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ABSTRACT: The increasing integration of renewable energy sources (e.g., wind and solar power) into distribution
grids and the development of new, source-grid—load-storage coordinated power systems have led to a substantial
expansion in the volume of situational awareness data in the distribution networks. Moreover, the transmission of
low-voltage distribution measurement data via a power line carrier (PLC) is often susceptible to packet loss and,
consequently, data gaps. To address these issues, this paper proposes a data completion method using a conditional
generative adversarial network (CGAN) integrated with a three-dimensional convolutional neural network (3D-CNN).
This approach leverages the ability of CNNs to extract and fuse multidimensional spatiotemporal features and the power
of GANSs (generative adversarial networks) for data augmentation. Firstly, a 3D-CNN is trained to establish a mapping
between the spatiotemporal context of the measured data and the target missing data. Secondly, a CGAN is practicing
via adversarial training to establish a data completion model for the distribution networks. Finally, the simulations of
the IEEE 14-bus and 33-bus systems demonstrate the proposed approach’s performance improvement in the distribution
networks compared with that of conventional methods in terms of root mean square error, spatiotemporal correlation,
and maximum volatility amplitude, which are the typical measuring metrics.

KEYWORDS: Distribution network; data estimation; 3D convolutional neural network; conditional generative
adversarial networks; spatiotemporal correlation

1 Introduction

With the continuous integration of distributed energy resources (DERs), such as wind and solar power,
into distribution networks, along with the large-scale deployment of source-grid-load-storage coordination
systems, the volume of situational awareness data is growing exponentially. Moreover, when massive datasets
are transmitted via traditional communication methods, such as mobile networks or power line carriers
(PLCs), network congestion and data loss frequently occur. Critically, such data losses could prevent the
master station of the distribution automation system from acquiring complete information—including
topological parameters and real-time measurements—which in turn compromises system wide situational
awareness, undermines dynamic operational control, and disrupts the system’s fault-handling and scheduling
capabilities [1-3].

Common communication methods in distribution networks include fiber-optic communication,
mobile communication, and PLCs. Among these, fiber-optic communication is characterized by high
reliability, large bandwidth, and low latency; however, it entails high construction and maintenance costs. In
addition, data loss in fiber-optic networks—typically resulting from physical link interruptions, equipment
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failures, or configuration errors—is often characterized by its sporadic, prolonged, and widespread nature.
Mobile communication (e.g., GPRS/3G/4G), another communication method, is susceptible to environmen-
tal influences, such as building obstructions, adverse weather conditions, and electromagnetic interference.
Data loss in mobile communications is characterized by its intermittent, sudden, and location-dependent
nature and is often accompanied by delays or high error rates. In comparison, the PLC provides advantages
such as low cost, elimination of wiring, high channel security, and robustness, facilitating its widespread
application in distribution networks. However, the narrow bandwidth and complex channel characteristics
of PLCs render their data vulnerable to strong noise interference caused by switching operations, nonlinear
loads, arcing, channel attenuation, and impedance mismatch. Data loss in PLCs occurs frequently and
is characterized by a short duration, strong correlation with grid operational states, and spatiotemporal
correlation between adjacent nodes during peak load periods [4]. Therefore, this paper focuses on data loss
in PLC-based transmission by investigating corresponding data completion methods.

Currently, missing data in distribution networks are commonly addressed through statistical and
machine learning methods. Statistical approaches, such as mean imputation, interpolation, and regression-
based methods [5], are valued for their simplicity and interpretability, making them suitable for random
missing data caused by human errors or sensor faults. However, they exhibit significant limitations in
handling continuous data losses caused by network failures or traffic congestion. In addition, machine
learning methods, such as k-nearest neighbor (KNN) [6], random forest (RF) [7], and support vector
machine (SVM) [8], leverage predictive modeling to reconstruct missing data and can capture complex
nonlinear relationships. However, these methods are parameter sensitive and have limited effectiveness for
continuous missing data.

