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Abstract. The uncertainties of wind power generation and load significantly impact
on the economy of distribution network dispatching. Therefore, operating an op-
timal dispatching strategy can improve the economic performance of the power
grid. In modern data-driven optimization approaches, the proper volume of data
generates remarkably optimal results. However, due to the difficulties of data collec-
tion, transmission, and storage, wind power data is naturally scarce, which severely
deteriorates the performance of the optimization. Additionally, the uncertainty ex-
isting on the load side leads to more complicated scenarios in optimization, which
further prevents the optimization from achieving the optimal dispatching strategy.
Therefore, to solve the aforementioned issues, this paper presents an economic dis-
patching optimization approach for a distribution network while considering wind
power data augmentation and uncertainties of both wind power and load. Firstly,
the synthetic minority over-sampling technique (SMOTE) is adopted to generate
a proper number of wind power generation output data samples. And then, a vari-
ational autoencoder (VAE) is further employed to generate adequate data samples
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with a similar distribution to the original data samples. Secondly, the deep embed-
ded clustering algorithm (DECA) deeply characterizes and clusters the augmented
data samples to figure out typical wind power generation output scenarios over-
represented in the samples. Thirdly, for each typical scenario, an ambiguity set is
constructed using an imprecise Dirichlet data-driven model (IDDM); And then, the
details, including the objective functions and constraints of the economic dispatch-
ing for the distribution network are analyzed and modeled. Finally, a two-stage
distributed robust optimization (DRO) model considering the uncertainties of both
wind power generation output and load for achieving the optimal economic dis-
patching strategy for the distribution network is established and solved; The case
studies demonstrate the effectiveness of the presented approach.

Keywords: Data augmentation, uncertainty, ambiguity set, distributionally robust
optimization, economic dispatching, distribution network
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1 INTRODUCTION

In recent years, renewable energy represented by wind power and photovoltaic power
has been developed rapidly. Especially due to advantages such as the richness of wind
resources and the compact land footprint, wind turbines have been deployed widely
in modern power systems [1]. Moreover, because of verticalization and miniaturiza-
tion of wind turbine, the penetration of distributed wind power has been increased
sharply in distribution networks, which significantly turns the traditional distribu-
tion networks into active ones [2, 3]. Although the power supply becomes more
adaptable and convenient in an active distribution network, it should be realized
that partially shifting the energy supply source from the main grid to distributed
generation introduces a series of problems that must be resolved in an active distri-
bution network [4, 5, 6, 7, 8]. Krahmer et al. [4] reported that due to the increasing
number of distributed renewable energy sources in distribution networks, the stabil-
ity analysis is a vital aspect for network operators. Therefore, the authors focused on
characterizing Q(V) feature of the distribution network and further parameterized
the reactive power control of the distributed energy resources to maintain the stabil-
ity of the network. Nirbhavane et al. [5] also pointed out that the distribution system
voltage stability analysis with distributed energy resources allows high-penetration
of renewable energy necessary for the sustainability of the system. Ge and Wu [6]
pointed out the distribution network security issue caused by the distributed energy
resources, especially wind power. Therefore, the authors employed a convolutional
neural network to implement the online security analysis for the distribution net-
work with involving the features of node voltage, current, power, and the location
of distributed power generation. Hu et al. [7] reported that the distributed power
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generations significantly impact on both the reliability and planning of the distribu-
tion network. Yang et al. [8] further reported that the traditional system planning
algorithms or approaches have limited abilities to cope with modern planning tasks
for distribution networks with distributed wind power generation.

From the above research, issues caused by distributed power generation, es-
pecially wind power generation, can be clearly identified. However, several stud-
ies [9, 10, 11, 12, 13] suggested that although the issues indeed exist in the fields of
stability, security, and planning of distribution networks, the dispatching stage of
the distribution network can provide compatibility to even out the issues to some
extent. The distribution network benefits from the adjusting ability of the flexible
resources within the network during the dispatching. However, the researchers also
pointed out that the extensive fluctuations of wind power generation output may
exceed the regulation capability of the distribution network. This point leads to
significant impact on the economy of dispatching. Therefore, figuring out an op-
timal dispatching strategy is highly essential for improving the performance of the
distribution network. Wang et al. [12] presented a day-ahead and intraday joint
optimal dispatch method for an active distribution network. In their work, the
energy storage system is considered to even out the fluctuations of the renewable
energy sources. By optimizing the dispatching of the centralized energy storage,
distributed energy storage, and the other adjustable resources, their method shows
significant improvement of the dispatching economy. Liu et al. [14] presented a dis-
patching model for distribution network with involving multiple active management
measures. The authors also built up an optimal model using mixed-integer linear
programming. Regarding the energy fluctuations, these researches solved the issues
in a multiple time resolution way. In each short time interval, the fluctuation is
regarded as a predictable and fixed value. However, it is known that wind power
generation output is highly uncertain. Therefore, these deterministic optimizations
show limited performances. As a result, Liu and Nair [15] and Soares et al. [16]
presented stochastic optimization-based distribution network dispatching strategies
involving the uncertainty of wind power. However, their models highly rely on the
probability distribution function of uncertain wind power which is extremely diffi-
cult to be explicitly achieved from the wind power generation output data samples.
In order to eliminate the reliance on the probability distribution, Liu et al. [17] pre-
sented a robust optimization-based dispatching strategy. In their work, a concept of
uncertainty set which is directly constructed from the wind power generation output
data samples is employed. However, although the uncertainty set is independent of
the probability distribution function, its performance still depends on an accurate
wind forecasting error which also cannot be accurately obtained. Therefore, Chen
et al. [18] and Wu et al. [19] further presented adjustable robust optimization (ARO)
in enabling the optimal dispatching strategy. By employing an adjustable parameter,
their uncertainty sets are able to control the occurrences of the worst-case scenarios,
finding a compromise between the economy and robustness. However, the authors
admitted that the performances of ARO are limited by accuracy of the adjustable
parameter. Its improper value results in worse economy of the dispatching.
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Recently, several researchers employed distributionally robust optimization
(DRO) to establish the optimal economic dispatching model. DRO does not as-
sume that the uncertain variable is subject to any explicit distribution. However,
it works by relying on an ambiguity set which contains all the possible probability
distributions. And then, DRO optimizes according to the distribution and finds the
most optimal solution for the worst distribution. Therefore, constructing a proper
ambiguity set has become a critical point. Saberi et al. [20] presented a Wasserstein
metric-based ambiguity set for implementing the efficient energy management. The
authors claimed the uncertainty issue can be fully addressed based on their DRO
model. However, it should be noticed that Wasserstein distance-based ambiguity
set always encounters the difficulty of determining the proper radius of Wasser-
stein sphere. It is also reported that the ambiguity set is extremely sensitive to the
outliers, which results in over-conservativeness in the optimization. Zou et al. [21]
presented a DRO based electrical infrastructure resilience enhancement strategy.
In their research, a moment-based ambiguity set is adopted and its effectiveness
can be clearly figured out. However, the moment-based ambiguity set only con-
strains very limited features of the data samples. Therefore, it may contain quite
a number of distributions which are extremely different from the real distribution of
the data samples. Consequently, the optimization frequently encounters the over-
conservativeness and computational difficulty issues. Researches [13, 19] summa-
rized that the construction of an ambiguity set is still a challenging problem to be
solved in future. Additionally, they also suggested that the accuracy of depicting
the uncertainty using the ambiguity set is highly related to the number of samples
in the set. It should be noted that due to the difficulties of data collection, transmis-
sion, and storage, wind power data is naturally scarce, which prevents the original
wind power data samples from constructing the accurate ambiguity set. Although
there are several data synthetization algorithms for example oversampling [22], un-
dersampling [23], and interpolation [24], they lack the ability to precisely simulate
the data distribution of the original data samples, which exhibit constrained perfor-
mances.

