,t

)
−

(
Hup

j,t − Hdown
j,t

)
(17)

where ∆Hhead
j,t denotes the hydraulic head variation of PSH unit j during period t; Hup,n

j,t

and Hdown,n
j,t denote the water levels of the upper and lower reservoirs of PSH unit j during

period t without considering the effect of evaporation, respectively; and Hup
j,t and Hdown

j,t
denote the water levels of the upper and lower reservoirs of PSH unit j during period t
when the effect of evaporation is taken into account, respectively.

According to the hydraulic head variation, the reduced capacity of PSH during period
t can be obtained as follows:

∆Pj,t = ηρg∆Hhead
j,t Qj,t (18)

To avoid a mismatch between the cleared quantity of PSH in the power market and its
actual available capacity under extreme high-temperature weather, which may be caused
by variations in hydraulic head and reservoir operating constraints, the capacity reduction
of PSH due to high temperature is accounted for through the capacity interval matching
transaction of PSH with WP and PV. Specifically, the actual declared upper bound of the
PSH capacity interval is determined by subtracting the reduced PSH capacity from the
originally scheduled upper bound of the declared capacity interval. Accordingly, the actual
declared capacity interval can be expressed as follows:

IS
j,t =

[
Pj,t, Pj,t

]
=

[
Po

j,t, Po
j,t − ∆Pj,t

]
(19)

where IS
j,t denotes the capacity interval of PSH j for bundled operation with WP and

PV during period t; Pj,t and Pj,t denote the upper and lower bounds of the declared
capacity interval of PSH j for bundled operation with WP and PV power during period t,
respectively; and Po

j,t and Po
j,t denote the upper and lower bounds of the originally planned

declared capacity interval of PSH j for bundled operation with WP and PV power during
period t, respectively.

The novelty of this part lies in integrating the effect of evaporation-induced reservoir
storage change, water-level variation, hydraulic-head loss, and actual capacity reduction
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into a unified modeling chain and further transmitting this capacity reduction to the
correction of the declared bundled-operation capacity interval of PSH.

2.2.4. Bundled Operation Capacity Interval Matching Considering WP and PV Uncertainty
Under Extreme High-Temperature Weather

By constructing meteorologically coupled joint typical wind–solar–load scenarios un-
der extreme high-temperature weather, a typical day is selected for the day-ahead schedul-
ing of wind–solar and PSH bundled operation. However, under extreme high-temperature
weather, random disturbances are relatively pronounced. Meanwhile, excessively high
temperatures may reduce the operating efficiency of WP and PV units, causing the actual
WP and PV output to deviate further from the forecasted wind–solar output, thereby
making it difficult to fully characterize the uncertainty of WP and PV output under extreme
high-temperature weather. Therefore, this section adopts an interval forecasting method.
According to the quantile results of PV and WP at different confidence levels βP and βW,
the output intervals of PV and WP are respectively expressed as follows: IP

i,t =
[

PP,base
i,t qβP,1

P , PP,base
i,t qβP,2

P

]
βP,2 − qβP,1

P = (1 − βP) × 100%
(20)

{
IW
h,t =

[
PW,base

h,t qβW,1
P , PW,base

h,t qβW,2
P

]
βW,2 − βW,1 = (1 − βW) × 100%

(21)

where IP
i,t and IW

h,t denote the output intervals of PV unit i and WP unit h, respectively;

PP,base
i,t and PW,base

h,t denote the baseline values of PV unit i and WP unit h, respectively; qβP,1
P

and qβP,2
P denote the quantile results of probabilistic forecasting at quantile levels βP,1 and

βP,2, respectively; and qβW,1
P and qβW,2

P denote the quantile results of probabilistic forecasting
at quantile levels βW,1 and βW,2, respectively.

During the day-ahead scheduling stage for the joint operation of WP, PV, and PSH,
the upper and lower quantile bounds of the forecast intervals for WP and PV output
are obtained for PV and WP, respectively, according to the quantile results at different
confidence levels βP and βW. These intervals are then taken as the upper and lower bounds
of the capacity intervals that PV and WP require for bundled operation with PSH, so that
the bundled operation capacity can cover the fluctuations caused by WP and PV output
uncertainty under the preset confidence levels.

Under the traditional bundled operation mode of PSH with WP and PV in extreme
high-temperature weather, PSH is unable to reserve sufficient capacity for bundled opera-
tion with WP and PV due to factors such as reduced hydraulic head, reservoir operating
constraints, prolonged continuous operation, and the volatility and uncertainty of WP
and PV output. Meanwhile, because extreme high-temperature weather leads to higher
electricity prices, PSH may become less willing to participate in bundled operation with
WP and PV in pursuit of greater profits, thereby reducing the capacity allocated to bun-
dled operation. If only the traditional bundled operation mode of PSH with WP and PV
is adopted, it is difficult to fully reflect the system regulation costs and flexibility costs
incurred by PSH in meeting the bundled-capacity demand of WP and PV, and the incentive
for PSH to participate in bundled operation cannot be fully stimulated. Therefore, based
on the theory of continuous double auction in Ref. [31], this paper proposes a bundled
operation mode for PSH with WP and PV based on capacity interval matching. WP units,
PV units, and PSH units all act as participants in bundled operation and submit bids and
conduct transactions on the capacity trading platform.
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Under extreme high-temperature weather, the participants in the bundled operation
of PSH with WP and PV independently submit their bundled operation capacity prices and
capacity intervals on the capacity trading platform. Taking the bundled power generation
operation of PV and PSH as an example, the bundled operation capacity bids of PV i and
PSH j during period t are denoted by cP

i,t and cPS
j,t , respectively. The declared capacity

intervals of PV and PSH are then arranged in descending and ascending order of bid prices,
respectively. Meanwhile, to ensure the trading order of the capacity trading platform,
upper and lower limits are imposed on the bid prices of PV and PSH, respectively. After
the sorting process is completed, matching queues are formed, and interval matching is
carried out. The matching cases are as follows:

(1) When IP
i,t is completely matched with IS

j,t, the capacity intervals of PV and PSH are
fully matched, and a transaction is concluded between the two parties;

(2) When IP
i,t intersects with IS

j,t at the right end, PV and PSH are matched accord-

ing to the capacity interval [Pj,t, qβP,2
P Pj,t/qβP,1

P ]. After the matched portion is re-
moved from the matching queue, the updated remaining portion is retained in the
queue for the next round of matching, where P̂P,base

i,t is the updated PP,base
i,t , and

P̂P,base
i,t = PP,base

i,t − Pj,t/qβP,1
P ;

(3) When IP
i,t intersects with IS

j,t at the left end, the two parties are matched accord-

ing to the capacity interval
[
qβP,1

P Pj,t/qβP,2
P , Pj,t

]
. After the matched portion is re-

moved from the matching queue, the updated remaining portion is retained in the
queue for the next round of matching, where P̂P,base

i,t is the updated PP,base
i,t , and

P̂P,base
i,t = PP,base

i,t − Pj,t/qβP,2
P ;

(4) When IP
i,t completely covers IS

j,t and qβP,1
P Pj,t/qβP,2

P ≥ Pj,t, the two parties are matched

according to the capacity interval
[
qβP,1

P Pj,t/qβP,2
P , Pj,t

]
. After the matched portion

is removed from the matching queue, the updated remaining portion is retained in
the queue for the next round of matching, where P̂P,base

i,t is the updated PP,base
i,t , and

P̂P,base
i,t = PP,base

i,t − Pj,t/qβP,2
P ;

(5) When the two parties cannot be matched, the unmatched capacity interval is placed
at the end of the matching queue. PSH clears its capacity in the electricity mar-
ket, while the insufficient capacity on the PV side is considered to be traded in the
electricity market.

WP bids are also submitted to the capacity trading platform in the same manner
as PV bids, and a matching queue is then formed with PSH. Capacity transactions of
PSH with WP and PV are then carried out through capacity interval matching. After the
interval matching is completed and all transaction orders U are formed, PSH unit j needs to
reserve the corresponding total capacity interval

[
Pc,min

j,t , Pc,max
j,t

]
during period t according

to the matching results, where Pc,min
j,t and Pc,max

j,t denote the lower and upper bounds of
the bundled operation capacity of PSH with WP and PV, respectively, and the remaining
capacity participates in the electricity market.

Different from conventional bundled-operation studies in which PSH is usually pas-
sively dispatched, the distinctive feature of this paper is that PSH, WP, and PV are all
treated as active trading entities, and the bundled transaction is implemented through
quantity-price bidding and capacity interval matching under extreme high-temperature
conditions. During the order-matching process on the capacity trading platform, the bid
prices submitted by the WP and PV side are arranged in descending order, while those
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submitted by the PSH side are arranged in ascending order. Therefore, the final transaction
price is given as follows:

cS
u,t =

cb,ots
u,t + cs,ots

u,t

2
(22)

where cS
u,t denotes the final transaction price of order u during period t, and cb,ots

u,t and cs,ots
u,t

denote the highest bid price of the WP and PV sides and the lowest bid price of the PSH
side, respectively, in completed order u during period t.

3. Bi-Level Optimization Model for Bundled Operation of PSH with WP
and PV

To analyze the revenue of PSH participating in the capacity interval matching–based
bundled operation with WP and PV and in the electricity market under extreme high-
temperature weather, this section constructs a bi-level optimization model with reference
to the bi-level optimization model proposed in Ref. [32], in which the upper-level model
aims to maximize the revenue of PSH itself, while the lower-level model aims to minimize
the total cost of the joint clearing of the energy and ancillary service markets [33]. Through
iterative interactions between the upper- and lower-level models, the optimal scheduling
plan is obtained.

3.1. Upper-Level PSH Revenue Model
3.1.1. Upper-Level Model Objective Function

The total revenue obtained by PSH is the sum of the capacity revenue from bundled
operation with WP and PV in the orders formed on the capacity trading platform and the
revenue from participating in the energy and ancillary service markets. Accordingly, the
upper-level objective function aims to maximize the total revenue of PSH and is expressed
as follows:

max f1 =
T

∑
t=1

J

∑
j=1

(R1 + R2 − C) (23)

The revenue obtained from the bundled operation orders of PSH with WP and PV is
given as follows:

R1 =
U

∑
u=1

cS
u,tP

c
j,t (24)

The revenue obtained by PSH from participating in the joint clearing of the energy
market and the reserve ancillary service market is given as follows:

R2 = cg
j,tP

g
j,t + cres

j,t Pres
j,t + cr,use

j,t Pr,use
j,t − cp

j,tP
p
j,t (25)

The operating cost of PSH is given as follows:

C = ce
j,t(Pc

j,t + Pg
j,t + Pr,use

j,t ) + cr
j,tP

res
j,t + cpu

j,t Ppu
j,t (26)

where f1 denotes the total revenue obtained by PSH; R1 and R2 denote the revenue from
bundled operation and the revenue from the electricity market, respectively; J denotes
the number of PSH units; T denotes the number of scheduling periods; C denotes the
generation and reserve cost of PSH.
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3.1.2. Upper-Level Model Constraints

(1) PSH Output Constraints{
Pg,min

j,t ≤ Pg
j,t + Pg,res

j,t + Pc
j,t ≤ Pg,max

j,t

Pp,min
j,t ≤ Pp

j,t + Pp,res
j,t + Ppu

j,t ≤ Pg,max
j,t

(27)

where Pg,min
j,t and Pg,max

j,t denote the minimum and maximum allowable generation quanti-

ties of PSH unit j during period t, respectively; Pp,min
j,t and Pg,max

j,t denote the minimum and
maximum allowable pumping quantities of PSH unit j during period t, respectively; and
Pg,res

j,t and Pp,res
j,t denote the reserve capacities provided by PSH unit j during generation

and pumping in period t, respectively.
(2) Reservoir Storage Capacity Constraints
During PSH operation, the reservoir storage capacity must remain between the maxi-

mum and minimum storage limits. In addition, at the initial time of the scheduling horizon,
the reservoir storage capacity is equal to the sum of the storage capacity after accounting
for evaporation loss and that at the end of pumping or generation. This can be expressed
as follows:

Vmin ≤ Vt ≤ Vmax (28)

V0 = Vt +
T

∑
t=1

Eup
j,t−1 Aup

j,t−110−3 (29)

The relationship constraint between the reservoir storage capacity and the power
capacity of PSH is given as follows:

Vt = Vt−1 − ξ
(

Pg
j,t + Pg,res

j,t + Pc
j,t

)
/η1 + ξ

(
Pp

j,t + Pp,res
j,t + Ppu

j,t

)
(30)

where Vt and Vt−1 denote the reservoir storage capacities during periods t and t−1, re-
spectively; Vmax and Vmin denote the maximum and minimum allowable reservoir storage
capacities, respectively; ξ denotes the conversion coefficient between energy and reservoir
storage capacity; η1 denotes the generation efficiency of the PSH station; and V0 denotes
the initial reservoir storage capacity.

(3) PSH Operating Mode Transition Constraints
During PSH operation, there are two operating modes, namely generation and pump-

ing, which cannot be carried out simultaneously. In addition, for the same PSH unit, the
operating mode in bundled operation with WP and PV must be consistent with that in
participation in the electricity market. Therefore, the following constraints must be satisfied:{

Pg
j,tP

p
j,t = 0

Ppu
j,t Pc

j,t = 0
(31)

3.2. Lower-Level Joint Clearing Model of the Energy and Ancillary Service Markets
3.2.1. Lower-Level Model Objective Function

(1) PSH Bidding in the Reserve Ancillary Service Market
Since a unified and mature domestic ancillary service market system has not yet been

fully established, the market participation of PSH remains insufficient, and its value has
not been fully realized. With the progressive development of the electricity market, the
capacity tariff of PSH will be gradually phased out, and PSH will participate in the reserve
ancillary service market as an independent market entity to obtain corresponding revenues
through market competition. Under extreme high-temperature weather, the contradiction
between reserve supply and demand in the reserve ancillary service market becomes more
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prominent. In this context, PSH participates in the joint clearing of the energy market and
the reserve ancillary service market through quantity-price bidding, and the value of lost
load is adopted to quantify reserve scarcity so as to optimize its bidding strategy. The
specific expression is as follows:

cres
j,t =

1
2

Cres
j,t +

φj,tCres
j,t

2
(

φj,t − 1
) (32)

where cres
j,t denotes the reserve capacity bid of PSH unit j during period t; Cres

j,t denotes the
reserve cost of PSH unit j during period t; φj,t denotes the expected winning ratio of PSH
unit j during period t; and VOLL denotes the value of lost load.

(2) Objective Function
With PSH participating in the joint clearing of the energy and ancillary service markets

as a market entity, the objective function is to minimize the total system clearing cost, which
can be expressed as follows:

min f2 =
T

∑
t=1

L

∑
l=1

[
cda

l,t Pe
l,t + cres

l,t Pres
l,t + cr,use

l,t Pr,use
l,t + αl,t(1 − αl,t−1)Cl,on + αl,t−1(1 − αl,t)Cl,off

]
(33)

where f2 denotes the system clearing cost; L denotes the number of units participating in
electricity market clearing; and αl,t and αl,t−1 denote the binary start-up/shut-down status
variable of unit j during periods t and t−1, respectively.

3.2.2. Lower-Level Model Constraints

(1) System Power Balance Constraints

L

∑
l=1

Pe
l,t = Dt (34)

where Dt denotes the system load during period t.
(2) Unit Output Constraints

αl,tP
e,min
l,t ≤ Pe

l,t ≤ αl,tP
e,max
l,t (35)

where Pe,max
l,t and Pe,min

l,t denote the maximum and minimum output of unit l during period
t, respectively.

(3) Unit Ramp Rate Constraints

Pdown
l ≤ Pl.t − Pl.t−1 ≤ Pup

l (36)

where Pl.t and Pl.t−1 denote the power outputs of unit l during periods t and t−1, respectively.
(4) Start-Up and Shut-Down Time Constraints(αl,t − αl,t−1)

(
Toff

l,t−1 − Tl,off

)
≥ 0

(αl,t−1 − αl,t)
(

Ton
l,t−1 − Tl,on

)
≥ 0

(37)

where Toff
l,t−1 and Ton

l,t−1 denote the shut-down time and operating time of unit l during
period t−1, respectively, and Tl,off and Tl,on denote the minimum continuous shut-down
time and minimum continuous operating time of unit l during period t, respectively.

(5) Reserve Ancillary Service Market Constraints
In the reserve ancillary service market, the reserve capacity awarded to the units shall

be greater than or equal to the market demand, which can be expressed as follows:
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L

∑
l

Pres
l,t ≥ DR

t (38)

where Pres
l,t denotes the reserve capacity provided by unit l during period t, and DR

t denotes
the reserve capacity required by the system during period t, respectively.

Through the bi-level model, the output allocation of generating units is optimized to
ensure the economic optimality of both PSH and the energy and ancillary service markets.
The model solution procedure is illustrated in Figure 6, and the optimal scheduling model
is solved using MATLAB2022a.

Lower-level objective 
function: Minimize the 
total cost of joint clearing 

in the primary and 
ancillary markets

Start

Upper-level objective 
function: Maximize 
the total revenue of 
pumped storage

Establish the pumped 
storage total revenue model 
and constraints in the system

Initial data; WT and PV 
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t=1,k=1

Input system equipment 
parameters

Calculate the maximum 
pumped storage revenue 
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Adjust the output of                        to ensure the 
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Figure 6. Optimization solution process.