In recent years, deep learning has advanced time-series imputation with architectures that explicitly
encode temporal context and long-range dependencies. Recurrent methods such as BRITS [9] use bidi-
rectional gating and learned decay to model irregular sampling and latent dynamics. Transformer-based
models such as SAITS [10] capture long-horizon dependencies and heterogeneous correlations without
strict stationarity assumptions. Diffusion-based models such as CSDI [11] provide probabilistic imputations
with strong sample quality across diverse missingness patterns. In parallel, Generative adversarial networks
(GANS ) [12] exhibit strong capabilities in learning high-dimensional data distributions. Through adversarial
training between the generator and discriminator, GANSs iteratively refine the generated samples to approxi-
mate the true data distribution [13-16]. Additionally, convolutional neural networks (CNNs) excel at feature
extraction and generalization. Recently, their combination has become a prominent research direction in
data augmentation. In research on one-dimensional data completion methods, Ref. [17] employed a GAN
integrated with an extreme learning machine (ELM) to address missing transient measurement data, while
Ref. [18] combined a GAN with a gated recurrent unit (GRU), effectively restoring the temporal continuity
of electric vehicle charging load sequences. In addition, in research on multidimensional data completion
methods, Ref. [13] developed enhanced data reconstruction frameworks for electrical measurements based
on Wasserstein generative adversarial networks (WGANS), Refs. [19,20] developed CGAN-based Generative
Adversarial Imputation Nets (GAIN) frameworks, Ref. [21] developed a GAN-based high-frequency com-
ponent recovery framework to improve the resolution of electrical parameters (e.g., voltage, current, and
power), and Ref. [22] developed a bidirectional deep interpolation framework for multisource heterogeneous
data. Furthermore, Refs. [23-25] utilized a CNN to extract load temporal characteristics, improving the
learning capability of the GRU, and Ref. [26] proposed a method for generating and analyzing power system
section diagrams based on high-dimensional data.

However, despite these advances, most generative models focus primarily on temporal characteristics
and lack a priori constraints, which could lead to uncontrolled generation, training instability, and nonlinear
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error accumulation, particularly under high missing data rates over large time scales, while Ref. [27]
demonstrated that incorporating conditional information (e.g., voltage, current and phase angle) and asso-
ciated node data could improve the capture of multidimensional features and increase imputation accuracy.
Therefore, in this paper, we propose a 3D-CNN-integrated CGAN model that leverages spatiotemporal
feature representation of multimodal power data for missing data completion in distribution networks. Val-
idation conducted on both the IEEE 14-node and IEEE 33-node test systems demonstrates the effectiveness
of the proposed approach, which contributes technical support toward observability, measurability, and
controllability in distribution networks.

2 A Missing Data Completion Model Based on 3D-CNN+CGAN

To illustrate the rationality of the method proposed in this paper, in this section, the spatiotemporal
correlation of distribution network measurement data is first briefly analyzed, and then the construction
method of the missing data imputation model based on 3D-CNN+CGAN is discussed from the principle of
CGAN.2.1 construction of a 3D data matrix and fusion of spatiotemporal characteristics.

2.1 Spatiotemporal Correlation of Distribution Network Measurement Data
2.1.1 Time Relevance

Residential, commercial, and industrial loads exhibit distinct daily, weekly, and seasonal periodicity. The
output of distributed power sources is influenced by meteorological factors such as wind strength and solar
irradiance. These factors cause the measured data at distribution network nodes to exhibit autocorrelation
and periodicity in time series. Additionally, events such as grid faults, switch operations, and load switching
can cause transient changes and temporal correlations in measurement data.

2.1.2 Spatial Correlation

Kirchhoff’s current law and voltage law dictate that electrical quantities at adjacent nodes/branches
exhibit strong coupling relationships. Changes in the injected power at a node can influence the volt-
age/current distribution upstream, downstream, and across the entire feeder. Since distribution grids
typically adopt a radial or weak ring network structure, nodes with physically proximate locations often
exhibit higher correlations in their electrical states (e.g., power and voltage magnitude). Additionally, the
load patterns of the feeder trunk lines and branches also exhibit spatial clustering.