Motivated by aforementioned researches, this paper presents a DRO based op-
timal economic dispatching strategy for the distribution network. To improve the
accuracy of the ambiguity set, this paper first expands the volume of the scarce
original wind power generation output samples. SMOTE [24] is employed to im-
plement the first-step data augmentation, in which a proper number of samples are
synthesized. And then, VAE [25] is further adopted to implement the second-step
data augmentation, in which adequate data samples with similar distribution to the
original samples are generated. Secondly, DECA deeply characterizes and clusters
the augmented wind power generation output data samples to figure out the typi-
cal scenarios. Afterwards, for each typical scenario, an IDDM based ambiguity set
is constructed to accurately depict the uncertainty of wind power generation out-
put. And then, the details including the objective functions and constraints of the
economic dispatching for distribution network are analyzed and modeled. Finally,
a two-stage DRO model considering uncertainties of both wind power generation
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output and load is established and solved for figuring out the optimal dispatch-
ing strategy. The experimental results show the effectiveness of the presented ap-
proach.

2 GENERATION OF IDDM BASED AMBIGUITY SETS
USING DATA AUGMENTATION AND DECA

Wind power generation output data samples are usually scarce, which prevents
them from being utilized in depth. Therefore, this section firstly employs SMOTE
to implement the first-step data augmentation which synthesizes a proper number
of samples to expand the dataset. However, it should be realized that SMOTE
frequently encounters issues for example overfitting and difficulty in processing high-
dimensional data samples. As a result, VAE is further employed to implement the
second-step data augmentation, which generates more data samples. Benefitting
from the learning capability of VAE, the distribution of the generated samples has
great potential to be close to that of the original data samples.

2.1 SMOTE and VAE Based Data Generation

Traditionally, SMOTE is frequently adopted to synthesize samples of minority class-
es. In this section, as the number of wind power generation output samples is usually
small, SMOTE is employed to synthesize the samples based on the entire dataset.
The steps of the synthesization are listed below.

Step 1: Let H = {hi |i = 1, 2, . . . , q} denote the original wind power generation
output data samples; hi denote one individual data sample. Firstly, the number
of the synthesized data samples NSMOTE is determined in advance.

Step 2: Randomly select hi from H based on the uniform distribution. And then,
according to Euclidean distance, for each hi, computing a number of ni neigh-
boring data samples {hj |j = 1, 2, . . . , ni},

∑︁q
i=1 ni = NSMOTE.

Step 3: For hi and each hj, generate a random value λ ∼ Uniform(0, 1). Therefore,
the new synthesized data sample can be computed using Equation (1):

hnew SMOTE = hi + λ× (hj − hi). (1)

Step 4: Repeat Steps 1 to 3 until Nsyn synthesized data samples are generated.
SMOTE synthesis terminates.

However, SMOTE is characterized by a propensity for overfitting and limited
effectiveness in handling high-dimensional data. Therefore, a limited number of
Nsyn data samples are first synthesized by SMOTE in the first-step data augmen-
tation. In terms of generating more data samples which can restore the original
data distribution, VAE is further employed for implementing the second-step data
augmentation.



Economic Dispatching Considering Power and Load Uncertainties 1277

VAE is a generative model which learns the probability distribution of the input
data samples. Different from traditional autoencoders, it does not output a fixed
encoding. Instead, it maps the input data samples to a certain distribution. After-
wards, it obtains the encoding by sampling from the distribution and then recon-
structs the data. It can learn the underlying statistical features of the data samples,
which further generates new data samples with a similar distribution to those of
the original ones. VAE consists of an encoder and a decoder, which are two neural
network components. Therefore, to generate new data samples using VAE, the main
steps can be summarized as two phases, including the training phase and the data
sample generation phase listed below.

In the training phase:

Step 1: In the forward pass, let h denote an input data sample; ϕ denote the pa-
rameters of the encoder neural network; N denote Normal distribution; I denote
identity matrix. Therefore, the encoder generates an approximate posterior dis-
tribution shown by Equation (2).

qϕ(z|h) = N(z;µ, σ2I). (2)

Step 2: The encoder implements the reparameterization trick. It samples a ran-
dom noise ε ∼ N(0, I). And then, a latent z encoding can be computed using
Equation (3).

z = µ+ σ ⊙ ε. (3)

Step 3: z is input into the decoder. And then, the decoder outputs a likelihood
distribution vector pθ(h|z), where θ denotes the parameters of the decoder neural
network.

Step 4: Let L1 denote the reconstruction loss; L2 denote the Kullback-Leibler (KL)
divergence loss; J denote the dimensionality of the latent space; µj and σj denote
mean and variance of the jth dimension. Therefore, the total loss LTotal can be
computed using Equation (4).

LTotal = L1 + L2 = −Eqϕ(z|h)[logpθ(h|z)]−
1

2

J∑︂
j=1

(︁
1 + log

(︁
σ2
j

)︁
− µ2

j − σ2
j

)︁
. (4)

Step 5: In backpropagation, compute the gradient of LTotal with respect to the
encoder parameters ϕ and the decoder parameters θ. And then, the parameters
can be updated using Equations (5) and (6), in which ℓ denotes the learning
rate.