4. Case Studies
4.1. Basic Data

According to the definition of extreme high-temperature weather adopted in this
study, the actual historical data from a region in Sichuan Province over the past five years
were screened, yielding 151 extreme high-temperature days, corresponding to 3624 hourly
observations. The dataset has a temporal resolution of 1 h and includes temperature, wind
speed, solar irradiance, and load data. Among them, the meteorological data are obtained
from the China Meteorological Data Service Centre and the ERA5 meteorological database,
while the load data were obtained from the historical operating records of the regional
power grid over the same period. The region includes five thermal power units, three PSH
units, a 1000 MW WP farm, and an 800 MW PV power station. The main parameters of
the thermal power units and PSH units are listed in Table 1, while the reservoir data of
the PSH units are shown in Table 2 and Figure 7. The VOLL is set to 7500 yuan/MWh. In
the following, a detailed analysis is conducted based on the generated joint scenarios and
scheduling results. The whole day is divided into a complete 24 h cycle, and the simulation
is carried out with a time step of 1 h within each cycle.
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Table 1. Unit parameters.

Unit Rated Capacity
(MW)

Start-up Cost per
Operation (104 Yuan)

Shutdown Cost per Operation
(104 Yuan)

Ramp Rate
(MW/Min)

PSH G1 500 12 12 500
PSH G2 500 11.5 11.5 500
PSH G3 550 12.8 12.8 550

Thermal G4 700 87.5 17.5 4.5
Thermal G5 750 92.3 20.8 4.5
Thermal G6 750 102.5 21 4.5
Thermal G7 850 102 14.2 4.5
Thermal G8 800 90.7 22.4 5

Table 2. Reservoir parameters of PSH units.

PSH G1 PSH G2 PSH G3

Upper reservoir capacity (104 m3) 216.21 212.56 225.17
Lower reservoir capacity (104 m3) 247.06 249.32 253.61

Normal water level of upper reservoir (m) 371.2 373.5 410.3
Normal water level of lower reservoir (m) 81.2 82.6 121.1

Rated head (m) 290 290.9 289.2

50 60 70 80 90 100 110 120 130
0

40

80

120

160

200

240

280

320

S
to
ra
g
e
 C
a
p
a
c
it
y
 /
1
0
4
m

3

Water Level (m)

A

PSH G1 PSH G2 PSH G3

330 340 350 360 370 380 390 400 410 420
0

30

60

90

120

150

180

210

240

270

S
to
ra
g
e 
C
a
p
ac
it
y
 /
1
0
4
m

3

Water Level (m)

B

PSH G1 PSH G2 PSH G3  

Figure 7. Water level–storage capacity relationship curves of PSH reservoirs. (A) Water level–storage
capacity curves of the upper reservoirs of PSH units; (B) water level–storage capacity curves of the
lower reservoirs of PSH units.

To further describe the overall characteristics of the extreme high-temperature samples,
this paper performs a statistical analysis of the screened extreme high-temperature weather
dataset from the perspectives of temperature, wind speed, load, and solar irradiance, and
the results are summarized in Table 3. The main statistical parameters include the average
daily maximum and minimum temperature, average daily maximum and minimum wind
speed, average daily maximum and minimum load, and average daily maximum solar irra-
diance, which provide a more comprehensive description of the dataset and a clearer data
basis for the subsequent typical scenario generation and optimization scheduling analysis.

Table 3. Statistical characteristics of the extreme high-temperature dataset.

Avg. Daily Max./Min.
Temperature (◦C)

Avg. Daily Max./Min.
Wind Speed (m/s)

Avg. Daily Max./Min.
Load (MW)

Avg. Daily Max. Solar
Irradiance (W/m2)

Value 39.3/29.5 2.2/1.2 4876.3/3017.6 712.9
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As shown in Table 3, the extreme high-temperature weather samples are highly repre-
sentative in terms of temperature level, meteorological conditions, and load characteristics.
Specifically, the average daily maximum temperature of the samples reaches 39.3 ◦C,
while the average daily minimum temperature is 29.5 ◦C, indicating a persistently high-
temperature state and reflecting the typical temperature characteristics under extreme
high-temperature weather. The wind speed is generally low, with an average daily maxi-
mum wind speed of 2.2 m/s and an average daily minimum wind speed of 1.2 m/s, which
directly affects the level of WP output. The average daily maximum solar irradiance reaches
712.9 W/m2, indicating strong solar radiation during extreme high-temperature weather.
The average daily maximum load is 4876.3 MW, while the average daily minimum load is
3017.6 MW, showing that the overall power load remains at a relatively high level under
extreme high-temperature weather and exhibits obvious intraday variation characteristics.

4.2. Typical Scenario Generation

To visually evaluate the distribution characteristics of the generated data and compare
them with those of the original data, the generated results are visualized by applying t-SNE
for dimensionality reduction [34]. t-SNE is a nonlinear dimensionality reduction method
with a strong ability to preserve local structure [35]. By maintaining the local neighbor-
hood relationships of high-dimensional data and minimizing distribution differences, it
enables the visualization of high-dimensional data. The input distribution after t-SNE
dimensionality reduction is shown in Figure 8.

Figure 8. Dataset after t-SNE dimensionality reduction.

In Figure 8, the blue point cluster represents the original data, while the red point
cluster represents the generated data. As can be seen from the figure, the generated
data have clear boundaries and exhibit a large overlap with the original data, indicating
that the generated data and the original data share a highly similar distribution in the
low-dimensional space. This distribution pattern shows that the TimeGAN model can
effectively learn the latent structure and local features of the original dataset, thereby fitting
the distribution characteristics of the original data well and verifying the effectiveness of
the data generated by the TimeGAN model.

To further verify the effectiveness of the WP and PV output and load generated by
the method adopted in this paper, the results generated by TimeGAN are compared with
those generated by the traditional GAN model, and the Jensen–Shannon divergence (JS
divergence), which measures distributional similarity, and DTW, which measures sequence-
shape similarity, are introduced as evaluation metrics. Among them, smaller values of JS
divergence and DTW indicate higher similarity [36,37]. The results of JS divergence and
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DTW are presented in Table 4. As can be seen from the table, the TimeGAN model adopted
in this paper shows better performance overall.

Table 4. Comparison of results between GAN and TimeGAN.