From the above analysis, it can be concluded that the physical structure of distribution networks,
operational constraints, and spatiotemporal behavioral patterns of the user side and generation side col-
lectively determine the inherent, model-learnable correlations in measurement data across temporal and
spatial dimensions.

2.2 CGAN Principles

The principles of generative adversarial networks (GANs) can be summarized as follows: The GAN
generator G generates pseudodata to deceive the discriminator D, while the discriminator D strives to
distinguish between real data and generated data. When the two undergo adversarial training to reach a
Nash equilibrium, the generator G can generate data that conforms to the distribution of real data. The
structure of the CGAN is shown in Fig. 1. It adds conditional information c to the GAN structure to form
a semi supervised learning framework, thereby strengthening the network training objective. In this paper,
the voltage data of the distribution network nodes are used as the conditional variable ¢, and the power data
of neighboring nodes are used as the noise z. The generator G generates power data that satisfy the voltage
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conditions of the missing nodes; the discriminator D judges the similarity between the generated power data
and the real data, outputs the discrimination value, and feeds it back to itself and the generator G, enabling
both to continuously compete and optimize their capabilities until the competition reaches equilibrium.
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Figure 1: Basic structure of the CGAN

At present, the Conditional Generative Adversarial Network (CGAN) framework has been widely
applied in the generation and imputation of various physical time-series data, demonstrating its powerful
capability to produce high-quality, conditionally controlled data. Such research validates the effectiveness
and generalizability of CGAN models in handling data from complex physical systems. For instance, in the
field of energy load forecasting, Sajjad et al. [23] combined CNN with GRU networks and utilized generative
models to enhance short-term residential load data, showcasing the ability of generative models to capture
the temporal characteristics of user consumption behavior. In environmental and climate science, Zhang
et al. [24] developed a model based on generative adversarial networks to simulate and predict building
energy consumption sequences under different climatic conditions, successfully learning the complex
nonlinear mapping between meteorological parameters and energy usage.

2.3 Spatiotemporal Characteristics of Distribution Network Measurement Data

Assume that a node with missing data has m neighboring nodes. ¢; and Z; represent the voltage data
and power data input of the i-th node, respectively, and are used as the conditional input and random noise
input for the CGAN. The voltage data c and power data z of the m nodes are fused into m flat matrices. The
fused data matrix of the i-th node is shown in Fig. 2.

Zil 2 3 Zit

Figure 2: Refactoring the data matrix
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Based on Fig. 2, each neighboring node already has a fusion data matrix. At this point, the fusion

data matrices of m neighboring nodes are concatenated to form a three-dimensional data matrix, as shown
in Fig. 3.

Figure 3: Three-dimensional tensor data structure

Using a 3D convolution kernel (Conv3), the spatiotemporal characteristics of the 3D data matrix in Fig. 3
are extracted, as shown in Fig. 4. The 3D convolution kernel uses a sliding time window on the red-marked
plane to extract temporal and spatial features separately. 3D-CNN is a data-driven machine learning method.
This method uses local connections, weight sharing, and hierarchical feature extraction characteristics to
learn spatiotemporal correlations from three-dimensional measurement data matrices with node-time grid
structures to obtain data features. Compared with 2D-CNN, which ignores time parameters, or Recurrent
Neural Network (RNN), which has weak spatial relationship modeling capabilities, 3D-CNN achieves higher
feature extraction accuracy by using three-dimensional data parameters.
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Figure 4: 3D convolution flowchart

2.4 3D-CNN+CGAN Network

Considering the three-dimensional data matrix input in Section 2.3, the 3D-CNN serves as a spa-
tiotemporal feature extractor, mapping spatiotemporal data blocks with missing values into feature vectors
rich in spatiotemporal information. By combining a 3D convolutional neural network to enhance the
spatiotemporal feature extraction capabilities of the CGAN structure, we obtain the generator network

and discriminator network structures of the proposed 3D-CNN+CGAN data completion model, as shown
in Figs. 5 and 6.