ϕ = ϕ− ℓ∇ϕL, (5)

θ = θ − ℓ∇θL. (6)

Step 6: Repeat Step 1 to Step 5, until the training phase terminates.
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In the data sample generation phase:

Step 1: Sample a random encoding zsyn from the prior distribution p(z) = N(0, I).

Step 2: Input zsyn to the decoder. And then the decoder outputs the likelihood
distribution parameter p.

Step 3: A new generated data sample hnew VAE can be achieved by sampling from
pθ(h|zsyn).

Step 4: Repeat Step 1 to Step 3, until enough data samples are generated. The
generation phase terminates.

Finally, let HSMOTE denote the set of SMOTE based synthesized wind power
generation output data samples; HVAE denote the set of VAE based generated wind
power generation output data samples. The set of the augmented wind power gen-
eration output data samples G can be denoted by Equation (7).

G = H ∪HSMOTE ∪HVAE. (7)

The set G can be regarded as the original input samples for the next section.

2.2 DECA Based Data Clustering in Enabling
Typical Scenario Identification

In order to identify the typical scenarios of the wind power generation output, clus-
tering or classification algorithms are commonly used. However, the conventional
algorithms frequently encounter inaccuracy issues. Therefore, this paper adopts
DECA to implement the clustering of data samples, which can achieve several typ-
ical wind power generation output scenarios represented by different clusters. Basi-
cally, DECA implements data dimensionality reduction on the original data samples.
And then, it partitions the samples in a lower dimension feature space. Therefore, it
improves the clustering accuracy while it also maintains the efficiency of the cluster-
ing algorithm [26]. DECA mainly consists of two components including the stacked
autoencoder (SAE) and k-means based clustering. SAE comprises multiple autoen-
coders, each of which contains an encoder and a decoder. The encoder reduces
the dimension of the original input samples G = {gi|i = 1, 2, . . . , n} to the lower
dimension samples D = {di|i = 1, 2, . . . , n}, where n is the number of the sam-
ples. Contrarily, the decoder can restore each dimensionally reduced sample di to
⌢
gi which should be as close as possible to the original input sample gi. In terms of
measuring the error between

⌢
gi, this section employs mean squared error (MSE) as

the loss function represented by Equation (8).

LossMSE =
n∑︂

i=1

⃦⃦
gi −

⌢
gi

⃦⃦2
. (8)

To minimize the loss function, Adam back propagation algorithm [26] is also em-
ployed to iteratively implement the adjustments of the weights and biases in SAE.
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The adjustment in each iteration can be represented by Equation (9):

TN = ∇oNLossMSE(oN),oN = [QN,pN], (9)

where Q is the weight matrix; p is the bias vector; N is the round of the iterations.
Adam implements the adjustments based on mean value JN and variance value FN
of gradients. The adjustment process is shown by Equation (10):{︄

QN = B1JN−1 + (1−B1)TN,

pN = B2FN−1 + (1−B2)T2
N,

(10)

where B1 and B2 are the adjustment parameters. The iteratively adjustments of
SAE parameters are shown by Equation (11):

oN+1 = oN − X√
p̂N + σ

Q̂N, Q̂N =
QN

1−B1

, p̂N =
pN

1−B2

. (11)

where σ is a small constant number which ensures the denominator is not zero; X is
the learning rate. The trained SAE is able to implement the dimensionality reduction
for the original input samples to generate the dimensionally-reduced samples D =
{di|i = 1, 2, . . . , n}.

Further, DECA employs k-means algorithm to cluster D = {di|i = 1, 2, . . . , n}.
Therefore, based on the clustering result, the reference points for subsequent proba-
bility assignments can be provided. LetCluster = {clusterj|j = 1, 2, . . . , k} denote
the result, a highly brief introduction of k-means algorithm is shown in Table 1.

Pseudo code of k-means clustering algorithm

Input: D = {di|i = 1, 2, . . . , n}
Output: cluster result Cluster = {clusterj|j = 1, 2, . . . , k}
1. A number of k initial centroids cj, j = 1, 2, . . . , k are randomly selected from D.

2. Compute the Euclidean distance dis(di, cj) between di and cj using dis(di, cj) =
∥di − cj∥2
3. For each di, its belonged cluster can be determined according to cluster =
argminkj=1 ∥di − cj∥2
4. Update the centroids according to cnewj =

∑︁
di∈clusterj

di

nj
where nj is the number of

samples in the jth cluster.
5. Repeat Steps 2 to 4, until the centroids are not changed.

6. Algorithm terminates.

Table 1. The pseudo code of k-means clustering algorithm

Additionally, to determine the cluster number k of k-means algorithm, this paper
employs Davison-Bouldin Index (DBI) [25] and Silhouette Coefficient (SC) [25].
DBI is able to identify the tightness of one sample to the other samples within the
same cluster and the separation of the sample among the other samples in different
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clusters. Smaller DBI presents tighter interior of the cluster and better separation
among clusters. SC is able to identify the closeness of a sample to its own cluster
and its separation from the other clusters. Larger SC indicates a relatively closer
relationship between the sample and cluster. According to Equation (12), the initial
centroid number k can be finally determined.

k = arg max
ki∈[kmin,kmax]

[SC(ki)] ∩ arg max
ki∈[kmin,kmax]

[DBI(ki)]. (12)

Based on the determined cluster number k and k-means algorithm, a number of
k clusters and their centroids cj, j = 1, 2, . . . , k can be finally achieved. And then,
DECA employs t-distribution which is shown by Equation (13) to define the prob-
ability of each sample di belonged to the centroid cj.