Model Metric WP PV Load

GAN
JS 0.151 0.142 0.113

DTW 3.43 3.52 3.47

TimeGAN
JS 0.086 0.067 0.071

DTW 2.92 2.76 2.81

Based on the typical scenario data of temperature, wind speed, solar irradiance, and
load generated by the TimeGAN model, together with the WP and PV output conversion
models, two types of meteorologically coupled typical wind–solar–load scenarios are
constructed. Each type of scenario lasts for 10 days. To fully reflect the impact of persistent
extreme high-temperature weather on the system, the 9th day of each type of typical
scenario is selected as the typical day. The corresponding meteorological data and load
data are shown in Figure 9.
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Figure 9. Generated temperature, wind speed, solar irradiance, and load data. (A) Temperature data;
(B) solar irradiance data; (C) wind speed data; and (D) load data.

As can be seen from Figure 9A, under extreme high-temperature weather, the tem-
perature in High-Temperature A remains continuously at 30 ◦C or above throughout the
day, whereas in High-Temperature B, the duration during which the temperature exceeds
30 ◦C is approximately 20 h within one day. Extreme high-temperature weather is usually
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accompanied by high solar irradiance. As shown in Figure 9B, the solar irradiance level in
High-Temperature A is higher than that in High-Temperature B, and the maximum solar
irradiance occurs at the time when the daily temperature reaches its peak. It can be seen
from Figure 9C that wind speed is relatively low under extreme high-temperature weather,
and the overall wind speed level decreases as the maximum temperature rises. Although
the wind speed fluctuates more significantly in High-Temperature A, the difference in wind
speed between the two extreme high-temperature conditions is not obvious at night. As
shown in Figure 9D, persistent extreme high-temperature weather leads to an increase in
cooling load demand, causing the overall load level in High-Temperature A to be higher
than that in High-Temperature B, while both exhibit a bimodal load pattern. When the first
peak appears, the temperature reaches the daily maximum, at which time the cooling load
surges and is accompanied by an increase in industrial load. During the midday period,
the load declines because most industrial enterprises are in a rest phase. In the evening,
however, a second load peak emerges due to the sustained cooling load as well as the
increase in lighting load and residential load.

The typical-day WP and PV outputs under the two types of extreme high-temperature
scenarios are shown in Figure 10.
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Figure 10. Generated WP and PV output data. (A) WP output data; (B) PV output data.

As can be seen from Figure 10A, the wind speed remains at a relatively low level on
that day due to the influence of high temperature, resulting in low WP output. Among
the two scenarios, the WP output in High-Temperature A is lower than that in High-
Temperature B, and in both cases the WP output decreases during the midday period, with
a larger decline observed in High-Temperature A. On the typical day of High-Temperature
A, the WP output reaches its maximum at 17:00 and its minimum at 12:00. As shown
in Figure 10B, the variation trend of PV output is basically consistent with that of solar
irradiance. However, under extreme high-temperature weather, PV is adversely affected
by high temperature: the temperature of the PV panels rises, thereby reducing the PV
conversion efficiency and keeping the PV output at a relatively low level. On the typical
days of High-Temperature A and High-Temperature B, the PV output reaches its maximum
at 12:00 and 13:00, respectively, and the overall PV generation trends under the two types
of extreme high-temperature weather are generally consistent.

4.3. Case Study Results Analysis

To verify the effectiveness of the proposed capacity interval matching mechanism
and the participation of PSH in the joint clearing of the electricity market using a bidding
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strategy that considers the value of lost load, the typical day of High-Temperature A is
selected, and three cases are designed for scheduling result analysis:

Case 1: The effects of high temperature on the operating capacity of PSH and the
output of WP and PV are ignored; PSH does not adopt a bidding strategy considering
the value of lost load when participating in the reserve ancillary service market; and the
traditional bundled operation mode of PSH with WP and PV is adopted.

Case 2: The effects of high temperature on the operating capacity of PSH and the
output of WP and PV are taken into account; PSH adopts a bidding strategy considering
the value of lost load when participating in the reserve ancillary service market; and the
traditional bundled operation mode of PSH with WP and PV is adopted.

Case 3: The effects of high temperature on the operating capacity of PSH and the
output of WP and PV are taken into account; PSH adopts a bidding strategy considering
the value of lost load when participating in the reserve ancillary service market; and, as an
independent entity, PSH adopts the interval matching method for bundled operation with
WP and PV.

4.3.1. Analysis of Capacity Interval Matching Results for Bundled Operation

Considering the meteorological characteristics of extreme high-temperature weather
and the operating characteristics of WP and PV generation, an interval forecasting method is
adopted to characterize the uncertainty of WP and PV output. In this paper, the confidence
level of WP and PV output for High-Temperature A is set to 0.9. The forecast output
intervals of WP and PV vary under different confidence levels. As the confidence level
increases, the output intervals of WP and PV also expand accordingly. The output intervals
of WP and PV are shown in Figure 11. As can be seen from Figure 11A,B, when the forecast
output level of WP and PV is relatively high, the corresponding interval also becomes
wider. Under extreme high-temperature weather, PSH is required to better mitigate the
fluctuations of WP and PV. Therefore, the selected interval should, as far as possible,
encompass the impacts of meteorological factors on WP and PV.

Figure 11. Forecast results of the capacity demand intervals for bundled operation of WP and
PV under different quantile levels. (A) Different confidence intervals of WP output; (B) different
confidence intervals of PV output.

Under extreme high-temperature weather, due to meteorological factors such as high
air temperature and large net radiation, the evaporation of the upper and lower reservoirs
of PSH increases significantly, leading to greater hydraulic head loss and reduced turbine
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discharge, thereby weakening the regulating capability of PSH. This not only affects the
bundled operation capacity provided by PSH for WP and PV but also causes a mismatch
between the awarded quantities of PSH in the energy market and reserve ancillary service
market and its actual deliverable capacity. Therefore, this paper adopts the DTW algorithm
to identify similar days and uses meteorological data such as saturated vapor pressure
and actual vapor pressure to calculate the evaporation of PSH. Taking PSH unit G1 as an
example, the evaporated reservoir storage capacities of the upper and lower reservoirs are
shown in Figure 12.
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Figure 12. Evaporation-induced reservoir storage of the upper and lower reservoirs of PSH unit G1.