Considering the possibility of negative values during network training, the generator network consists
of 8 layers, and its structure is:

INPUT _layer — [Conv3 — BN — LeakyReLU], - OUTPUT _layer
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where i represents the i-th intermediate layer, and there are 6 such layers in total. INPUT_layer represents
the input layer; OUTPUT _layer represents the output layer; Conv3 represents 3D convolution; BN
represents batch normalization. The structure of the input layer and intermediate layers is Conv3 — BN —
LeakyReLU, all using the LeakyReLU activation function. The structure of the output layer is Conv3 —
ReLU, using the ReLU activation function. The 3D convolution kernel size is all 3 x 3 x 3 (with a stride of 1
and padding of 1), and the number of convolution kernels is 64, 128, 256, 512, 256, 128, and 64 in sequence.
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Figure 5: Generator network structure
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Figure 6: Discriminator network structure

The discriminator is designed with a seven-layer network structure, which is similar to that of the
generator network. The first six layers have the structure Conv3 — BN — LeakyReLU. The structure of the
output layer is FC, — FC,, where FC; is the first fully connected layer and FC, is the second fully connected
layer. The convolutional layers all use 3 x 3 x 3 convolution kernels (with a stride of 1 and padding of 1),
and the number of channels is 64, 128, 256, 256, 128, and 64 in sequence. The activation function used is
LeakyReLU.

The architectural design employs small 3 x 3 x 3 convolutional kernels to strengthen the model’s
capacity for capturing local spatiotemporal patterns. This design principle is widely adopted in deep learning
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to achieve an optimal balance between receptive field size and computational efficiency [9]. Furthermore,
the channel configuration—first increasing then decreasing—facilitates effective feature compression and
subsequent reconstruction. This encoder-decoder-like architecture has proven particularly effective for
capturing intrinsic local correlations in data [20,21], such as the physical network law-governed power
time-series data.

Consequently, the core functionality of the integrated 3D-CNN+CGAN model lies in generating
accurate complementary data by leveraging spatiotemporal features extracted from neighboring nodes’
conditions.

Considering the possibility of negative values during network training, the generator network consists
of 8 layers, with LeakyReLU activation functions used for both the input and middle layers. The output of
the I € {1, - - -, 7} layer of the generator network at time ¢ is shown in Eq. (1).

Qf = LeakyReLU [NBN ( i_l * ftl)] v

where Q/~! represents the output of the I-1 layer, f/ is the 3D convolution kernel representing the I-th layer,
and Npy is a batch normalization function.

The discriminator network includes convolutional layers and fully connected layers, and the design of
its convolutional layers is like that of the generator network. The output of the m € {1, - - -, 6} layer of the
discriminator network at time ¢ is shown in Eq. (2).

Q" = LeakyReLU [Ny (Q)" ™" * £")] ?

where Q""" represents the output of the /-1 layer and ft’” is the 3D convolution kernel representing the
m-th layer.

The integration of 3D-Convolutional Neural Networks with Conditional Generative Adversarial Net-
works (3D-CNN+CGAN) presents a novel and potent solution for time-series recovery in smart grids,
advancing beyond established CNN-GAN and Wasserstein GAN frameworks. Conventional 2D-CNN-
based GANSs often inadequately capture the complex spatio-temporal dependencies inherent in multivariate
smart grid data. The key innovation of the 3D-CNN component lies in its direct modeling of data cubes,
simultaneously learning correlations across variables, time steps, and contextual dimensions. Concurrently,
the CGAN framework enables targeted data generation conditioned on specific operational states (e.g., load
profiles), ensuring contextually relevant imputation. This synergy allows the model not merely to fill data gaps
with plausible values, but to reconstruct missing segments that preserve the intricate, dynamic integrity of the
original system—a critical advancement for reliable data-driven management of smart grid infrastructure.