Qj
i =

(︃
∥di−cj∥

2

α
+ 1

)︃− 1+α
2

∑︁k
j=1

(︃
∥di−cj∥

2

α
+ 1

)︃− 1+α
2

, (13)

where Qj
i is the initial probability distribution of di belonged to cj; α is the degrees

of freedom parameter of which the value is frequently set as 1. It also suggests
that to define a target auxiliary distribution P j

i can further improve the param-
eter adjustments for DECA. Therefore, in this paper, P j

i is defined according to
Equation (14):

P j
i =

(Qj
i )

2
/Fj∑︁k

j=1 (Q
j
i )

2
/Fj

, Fj =
n∑︂

i=1

Qj
i , (14)

where Fj is the soft assignment sum for the jth cluster. And then, KL divergence is
adopted to minimize the error between Qj

i and P j
i according to Equation (15):

LOSSKL = KL(P j
i

⃦⃦
Qj

i ) =
n∑︂

i=1

k∑︂
j=1

P j
i log

P j
i

Qj
i

. (15)

In the iterations, based on Adam back propagation, the encoder weights and clus-
ter centroids are alternately optimized to minimize LOSSMSE and LOSSKL until
DECA terminates. Finally, according to the optimized centroids, the optimal clus-
ters Cluster = {clusterj|j = 1, 2, . . . , k} can be achieved. In each cluster, the
decoder of SAE is able to restore each dimensionally reduced samples to the original
wind power generation output data samples. Therefore, the sample-restored clusters
S = {Sj|j = 1, 2, . . . , k} each of which depicts one typical scenario of the wind power
generation output can be obtained.
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2.3 Construction of IDDM Based Ambiguity Set

To precisely characterize the uncertainty of wind power generation output, this
section constructs the IDDM based ambiguity set for each cluster Sj in S. Let
xκ denote the number of wind power generation data samples in a certain clus-
ter Sj. Therefore, there are a number of xκ possible states of the wind power

output variables uζ
WPG = [u1

WPG, u
2
WPG, · · ·, uxκ

WPG], ζ = 1, . . . , xκ in Sj. Let ϖζ

denote the occurrence probability of each state. Therefore, the posterior Dirich-
let density function based on the Bayesian theory can be derived using Equa-
tion (16): ⎧⎪⎨⎪⎩ χ(ϖ |T ) =

Γ(1+T )·
∏︁xκ

ζ=1 (ϖ
ζ)r

ζ+T ζ−1∏︁xκ
ζ=1 Γ(r

ζ+T ζ)
,∑︁xκ

ζ=1 r
ζ = 1,∀rζ ∈ [0, 1],

(16)

where Γ(•) is the Gamma function; rζ is the ζth weight factor; T ζ is the number of
occurrences for the ζth states; T = T 1 + T 2 + · · ·+ T xκ is the observations of each
states. Therefore, based on rζ , the expected value of the posterior distribution can
be obtained using Equation (17):

E(ϖζ) = (rζ + T ζ)(T + 1)−1. (17)

Moreover, according to Equation (17), uncertainty intervals of probabilities of oc-
currences for states can be computed using Equation (18):

ϖζ =
[︁
E(ϖζ), E(ϖζ)

]︁
=

[︁
T ζ

/︁
T + 1, T ζ + 1

/︁
T + 1

]︁
, (18)

where E(ϖζ) and E(ϖζ) are the upper bound and lower bound of the expected val-
ues of the posterior distribution when rζ = 0 and rζ = 1. Therefore, the confidence
interval I = [ϖζ , ϖζ ] based on the confidence coefficient γ can be constructed using
Equation (19):

I =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
ϖζ = 0, ϖζ = β−1

2

(︁
1+γ
2

)︁
, T ζ = 0,

ϖζ = β−1
1

(︁
1−γ
2

)︁
, ϖζ = 1, T ζ = xκ,

ϖζ = β−1
1

(︁
1−γ
2

)︁
, ϖζ = β−1

2

(︁
1+γ
2

)︁
, 0 < T ζ < xκ,

(19)

where β1 and β2 are the cumulative distribution function (CDF) of the probabil-
ity density function (PDF) of Beta distribution B(mζ , 1 + xκ − T ζ) and B(mζ +

1, xκ − T ζ). It should be aware that the confidence interval [ϖζ , ϖζ ] may not cover
the real estimated interval of the wind power generation output variables uWPG

of which its real estimated interval [ul
WT, u

u
WT] should be measured using Equa-

tion (20):
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ul
WT = u1

WT − 1− γ

2
,

uu
WT = uxκ

WT +
1− γ

2
.

(20)

Based on both confidence interval [ϖζ , ϖζ ] and real estimated interval [ul
WT, u

u
WT],

the ambiguity set can be denoted by Equation (21):

U =
{︂
P
(︂
uWT ⩽ uζ

WT

)︂
∈
[︂
ϖζ , ϖζ

]︂ ⃓⃓
P ∈ U

(︁⃓⃓
ul
WT, u

u
WT

⃓⃓)︁}︂
, (21)

where U represents the ambiguity set of wind power output variables.
Finally, based on Equation (21) and research [27] the lower bound uWT and

upper bound ūWT of U can be determined using Equation (22):

[uWT, ūWT] = [(1− γ)/2, (1 + γ)/2] . (22)

3 TWO-STAGE DRO MODEL FOR DISTRIBUTION NETWORK

In this section, this paper presents a two-stage DRO model to enable optimal eco-
nomic dispatching for a distribution network. A typical distribution network with
distributed power generation, including wind power and gas turbines, is shown in
Figure 1.
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Figure 1. A typical distribution network with distributed power generations

Briefly, a modern distribution network contains distributed power generation,
energy storage, and load. It also connects to the bulk power system. Therefore,
according to the conditions of its own distributed power generation, the distribution
network can buy or sell power energy from or to the main grid. As a result, the
uncertainties of both wind power generation output and load significantly impact
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the power generation and consumption; moreover, the economics of dispatching for
the distribution network.

3.1 The Construction of Uncertainty Set and Ambiguity Set for Load
and Wind Power Generation Output

In terms of presenting uncertainty of load in the distribution network, this paper
employs the box-type uncertainty set [uLo, uLo]. Additionally, the adjustable robust
parameters ΓLo and ΓWT are adopted to adjust the conservativeness of the uncer-
tainty set and the ambiguity set. The ambiguity set of wind power generation output
is constructed using the presented IDDM approach. Finally, the uncertainty set and
the ambiguity set of load and wind power generation output can be indicated using
Equation (23):

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

T∑︂
t=1

(︃
PLo(t)− P pre

Lo (t)

uLo

ν+
Lo +

P pre
Lo (t)− PLo(t)

uLo

ν−
Lo

)︃
≤ ΓLo,

T∑︂
t=1

(︃
PWT(t)− P pre

WT(t)

uWT

ν+
WT +

P pre
WT(t)− PWT(t)

uWT

ν−
WT

)︃
≤ ΓWT,

(23)

where uWT is the lower bound of load uncertainty set; ūLo is the upper bound
of load uncertainty set; v+Lo and v−Lo are auxiliary variables of which the value are
0 or 1; P pre

Lo (t) is the predicted value of load at time t; P pre
WT(t) is the predicted

value of wind power generation output at time t; v+WT and v−WT are auxiliary vari-
ables of which the value are 0 or 1; T is 24 which denotes the dispatching hori-
zon.