As shown in Figure 12, due to the temperature drop at night and the reduction of solar
irradiance to zero, the evaporation of the PSH reservoirs decreases, resulting in relatively
small evaporative storage loss during 00:00–07:00 and 22:00–24:00. By contrast, during
10:00–20:00, the increase in temperature and solar irradiance raises the water temperature of
the reservoirs, thereby intensifying reservoir evaporation. At 15:00, the evaporated storage
of both the upper and lower reservoirs reaches its peak, at which time the evaporative
storage loss of the upper and lower reservoirs is approximately four times that during
the nighttime. Since the surface area of the upper reservoir is smaller than that of the
lower reservoir, the lower reservoir evaporates about 3.6 times more water than the upper
reservoir, and the total evaporated storage of the upper and lower reservoirs reaches
4296 m3. Taking PSH unit G1 at 13:00 as an example, because the unit operates for a
prolonged period under extreme high-temperature weather, the water level of the lower
reservoir rises, while that of the upper reservoir declines, which leads to a reduction in
the hydraulic head and consequently affects the capacity of PSH unit G1. When PSH unit
G1 declares its bundled operation capacity interval on the capacity trading platform, the
capacity reduction caused by persistent extreme high-temperature weather is deducted,
and the actual available capacity of the unit is reduced by 6.1 MW at this time.

After deducting the capacity losses of PSH caused by extreme high-temperature
weather, reservoir evaporation, and reservoir operating constraints, PSH, together with WP
and PV, submits the corresponding capacity intervals and bid prices to the capacity trading
platform. Taking 09:00 and 14:00 as examples, the capacity-interval prices of PSH, WP, and
PV are ranked, and the declaration lists generated on the capacity trading platform are
shown in Table 5.
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Table 5. Bids of capacity-interval trading entities on the capacity trading platform.

PSH Unit Bid at 09:00
(Yuan/MWh)

Bid at 14:00
(Yuan/MWh) WP/PV Unit Bid at 09:00

(Yuan/MWh)
Bid at 14:00
(Yuan/MWh)

G3 361.9 363.0 PV 360.2 362.6
G2 364.3 —— WP 358.6 361.7
G1 365.2 366.0

The capacity intervals of PSH, WP, and PV are matched in accordance with the capacity
interval matching principle, and the resulting capacity matching outcomes for the two
periods are shown in Figure 13.
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Figure 13. Capacity interval matching results. (A) Capacity interval matching result at 09:00;
(B) capacity interval matching result at 14:00.

As can be seen from Figure 13A in conjunction with Table 5, at 09:00, PSH units G1, G2,
and G3 all participated in capacity and price bidding. For bundled operation with WP, PSH
units G1, G2, and G3 accounted for 25.8%, 36.5%, and 37.7% of the total bundled capacity,
respectively. For bundled operation with PV, PSH units G1 and G3 accounted for 22.2%
and 77.8% of the total bundled capacity, respectively. As can be seen from Figure 13B in
conjunction with Table 5, at 14:00, since PSH unit G2 did not participate in bidding on the
capacity trading platform, all the bundled capacity required by WP and PV was provided
by PSH units G1 and G3. For bundled operation with WP, PSH units G1 and G3 accounted
for 49.2% and 50.8% of the total bundled capacity, respectively. For bundled operation with
PV, PSH units G1 and G3 accounted for 31.1% and 68.9% of the total bundled capacity,
respectively. Moreover, the capacity provided by PSH could fully match the capacity
declared by WP and PV.

4.3.2. Analysis of Bundled Operation Results

To further analyze the bundled operation capacity trading between each PSH unit and
WP/PV and to verify the effectiveness of the capacity interval matching transaction, the
bundled operation capacity results of PSH with WP and PV in Cases 1–3 are presented in
Figure 14.

As can be seen from Figure 14A, when the traditional bundled operation mode of PSH
with WP and PV is adopted in Case 1, PSH provides relatively large bundled operation
capacity between 10:00 and 12:00, whereas the bundled operation capacity decreases
after 13:00. As shown in Figure 14B, Case 2 takes into account, on the basis of Case 1, the
impact of extreme high-temperature weather on the operating capacity of PSH and the
output of WP and PV. Under extreme high-temperature weather, the uncertainty of WP and
PV becomes stronger, while during persistent extreme high-temperature periods, PSH is
constrained by reservoir water levels and turbine discharge, resulting in a reduction in the
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actual available unit capacity. Therefore, in the day-ahead scheduling stage, the bundled
operation capacity is appropriately increased. In Case 2, the total bundled generation
capacity of PSH units G1, G2, and G3 increases by 10.9% compared with Case 1, while
the total pumping capacity increases by 25.6%. As shown in Figure 14C, Case 3 further
conducts capacity trading through the capacity trading platform based on the capacity
interval matching method on the basis of Case 2. The simulation results show that PSH
participates in bundled operation with WP and PV in the form of quantity-price bidding.
The willingness of PSH units to participate in bundled operation with WP and PV is
enhanced. In Case 3, the bundled generation capacity provided by PSH increases by 17.9%
compared with Case 2, while the pumping capacity increases by 7.9%, thereby effectively
alleviating the strong uncertainty and volatility of WP and PV output under extreme
high-temperature weather.

 

 

Figure 14. Bundled operation capacity of PSH with WP and PV in Cases 1–3. (A) Bundled operation
capacity in Case 1; (B) bundled operation capacity in Case 2; (C) bundled operation capacity in Case 3.