2.5 Training the 3D-CNN+CGAN Network
During the training process of the 3D-CNN+CGAN network, the weight matrix updates of feature

-

mapping in Fig. 5 and discriminant analysis in Fig. 6 are alternately executed while the generator and
discriminator networks are trained, as shown in Fig. 7.
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Figure 7: Network training flowchart

In training, the objective of the optimization of the discriminator D is to maximize the difference
between the completion value x” and the true value x, with the optimization direction being max (V (x, x")).
The goal of the generator G is to minimize the difference between the completion value x” and the true value
x, with the optimization direction being min (V (x, x")). Therefore, the optimization objective function of
the generative adversarial network is shown in Eq. (3).

min max V (%,x") = Exep,,, [D (x]c)] - Exrnp [D (x']e)] (3)

where x represents the true value, x” represents the generator G completion value, ¢ represents the voltage
value of the generator, p(x | ¢) represents the value of x under the given Condition ¢, p, (x) represents
the true value distribution, p (x") represents the distribution of completion values, D (-) represents the
discriminator function, and V (x, x") represents the difference between the completion value x” and the true
value x.

To avoid gradient vanishing, the Wasserstein distance is introduced in the discriminator loss function
instead of the JS distance to measure the distance between the completion value and the true value. Its
definition is shown in Eq. (4).

W (pr (), p(x)) = E(xxrymy [ =[] (4)

inf
y~I1(p-(x).p(x"))
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where y represents the joint distribution of an optimal route, W represents the distance between p, (x) and
p(x"), TT1(pr (x), p(x")) represents the joint distribution of p, (x) and p (x"), and |x — x’| represents the
distance between the true value and the completion value.

3 Dataset Generation

The simulation was conducted on a PC-based computing platform. The core hardware comprised an
Intel(R) Core(TM) i7-4720HQ CPU, an NVIDIA Tesla V100 GPU with 32 GB of memory, and 32 GB of DDR5
1600 MHz RAM. All models were developed based on the TensorFlow framework, with training accelerated
using CUDA technology.

3.1 Dataset Preparation

As shown in Figs. 8 and 9, 30,000 data sets of time series arrangement sample data were generated using
IEEE 14-node and IEEE 33-node typical distribution network test systems, with a sampling frequency of
15 min. Among these, 5% Gaussian noise was added to simulate the presence of distributed power sources in
the distribution network; 100 time points were randomly selected, and a 30 positive deviation was added to
simulate the presence of impact loads in the distribution network. For each missing data node, 20,000 data
sets from its four neighboring nodes were selected as the training set, and 10,000 data sets were selected as
the test set. Based on the empirical values from reference [28], a 10% data loss rate was selected to obtain
random/continuously missing data for the test set nodes. Additionally, drawing on the maximum time span
of missing data from Reference [29], datasets with missing data rates of 20%,30%, 40% and 50%.

© ©
l 1

l 3 14JT—

Figure 8: IEEE 14-bus system diagram, where the numbers (1—14) represent the unique identifiers for each bus (node)
in the transmission network
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Figure 9: IEEE 33-bus system diagram, where the numbers (1-33) represent the unique identifiers for each bus (node)
in the radial distribution network

To clarify applicability, we discuss the correspondence between our simulation settings and real data
along three dimensions. (i) Noise. PLC environments often show impulsive, heavy-tailed disturbances
[30-33]. In our simulations, we use 5% Gaussian perturbations plus occasional 30 positive deviations to
capture background variation and impact-like spikes, keeping SNR within ranges reported in prior work.
(ii) Sampling characteristics. Although AMI streams can exhibit asynchrony and buffering delays, utilities
typically time-align and aggregate data before analysis [34,35]. Our experiments follow this practice with
equidistant 15-min sampling (IEEE-14/33), so the model sees uniformly sampled sequences consistent with
operational pipelines. (iii) Data loss. Field losses are frequently contiguous and often MNAR [33]. We
therefore evaluate both pointwise random loss and continuous block loss spanning 10%-50% of each series,
approximating the dominant operational dropout patterns.

3.2 Construction of the Data Completion Model

The training set data were trained according to the process shown in Fig. 7 to obtain the generator G and
the missing data completion model. The actual application process of the proposed missing data completion
method for distribution grids is shown in Fig. 10. Adam optimizer was used to prevent model over fitting
with the learning rate set to and the maximum iteration count set to 5000.