3.2 Objective Function and Constraints of Economic Dispatching Model

The objective function of the economic dispatching model is to minimize the total
dispatching cost with considering the uncertainties of wind power generation output
and load. It contains the costs of two stages including day-ahead stage and real-time
stage, which is shown by Equation (24):

minCall = Cda(x) + Crt(u, y), (24)

where Call is the total dispatching cost which should be minimized; x is the decision
variable in the first stage; u is the uncertain variable; y is the decision variable in
the second stage.
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In Equation (24), Cda is the day-head dispatching cost of which the details are
presented by Equation (25):

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

Cda = Cda
Grid + CMT + Closs,

Cda
Grid =

∑︁T
t λda

GridP
da
Grid(t)∆t,

CMT =
∑︁T

t [aMTPMT(t) + bMT] ∆t,

CLoss =
∑︁T

t=1

∑︁N
i,j=1 aLossI

2
ij(t)Rij,

(25)

where Cda
Grid is the day-ahead interaction cost with bulk power system; λda

Grid is the
day-ahead purchasing or selling price of power; P da

Grid(t) is the amount of purchased
or sold power in the day-ahead stage; CMT is the cost of gas turbine output; aMT and
bMT are the cost coefficients of power generation; PMT(t) is the gas turbine output
at time t; aLoss denotes the cost of network loss; Iij(t) is the current of brunch ij at
time t; Rij is the resistance of brunch ij.

In Equation (24), Crt is the real-time dispatching cost of which the details are
presented by Equation (26):

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Crt = Cup
MT + Cdown

MT + CWPG + CLoad + Crt
Grid,

Cup
MT + Cdown

MT =
∑︁T

t=1

[︁
λup
MTP

up
MT(t) + λdown

MT P down
MT (t)

]︁
∆t,

CWPG =
∑︁T

t=1 λWPG [P pre
WT(t)− P rt

WPG(t)]∆t

CLoad =
∑︁T

t=1 λLoad [P
pre
Lo (t)− P rt

Load(t)]∆t,

Crt
Grid =

∑︁T
t=1 λ

rt
GridP

rt
Grid(t)∆t,

(26)

where Cup
MT and Cdown

MT are the real-time ramp-up and down costs of the gas turbine;
CWPG is the cost of wind curtailment; CLoad is the cost of load shedding; Crt

Grid is the
cost of the power interaction with bulk power system; λup

MT and P up
MT(t) are the unit

ramp-up cost and ramp-up power amount of the gas turbine; λdown
MT and P down

MT (t) are
the unit ramp-down cost and ramp-down power amount of the gas turbine; λWPG is
the unit wind curtailment cost; P rt

WPG(t) is the real wind power generation output;
λLoad is the unit load shedding cost; P rt

Load(t) is the real load; λrt
Grid is the real-time

purchasing or selling price of power; P rt
Grid(t) is the amount of purchased or sold

power in the real-time stage.

Moreover, the constraints related to the economic dispatching model are listed
below.
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3.2.1 Power Flow Constraints

The power flow constraints are indicated by Equations (26), (27), (28), (29), (30),
(31) and (32):

Pj(t) = P j
Load(t)− P j

Grid(t)− P j
MT,w(t), ∀j ∈ N, (27)

Qj(t) = Qj
Load(t)−Qj

Grid(t), ∀j ∈ N, (28)

Pj(t) =
∑︂
i∈ϕ(j)

Pij(t)−
∑︂
k∈θ(j)

Pjk(t), ∀j ∈ N, (29)

Qj(t) =
∑︂
i∈ϕ(j)

Qij(t)−
∑︂
k∈θ(j)

Qjk(t), ∀j ∈ N, (30)

V 2
i (t)− V 2

j (t) = −2 [Pij(t)Rij +Qij(t)Xij] + I2ij(t)(R
2
ij +X2

ij), ∀ij ∈ N, (31)

I2ij(t)V
2
j (t) = P 2

ij(t) +Q2
ij(t), ∀ij ∈ N, (32)

where N denotes number of nodes of the distribution network; ϕ(j) and θ(j) are
the set of source nodes and set of terminal nodes of branches connected to node
j respectively; Pj(t) and Qj(t) are the active power and reactive power injected
at node j at time t respectively; Pij(t) and Qij(t) represent the active power and
reactive power of brunch ij at time t respectively; Pjk(t) and Qjk(t) represent the
active power and reactive power of brunch jk at time t respectively; P j

MT,w(t) is the

active power injected at node j at time t by the wth gas turbine; Vi(t) represents the
voltage of node i at time t; Vj(t) represents the voltage of node j at time t; Iij(t)
represents the current of brunch ij at time t; PGrid,j(t) and QGrid,j(t) represent the
active power and reactive power injected by the transformer at time t respectively;
PLoad,j(t) and QLoad,j(t) represent the active power load and reactive power load at
node j at time t respectively; Rij and Xij are the resistance and reactance of brunch
ij respectively. Because of the non-linear features in Equation (32), this paper
adopts second-order cone relaxation to transform the equation to linear constraint
shown by Equation (33).⃦⃦⃦⃦

⃦⃦ 2Pij(t)
2Qij(t)

I2ij(t)− V 2
j (t)

⃦⃦⃦⃦
⃦⃦
2

≤ V 2
j (t) + I2ij(t). (33)

The branch current and voltage limit constraints of the distribution network are
shown by Equations (34) and (35):

0 ≤ V 2
j (t) ≤ V 2

max, (34)

0 ≤ I2ij(t) ≤ I2max, (35)
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where Imax is the upper limit of the brunch current; Vmax is upper limit of the node
voltage.

3.2.2 Gas Turbine Output Constraints

In the day-ahead stage, the gas turbine output constraints are shown by Equa-
tion (36): ⎧⎪⎨⎪⎩

Pmin
MT,w ≤ PMT,w(t) ≤ Pmax

MT,w,

PMT,w(t− 1)− PMT,w(t) ≤ rMTd ·∆t,

PMT,w(t)− PMT,w(t− 1) ≤ rMTu ·∆t,

(36)

where Pmax
MT,w is the upper limit of the wth gas turbine output; Pmin

MT,w is the lower limit

of the wth gas turbine output; ∆t is the unit time interval; rMTd is the ramp-down
rate of the gas turbine; rMTu is the ramp-up rate of the gas turbine.