4.3.3. Analysis of Joint Clearing Results in the Electricity Market

As an independent market entity, PSH participates in the joint clearing of the energy
market and the reserve ancillary service market through quantity-price bidding, which
is an important way to enhance the market participation incentive of PSH and ensure its
economic benefits. Under extreme high-temperature weather, the difficulty of maintaining
power and energy balance increases, and the system demand for reserve capacity rises
sharply, thereby driving up both the energy market price and the reserve ancillary service
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market price. The prices in the energy market and the reserve ancillary service market are
shown in Figure 15.

The clearing price in the energy market exhibits a bimodal pattern, with peak prices
occurring during 10:00–12:00 and 19:00–20:00, because electricity demand rises sharply
during these periods, increasing the pressure on system power supply and consequently
driving up the bid prices submitted by various generation entities. Since the capacity
demand in the reserve ancillary service market is relatively lower than the energy demand,
and the reserve capacity bid prices submitted by market participants are also relatively
low, the reserve ancillary service market price remains at a relatively low level and changes
smoothly. When extreme high-temperature weather leads to a shortage of reserve capacity
in the reserve ancillary service market, PSH, as a market participant, adopts a bidding
strategy considering the value of lost load, thereby increasing its bid price. Under such
circumstances, the clearing price can increase by up to 8.1%.
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Figure 15. Electricity market prices.

Under extreme high-temperature weather, the demand for electricity in the electricity
market increases, while the reserve ancillary service market faces a shortage of reserve
capacity. In this context, PSH adopts a bidding strategy considering the value of lost load in
the reserve ancillary service market. To analyze the share of PSH as a market entity in the
energy market and the reserve ancillary service market, as well as the impact of the interval
matching–based bundled operation of PSH with WP and PV on the awarded quantities in
the energy market and the reserve ancillary service market, the joint clearing results of the
electricity market in Cases 1–3 are presented in Figure 16, respectively.

As can be seen from Figure 16A–C, all types of units participate in market trading in
the energy market. However, because thermal power units have relatively high generation
capability under extreme high-temperature weather, they obtain a relatively large quantity
of cleared energy and account for 75.9% of the market share. Since WP and PV do not
participate in transactions in the reserve ancillary service market, they are also granted
priority clearing in the energy market. Affected by the high electricity prices caused by
extreme high-temperature weather, PSH flexibly adjusts its trading quantity in the energy
market according to market price fluctuations, mainly operating in the form of generation
during peak periods and pumping during off-peak periods. When PSH adopts capacity
interval matching for bundled operation with WP and PV, its pumping quantity traded in
the energy market also decreases. In Case 3, it is reduced by 10.3% and 14.7% compared
with Cases 1 and 2, respectively.
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As shown in Figure 16D, in Case 1, PSH has sufficient reserve capacity, good regu-
lation performance, and low bidding prices during daytime non-peak load periods, and
therefore accounts for 35.9% of the market share. Figure 16E shows that under extreme
high-temperature weather, when PSH units adopt a bidding strategy considering the value
of lost load, PSH increases the capacity allocated to the reserve ancillary service market.
Owing to its advantages such as fast response speed, PSH is also given priority clearing
in the reserve ancillary service market. Compared with Case 1, the share of PSH in the
reserve ancillary service market increases by 9.3%. Figure 16F indicates that, on the basis of
Case 2, Case 3 adopts bundled operation through the capacity interval matching method,
which not only enables dynamic adjustment of bundled operation capacity and reduces the
reserve demand caused by the uncertainty of WP and PV output, thereby alleviating the
reserve pressure in the reserve ancillary service market, but also allows PSH to participate
through quantity-price bidding while considering the value of lost load, thus enhancing
the participation incentive of PSH. In all three cases, because the reserve cost of PSH is
higher when it is in the pumping mode, PSH does not participate in the reserve ancillary
service market during pumping.

Table 6 presents a comparison of the revenues of PSH, WP, and PV under the three
cases. Based on this comparison, the revenue differences of PSH under bundled operation
with WP and PV and in participating in the joint clearing of the energy market and the
reserve ancillary service market are analyzed, and the impacts on the revenues of WP and
PV are also discussed.

As can be seen from Table 6, under extreme high-temperature weather, Case 2 takes
into account the impact of temperature on the bundled operation of PSH with WP and PV.
By increasing the bundled operation capacity provided for WP and PV, the daily revenue
from bundled operation is improved. Meanwhile, PSH participates in the reserve ancillary
service market using a bidding strategy that considers the value of lost load, which raises
the clearing price in the reserve ancillary service market and increases the capacity declared
by PSH. Therefore, compared with Case 1, the daily revenue of PSH from the reserve
ancillary service market in Case 2 increases by 14.8%, while its total daily profit increases
by 6.44%. On the basis of Case 2, Case 3 adopts capacity interval matching on the capacity
trading platform to conduct bundled-capacity trading. Through the capacity interval
matching mechanism, the bundled-capacity demand of WP and PV and the deliverable
capacity of PSH can be matched more precisely. At the same time, under this mechanism,
PSH conducts bundled-capacity trading as an independent entity and submits bids within
the prescribed bid boundaries according to changes in the bundled-capacity demand of
WP and PV, which can improve the bundled operation price and significantly enhance
the willingness of PSH to participate in bundled operation. Therefore, in Case 3, the daily
revenue of PSH from bundled operation with WP and PV increases by 35.0% compared
with Case 2, while the total daily profit of PSH increases by 2.85% compared with Case 2.

When PSH, WP, and PV participate in bundled operation through the capacity interval
matching mechanism, the bundled operation capacity can be increased, and the penalty cost
of WP and PV can also be reduced, thereby improving the total daily revenue of WP and PV.
Therefore, compared with Case 2, the total daily revenue of WP and PV in Case 3 increases
by 1.67%. The comparison of the revenues of PSH, WP, and PV demonstrates that the
proposed method, in which PSH conducts capacity interval matching transactions through
the capacity trading platform under extreme high-temperature weather, can effectively
improve the revenues of both PSH with WP and PV.
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Figure 16. Joint clearing results of the electricity market. (A) Awarded quantity in the energy market
for Case 1; (B) awarded quantity in the energy market for Case 2; (C) awarded quantity in the
energy market for Case 3; (D) awarded quantity in the reserve ancillary service market for Case 1;
(E) awarded quantity in the reserve ancillary service market for Case 2; (F) awarded quantity in the
reserve ancillary service market for Case 3.