Test set (voltage data of the

node with missing data and

voltage and power data of
its four adjacent nodes)

Input missing data

Training set (historical
data of the node with 3D-CNN + CGAN
missing data and Input formodel waining > Mmissing data Extract»  Generator G Obtai Imputed data
historical data of its imputation model
four adjacent nodes)

Figure 10: Application flowchart for missing data completion

In this section, the proposed method is compared with five commonly used methods, namely spline
interpolation, KNN, RE GAN, and WGAN, in terms of the root mean square error, spatiotemporal
correlation, volatility, and timeliness to demonstrate the data completion quality.
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4 Performance Analysis

In this section, we compare the proposed method with the typical methods, such as spline interpolation,
KNN, RE GAN, and WGAN, in terms of the root mean square error, spatiotemporal correlation, volatility,
and timeliness, to verify the data completion quality of each testing method.

4.1 Generalizability

The generalizability of a network refers to the effectiveness of a model when faced with unfamiliar
data. The completion accuracy of the test data is analyzed by the RMSE [36] in this paper to verify the
generalization ability of the constructed model. The calculation of the RMSE is shown in Eq. (5).

1,
RMSE = ;Z(yi—y,-)z (5)
i=1

where n represents the amount of data in the test set, i represents the actual time value, y; represents the
output value of generator G, and y; represents the true value of a missing data node.

(I)  The average RMSEs of the power completion data with random missing data rates of 10%, 20%, 30%,
40%, and 50% are calculated as shown in Figs. 11 and 12.

0.1
Random missing rate

Algorithm  3D-CNN+CGAN

Figure 11: Average RMSEs of different algorithms with random missing data rate (14-bus)

When the random missing data rates are 10%, 20%, 30%, 40%, and 50%, the RMSEs of the tested
algorithms increase with increasing missing data rate. Among them, the KNN algorithm has the highest
RMSE for completing data, and the 3D-CNN+CGAN algorithm has the lowest RMSE, indicating that the
method proposed in this paper has the best generalizability in terms of completing random missing data.

(2)  Theaverage RMSE:s of the power completion data for continuous missing data rates of 10%, 20%, 30%,
40%, and 50% are calculated as shown in Figs. 13 and 14.

The results in Fig. 12 show that when the continuous missing data rates are 10%, 20%, 30%, 40%,
and 50%, the RMSE values of the tested algorithms increase with increasing missing data rate and are
greater than the corresponding random missing data rates. The KNN algorithm has the highest RMSE for
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complete data, whereas the 3D-CNN+CGAN has the lowest RMSE. The RMSE value of the 3D-CNN+CGAN
algorithm changes smoothly with increasing missing data rate, indicating that it has strong stability and
better generalizability when continuous missing data are complete.

1.8

0.1

: 3D-CNN+CGAN
Algorithm Random missing rate

Figure 12: Average RMSEs of different algorithms with random missing data rate (33-bus)

=
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KN
RandomForest
0.1
3D-CNN+CGAN 0
Algorithm Random missing rate

Figure 13: Average RMSEs of different algorithms with continuous missing data rate (14-bus)
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Figure 14: Average RMSE:s of different algorithms with continuous missing data rate (33-bus)

4.2 Time Correlation

The autocorrelation function (ACF) value of the actual node power gradually decreases with increasing
lag time. Therefore, this article considers the ACF as one of the quality indicators for evaluating the data
completeness of the proposed method [37,38]. The expression of the ACF is as Eq. (6):

n—k _ —
Y. (P~ P) (Pux ~ P)
A t=1
Pk = » ﬁ)z (6)

M=

t=1

where P; represents the power value at time ¢, k represents the number of time intervals, P represents the
mean power, and pj represents the power autocorrelation function with a time delay of k.

(1)  The ACEF of the completion power data is calculated with a random missing data rate of 10%, as shown
in Figs. 15 and 16.