In the real-time stage, the gas turbine output constraints are shown by Equa-
tion (37):

Pmin
MT,w ≤ PMT,w(t) + P up

MT,w(t)− P down
MT,w(t) ≤ Pmax

MT,w. (37)

3.2.3 Energy Storage Constraints

In the day-ahead stage, the energy storage constraints are shown by Equation (38):

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

SCha
ESS(t) + SDis

ESS(t) ≤ 1,

SCha
ESS(t)P

min
Cha ≤ PCha(t) ≤ SCha

ESS(t)P
max
Cha ,

SDis
ESS(t)P

min
Dis ≤ PCha(t) ≤ SDis

ESS(t)P
max
Dis ,

EESS(t) = (1− δESS)EESS(t− 1) +
[︁
ηCha
ESSPCha(t− 1)− PDis(t− 1)/ηDis

ESS

]︁
,

Emin
ESS ≤ EESS(t) ≤ Emax

ESS ,

(38)

where SCha
ESS (t) is a 0-1 variable which denotes the state of energy storage charging;

SDis
ESS (t) is a 0-1 variable which denotes the state of energy storage discharging;

PCha(t) denotes the current state of energy storage; Pmax
Cha is the energy storage

maximum charging limit; Pmin
Cha is the energy storage minimum charging limit; Pmax

Dis is
the energy storage maximum discharging limit; Pmin

Dis is the energy storage minimum
discharging limit; EESS(t) represents the state of the energy storage at time t; δESS
is the self-loss power of energy storage; ηCha

ESS is the charging efficiency of the energy
storage; ηDis

ESS is the discharging efficiency of the energy storage; Emax
ESS denotes the

energy storage upper limit; Emin
ESS denotes the energy storage lower limit. In the
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real-time stage, the energy storage constraints are shown by Equation (39).⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Pmin
Cha ≤ PCha(t) + P up

Cha(t)− P down
Cha (t) ≤ Pmax

Cha ,

Pmin
Dis ≤ PDis(t) + P up

Dis(t)− P down
Dis (t) ≤ Pmax

Dis ,

Ert
ESS(t) = (1− δESS)E

rt
ESS(t− 1) +

{︃
ηCha
ESS

[︁
PCha(t) + P up

Cha(t)− P down
Cha (t)

]︁
− PDis(t) + P up

Dis(t)− P down
Dis (t)

ηDis
ESS

}︃
∆t,

Emin
ESS ≤ Ert

ESS(t) ≤ Emax
ESS .

(39)

3.2.4 Power Purchase and Sale Constraints

The constraints in both the day-ahead stage and the real-time stage are the same,
which is indicated by Equation (40):

Pmin
Grid ⩽ PGrid(t) ⩽ Pmax

Grid, (40)

where Pmax
Grid and Pmin

Grid are the power transmission capacity limit of the distribution
network.

3.3 DRO Based Optimization Model and Its Solution
of Economic Dispatching Model

The objective function and constraints presented in Section 3.2 can be formulated
to a two-stage DRO model shown by Equation (41):⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

min
x

[︃
CTx+max

u
min
y

(︁
DTy + ETu

)︁]︃
s.t.

Ax = G, Bx ≤ K,

Cx+Dy = I, Ex+ Fy ≤ J,

Gy ≤ u,

(41)

where C,D,E,G,K, I, J, A,B,C,D,E, F,G are constant matrices and vectors. The
model is a coupled min-max-min structure. The min function located in outer layer
is to minimize the total dispatching cost including costs of both day-ahead stage
and real-time stage. The max-min function located in inner layer is to find out the
worst scenario and the optimal real-time adjusting cost in the scenario. To solve
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the two-stage model with coupled inner and outer layers, Big-M method and duality
theory [27] are adopted. The approaches are able to decouple the model into master
problem and sub problem which can be further directly solved. Let r denote the
iteration number, according to research [27], the decoupled master problem can be
shown by Equation (42).⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

min
x

(CTx+ θ)

s.t.

θ ≥ DTy + ETu,

Ax = G, Bx ≤ K,

Cx+Dy = I,

Ex+ Fy ≤ J,

Gy ≤ u,

and

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

θ ≥ DTyt+1 + ETut−1,

Cx+Dyt+1 = I,

Ex+ Fyt+1 ≤ J,

Gyt+1 ≤ ut+1,

(42)

And the decoupled sub problem can be shown by Equation (43):⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

max
u,α,β,τ

[︁
uupε+ + udownε− + upre(1− ε+ − ε−) + ITα− xTCTα + JTβ − xTETβ

]︁
s.t.

DTα + FTβ +GTτ = D,

β ≤ 0 τ ≤ 0

ε = E+ τ,

−M(1− u+
t ) + εt ≤ ε+t ≤ M(1− u+

t ) + εt,

−M(1− u−
t ) + εt ≤ ε−t ≤ M(1− u−

t ) + εt,

−Mu+
t ≤ ε+t ≤ Mu+

t ,

−Mu−
t ≤ ε−t ≤ Mu−

t ,

u+
t + u−

t ≤ 1,∑︂
t

(u+
t + u−

t ) ≤ Γ,

(43)
In Equation (43), α, β, τ , and ε are dual variables; uup is the upper boundary of u;
udown is the lower boundary of u; upre is the predicted value of u; ε+ is the positive
value of ε; ε− is the negative value of ε; M is a big number; u−

t and u+
t are 0-1 vari-

ables; According to column and constraint generation (C&CG) [27], the problems
can be solved iteratively.
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4 EXPERIMENTAL RESULT

4.1 Parameters Employed in Experiments

The following experiments are carried out using PC with AMD Ryzen 7 5800H,
16GB memory, Windows 10 operating system, and MATLAB R2020a. The decou-
pled DRO model is solved using CPLEX. Keras [28] on Python 3.9 is employed to
implement DECA. The detailed structure of the distribution network studied by
this paper is shown in Figure 2.
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Figure 2. Detailed structure of the studied distribution network

Wind turbines 1 and 2 connect to buses 7 and 25 of the distribution network.
The number of the original wind power generation output samples is 2 434 in total.
The uncertainty of the wind power generation output is depicted using the presented
IDDM based ambiguity set. Gas turbines 1 and 2 are connected to bus 19 and 26;
Loads 1, 2, and 3 are connected to bus 8, 15, and 33 of the distribution network.
The uncertainty of load is depicted using the box-type uncertainty set. Figure 3
depicts the input scenarios adopted for the proposed economic dispatch model, in-
cluding probabilistic wind and load forecasts as well as the time-varying electricity
prices.