Table 6. Comparison of total revenues of PSH, WP, and PV under different cases.

Case 1 Case 2 Case 3

PSH generation revenue/104 yuan 364.16 361.96 360.32
PSH pumping revenue/104 yuan −196.79 −187.72 −180.41

PSH revenue from the reserve ancillary service market/104 yuan 40.21 46.16 44.79
PSH revenue from bundled operation with WP and PV/104 yuan 5.23 6.12 8.26

Total revenue of PSH/104 yuan 212.81 226.52 232.96
Total revenue of WP and PV/104 yuan 385.6 389.1 395.6
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5. Conclusions
Based on the operating characteristics of PSH under bundled operation with WP and

PV and the characteristics of bundled capacity under extreme high-temperature weather,
this paper constructs a bi-level optimal scheduling model for capacity interval matching
in bundled operation of PSH with WP and PV, with the objectives of maximizing the
revenue of PSH and minimizing the cost of the electricity market. Through case studies,
the following conclusions are obtained:

(1) This paper analyzes the physical mechanism by which the flexible regulation capability
of PSH is constrained under extreme high-temperature weather and establishes a
model describing the impact of evaporation on the hydraulic head and capacity of
PSH by incorporating the reservoir characteristics of PSH. Taking PSH unit G1 as an
example, the cumulative capacity loss reaches 6.1 MW, which enables an accurate
quantification of the capacity loss caused by high temperature and provides support
for improving the flexible regulation capability of PSH.

(2) This study treats PSH as an independent market entity and enables it to participate
in the reserve ancillary service market using a bidding strategy that considers the
value of lost load. This strategy increases the share of PSH in the reserve ancillary
service market by 9.3% and raises its revenue from the reserve ancillary service market
by 14.8%, thereby effectively alleviating the supply–demand pressure in the reserve
ancillary service market under extreme high-temperature weather. At the same time,
it further improves the revenue of the PSH station and gives full play to its flexible
regulation capability.

(3) Through the bundled operation mode based on capacity interval matching for PSH
with WP and PV, the capacity intervals and bid prices are uniformly submitted on
the capacity trading platform to complete day-ahead transactions. Compared with
the traditional bundled operation mode of PSH with WP and PV, this mode increases
the bundled operation capacity by 17.9%, enhances the capability to mitigate large
fluctuations in WP and PV output, and raises the total revenue of PSH by 2.85%,
thereby improving both the economic performance and reliability of the bundled
operation system of PSH with WP and PV under extreme high-temperature weather.

This paper only considers the impact of the bundled operation mode of PSH with
WP and PV on the system under extreme high-temperature weather. Future research can
further investigate the coordinated operation mechanism between PSH and diversified
power sources under multiple types of extreme weather, so as to further exploit the flexible
regulation capability of PSH and enhance the ability of the power system to cope with
extreme weather.
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Nomenclature

Indices Ej,t
Water surface evaporation rate of PSH unit j
during period t

i Index for PV unit PPV,t PV output at time t
j Index for PSH unit ∆Pj,t Reduced capacity of PSH unit j during period t
h Index for WP unit

Qj,t
Turbine discharge of PSH unit j during period t

t Index for scheduling period
IS
j,t

Capacity interval of PSH j
for bundled operation with WP and PV during
period t

Parameters cg
j,t

Day-ahead cleared electricity price of PSH unit j
during period t

vin Cut-in wind speed of the wind turbine
cres

j,t
Reserve capacity price of PSH unit j during period t

vout Cut-out wind speed of the wind turbine
cr,use

j,t

Compensation price for additional electricity
generation when reserve capacity is called of PSH unit
j during period t

vr Rated wind speed of the wind turbine cp
j,t Pumping clearing price of PSH unit j during period t

Pwd,N Rated output power of the WP cpu
j,t

Pumping-capacity price for bundled operation with
WP and PV of PSH unit j during period t

PPV,N Rated output power of the PV system ce
j,t Energy cos t of PSH unit jduring period t

IPV Standard solar irradiance, which is set to 1000 W/m2 cS
u,t

Bundled capacity price of PSH with WP and PV
during period t

βref PV conversion efficiency Pg
j,t

Awarded generation quantity of PSH unit j during
period t

Tt Ambient temperature at time t Pres
j,t

Reserve capacity participating in the reserve ancillary
service market of PSH unit j during period t

TN
PV panel temperature under normal operating
conditions, taken as 48 ± 2 ◦C

Ppu
j,t

Pumping capacity for bundled operation with WP
and PV of PSH unit j during period t

s Slope of the saturated vapor pressure curve Pr,use
j,t Reserve capacity of PSH unit j during period t

It Solar irradiance at time t Pp
j,t Pumping quantity of PSH unit j during period t

Rn
j,t Net radiation of PSH unit j during period t Pc

j,t
Generation capacity for bundled operation with WP
and PV of PSH unit j during period t

λV latent heat of vaporization cda
l,t Awarded prices of energy of unit l during period t

γ Psychrometric constant cres
l,t Reserve capacity of unit l during period t

ρ Water density cr,use
l,t Reserve capacity of unit l during period t

g Gravitational acceleration
Pe

l,t
Awarded quantities of energy of unit l during period t

VOLL Value of lost load Pres
l,t

Awarded quantities of reserve capacity of unit l
during period t

Cl,on Start-up cost of unit l during period t Pr,use
l,t Reserve capacity of unit l during period t

Cl,off Shut-down cost of unit l during period t Abbreviations
Pup

l Ramp-up rate rate of unit l PSH Pumped storage hydropower
Pdown

l Ramp-down rate of unit l WP Wind power
Variables PV Photovoltaic power
Pwd,t WP output at time t TimeGAN Time-series Generative Adversarial Network
cr

j,t Capacity cost of PSH unit j during period t DTW Dynamic Time Warping
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