The predicted values of wind power generation outputs and loads for day-head
dispatching are shown in Figure 3 a). Both encoder and decoder in VAE are four-
layer multilayer perceptron neural networks. The numbers of neurons in each layer
of the encoder are 24, 512, 256, and 8 respectively. The activation function of all
neurons of the encoder is ReLU. The numbers of neurons in each layer of the decoder
are 8, 256, 512, and 24 respectively. The activation function of all neurons of the de-
coder is ReLU. Both encoder and decoder of SAE in DECA are five-layer multilayer
perceptron neural networks. The numbers of neurons in each layer of the encoder
are 24, 256, 128, 64, and 3 respectively. The activation function of all neurons of
the encoder is ReLU. The numbers of neurons in each layer of the decoder are 3,
64, 128, 256, and 24 respectively. ReLU is employed as the activation functions of
the neurons in the first four layers, while Sigmoid is used as the activation functions
of the neurons located in the fifth layer. In DECA, the parameters are configured
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as B1 = 0.9, B2 = 0.999, X = 0.001. The details of the interaction electricity prices
between the distribution network and the main grid are shown in Figure 3 b).

The energy conversion efficiencies in the distribution network are all set as 0.8;
The parameters of the gas turbines are listed in Table 2. The parameters of the
energy storage system are listed in Table 3; The parameters of the distribution
network are configured according to research [29].

Gas turbine Pmax Pmin rMTu rMTd a b

Gas turbine 1 2 500 0 200 200 0.25 0
Gas turbine 2 2 500 0 200 200 0.25 0

Table 2. The parameters of gas turbines

Item Value

Emax
ESS /kW 1500

Emin
ESS/kW 100

Pmax
Cha \Pmin

Cha/kW · h 600\0
Pmax
Dis \Pmin

Dis /kW · h 600\0
ηCha\ηDis 0.98\0.98
δ 0.01

Table 3. Energy storage system parameters

4.2 Performance Validation of the Generated Data Samples

To demonstrate the effectiveness of the data augmentation approach, the original
wind power generation output dataset, which contains a number of 2 434 data sam-
ples, is employed. In the first-step data augmentation, SMOTE synthesizes a num-
ber of 566 samples. Then, in the second-step data augmentation, VAE participates
and generates a number of 2 000 samples based on the original data samples and
SMOTE-synthesized data samples. Further, a standalone VAE is also employed to
generate a number of 2 566 data samples directly for comparison. A comparison of
the cumulative probability distributions is conducted among the original data sam-
ples, the samples generated by SMOTE and VAE-based data augmentation, and the
samples generated by the standalone VAE.

Figure 4 shows that the differences in terms of data distributions between the
original data samples and the generated data samples are inevitable. The data
augmentation approaches still have limited performances to emulate the practical
data samples. However, it can be observed that the cumulative probability distri-
bution of the data samples generated by the standalone VAE is significantly distant
from that of the original data samples. In contrast, the data samples generated
using SMOTE and VAE shows a relatively similar performance in the perspective
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of the cumulative probability distribution. The result suggests that the combina-
tion of SMOTE and VAE can find a compromise between the data volume and
the data quality. The presented data augmentation approach is able to generate
convincible data samples in enabling the improvement of the data-driven based ap-
plications.

4.3 Experimental Result of DECA Based Typical Scenario Identification

In order to evaluate the effectiveness of the presented DECA based typical scenario
identification approach, the number of 5 000 wind power generation output samples
conducted in the last experiment are employed as the input of DECA. To further
optimize the clustering result, SC and DBI are also employed to determine the
optimal cluster number for the input data samples.

In Figure 5, it can be observed that SC achieves its maximum value and DBI
achieves its minimum value when the cluster number k is 2. It suggests that there
are a convincible number of 2 classes existing in the data samples. Therefore, in this
paper, k=2 is selected as the optimal number of clusters. The parameters of DECA
are tuned by Adam iteratively until the value of LOSSKL is converged. Figure 6
demonstrates the convergence of LOSSKL.

Figure 6 shows that along with the increasing of the iterative number, LOSSKL

converges. Although there are some fluctuations during the convergence, when the
iterative number reaches to 342 and LOSSKL = 0.0098, the iteration terminates.
At this point, two classes can be achieved. The first class contains a number of
2 513 samples and the second class contains a number of 2 487 samples. The result
suggests that there are two typical wind power generation scenarios. In terms of
further participating in the economic dispatching optimization, the dimensionality-
reduced samples of the two classes are restored to the high-dimensional samples
shown in Figure 7 a) and Figure 7 b).

Based on the class centroids, Figure 7 a) and Figure 7 b) indicate that the wind
power generation outputs in the first class remain comparatively low between 00:00
and 08:00. And then, the outputs keep ascending and reach to a peak value at 18:00.
Afterwards, the outputs are reduced and become relatively stable. In contrast, the
wind power generation outputs in the second class maintain a high level during the
period 00:00 to 08:00. And then, the outputs reduce and maintain a low level for
the rest of time, though there are several negligible peak values. The results suggest
that two typical classes exhibit a remarkable difference. The results also suggest
that two typical scenarios represented by the two classes can be clearly identified,
which proves the effectiveness of the presented DECA.

4.4 Performance of IDDM Based Ambiguity Set

To demonstrate the effectiveness of the IDDM based ambiguity, different numbers
of wind power generation output samples from two typical scenarios are selected to
build up the sets. The details of the samples are shown in Table 4.
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a) Predicted values of wind power generation outputs and loads

b) Interaction electricity prices between distribution network and main grid

Figure 3. Scenario data for the proposed dispatching model

Scenario Number 1 Number 2 Number 3 γ

Class 1 100 1 000 2 513 95%
Class 2 100 1 000 2 487 95%

Table 4. Numbers of samples from two typical scenarios
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Figure 4. Cumulative probability distribution comparisons among three approaches

Two ambiguity sets with different numbers of samples are constructed for two
typical scenarios. The results are shown in Figure 8 a) and Figure 8 b).

In Figure 8, it can be observed that smaller numbers of samples result in broader
boundaries of the ambiguity sets. In contrast, larger numbers of samples can effec-
tively narrow the boundaries. This is because the increasing number of samples
enlarges the total observations, which narrows the confidence interval boundaries
and consequently enhances the estimation accuracy of the ambiguity set for de-

Figure 5. Convergence of LOSSKL
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Figure 6. Convergence of LKL

picting the event occurrence probability. The results also indicate that under the
conditions of scarce wind power generation output samples, the presented SMOTE
and VAE based data augmentation method can effectively enhance the precision of
ambiguity sets in characterizing wind power generation output.

4.5 Evaluation of DRO Based Economic Dispatching

In this section, let the ambiguity set constructed using the samples from the first typ-
ical scenario depict the uncertainty of wind turbine 1; the ambiguity set constructed
using the samples from the second typical scenario depicts the uncertainty of wind
turbine 2. The ambiguity sets with increasing numbers of samples are employed by
DRO. The optimization results are listed in Table 5. In terms of comparison, ARO
is also adopted. The uncertainty set employed by ARO is box-type, in which the
prediction error is 0.3. Additionally, the adjustable robust parameters ΓWPG and
ΓLoad of both ARO and DRO are set to 10. The comparisons of the dispatching
costs are also listed in Table 5.

Table 5 indicates that in terms of total cost, day-ahead cost, and real-time
cost, DRO outperforms ARO. The results suggest that the presented IDDM based
ambiguity set can characterize the uncertainty more precisely than the typical box-
type ambiguity set. And also, DRO specifically focuses on utilizing the probability
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a) Class 1

b) Class 2

Figure 7. Samples of two typical wind power generation scenarios
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a) Wind turbine 1

b) Wind turbine 2

Figure 8. IDDM based ambiguity sets with different numbers of data samples
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Item
Total cost
(Yuan)

Day-ahead cost
(Yuan)

Real-time cost
(Yuan)

ARO 24 255.09 21 835.21 2 420.78
DRO (200 samples) 24 116.08 21 703.14 2 412.94
DRO (2 000 samples) 23 559.09 21 724.52 1 834.57
DRO (5 000 samples) 23 118.23 21 578.48 1 539.75

Table 5. Dispatching costs of ARO and DRO

distributions hidden in the samples, so the costs can be minimized under the worst-
case distribution within the ambiguity set. It hedges against the risk arising from
the misjudgment of the probability distribution. Therefore, even if an imperfect
distributional estimation may occur, less adjustment cost is needed to implement the
energy balance, which results in a reasonably good result. However, ARO focuses on
“plan then adapt”, which adjusts the plan as long as an uncertainty event occurs.
Therefore, it performs more conservatively than the DRO does. The table also
indicates that along with the increasing number of wind power generation output
samples, the total costs can be significantly reduced using DRO. The reason is the
boundaries of the ambiguity sets are significantly narrowed by IDDM, which leads to
a more accurate characterization of the wind power generation output. Therefore,
the adjustment cost due to the imprecise wind power forecasting in the real-time
stage is commensurately lowered. Meanwhile, the final optimal economic dispatching
strategy is listed in Figure 9.

Figure 9. Optimal economic dispatching strategy of distribution network
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Figure 9 shows that two gas turbines keep working with their full capacities to
satisfy the load demand of the distribution network all day. And also, in terms of
achieving a better economic benefit, when the wind generation is high and electricity
demand is low, the distribution network sells the surplus electrical power to the main
grid. Meanwhile, the extra power which cannot be consumed or sold is stored in the
energy storage system. During the periods of low wind power generation output but
high load demand (10:00–12:00, 18:00–19:00), the energy storage system discharges
its stored electricity to satisfy the load demand.

5 CONCLUSION

In order to implement economic dispatching for a distribution network in a power
system, this paper presents an optimal dispatching approach involving data aug-
mentation and modeling of power source-load uncertainties. The approach firstly
employs SMOTE and VAE to solve the issue of insufficient wind power genera-
tion output data samples. And then, DECA is presented to provide the identifi-
cation of typical wind power generation output scenarios, which further facilitates
the modeling of the uncertainty. Afterwards, this paper presents IDDM based am-
biguity set construction method. The method successfully narrows the boundaries
of the ambiguity set which can precisely characterize the wind generation power
output uncertainty. Finally, based on the aforementioned approaches and methods,
a DRO model enabling the optimal economic dispatch for the distribution network
is built. Based on the solution of the model, the experimental results indicate
that:

1. The SMOTE and VAE based data augmentation approach is able to enrich the
wind power generation output data. SMOTE provides a preliminary expansion
of the data samples. VAE learns the data distribution within the dataset and
further generate relatively high-quality data samples. Based on the combination
of two algorithms, the excessive impacts of their inherent limitations on the data
quality can be significantly mitigated.

2. The presented DECA is able to implement the dimensionality reduction of the
high-dimensional wind power generation output data samples, while it also pro-
vides a convincible performance for identifying the typical scenarios inside the
data samples. Compared to conventional algorithms, DECA is able to fully
characterize the data samples, and enables more comprehensive mining of their
features.

3. The presented IDDM based ambiguity set is able to fully utilize the probabili-
ties of the uncertainties hidden in the data samples. And also, along with the
increasing number of data samples, IDDM can significantly narrows the bound-
aries of the ambiguity set, which limits the probabilities of the uncertainties in
a narrower probability band. Therefore, the uncertainties can be characterized
more precisely.
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4. DRO based economic dispatching model is able to provide enough compatibility
for modeling the comprehensive units and devices participated in the distribution
network. And also, DRO performs highly effectively at handling uncertainties
on both the power generation and load sides. Therefore, it significantly improves
the economic benefit of the distribution network dispatching.

However, there still exists several problems in our work, which will be further
addressed in future work:

1. Data generation may potentially affect the data distribution, especially in cer-
tain dataset with extremely unbalanced classes. Therefore, the observations of
certain states in the generated samples may be distorted, which further impacts
the precision of the ambiguity set. How to refine the distribution of generated
data samples to be closer to that of the original data samples is a critical fo-
cus.

2. In the current stage of research, the sample sizes generated by the SMOTE and
VAE stages respectively have not been systematically considered. Future study
should investigate how to optimize the effectiveness of the two-stage sample
generation process across different datasets.

3. This paper provides limited work on optimizing the dispatching strategy for
an individual distribution network. Considering the interconnections among the
distribution networks, subsequent research will conduct in-depth research on
collaborative optimal dispatch for multiple distribution networks.
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