The ACF of the 3D-CNN+CGAN algorithm for imputing randomly missing data is closer to the true
value and has fewer outliers. The ACF distributions of the WGAN, GAN, RE and Spline algorithms for
imputed data are more dispersed and have more outliers. Although the ACF of the KNN algorithm for
imputed data is more concentrated, its median deviates from the true value. This finding indicates that the
method proposed in this paper is more stable and reliable for the temporal completion of randomly missing
power data.
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Figure 15: ACF with a 10% random missing data rate (14-bus) (nodes in red (©) represent true node, and nodes in
blue (O) represent abnormal node)
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Figure 16: ACF with a 10% random missing data rate (33-bus) (nodes in red (&) represent true node, and nodes in
blue (O) represent abnormal node)
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(2)  The ACEF of the completion power data is calculated with a continuous missing data rate of 10%, as
shown in Figs. 17 and 18.

The median of the ACF completed by the tested algorithm for continuously missing data deviates from
the true value, and the ACF distribution completed by the Spline and KNN algorithms can no longer contain
the true value. The ACF distributions of the GAN and RF algorithms for completing data are relatively
scattered, with many outliers. The ACF distributions of the WGAN and 3D-CNN+CGAN algorithms for
completing data can contain most of the true values. The ACF distribution is relatively concentrated,
indicating that the method proposed in this paper has higher temporal completion accuracy for continuous
missing power data.
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Figure 17: ACF with a 10% continuous missing data rate (14-bus) (nodes in red (&) represent true node, and nodes in
blue (O) represent abnormal node)

4.3 Spatial Correlation

The Spearman correlation coeflicient is a nonparametric statistical method that can be used to measure
the spatial correlation between two variables. The calculation of the Spearman correlation coefficient is
shown in Eq. (7).

Yin (R (Pyi) —E(Px)) (R (Py,-) —E(Py))
VL (R(Pa) - R(P)) S0 (R (Py) - R(Py))’

where Px and Py represent the actual power of the two nodes; Py; and P,; represent the sample values
numbered i; R (P,;) and R (Pyi) represent the corresponding sequence ranks of samples Py; and P;,

(7)

PX,Y =

respectively; and R (Px) and R (Py) represent the average rank of sequences Px and Py, respectively.
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Figure 18: ACF with a 10% continuous missing data rate (33-bus) (nodes in red (©) represent true node, and nodes in
blue (O) represent abnormal node)

(1)  The Spearman correlation coefficient of the completion power data with a random missing data rate
0f10% is shown in Figs. 19 and 20.

The Spearman correlation coefficients of the KNN and Spline algorithms for completing randomly
missing data deviate significantly from the true values. The GAN algorithm results in fewer outliers in the
Spearman correlation coefficient for complete data. The median of the 3D-CNN+CGAN plot is closer to
the true value, indicating that the method proposed in this paper has higher spatial correlation completion
accuracy for randomly missing power data.

(2)  The Spearman correlation coefficient of node completion power data when the continuous missing
data rate is 10% (continuous data missing for more than ten days) is calculated as shown in Figs. 21
and 22.

The Spearman correlation coefficients of the RE, KNN, Spline, and GAN algorithms for completing
continuously missing data deviate significantly from the true value. The Spearman correlation coeflicients
between some node combinations are less than 0, indicating that there is no spatial correlation between the
completed data and the true value. There are many outliers in the Spearman correlation coefficient of the
WGAN algorithm for the complete data. The median of the 3D-CNN+CGAN completion data box plot is
closer to the true value, but some overfitting results in a Spearman correlation coeflicient of 1, indicating
that the performance of the spatial correlation completion with the tested algorithm is worse for the missing
power data for more than ten consecutive days.
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4.4 Volatility

The maximum range (MR) (denoted as Ryr) refers to the difference between the maximum and
minimum values within time T and is defined and calculated as shown in Eq. (8).

Ptmax - Ptmin
Py
Ptmin - Ptmax
Py

> tPtmax > tPtmin
(8)

Rur =
> tPtmax < tPtmin

where Py pax and Py pyin represent the maximum and minimum values of node power, respectively, during
time T; tp,  and tp, . represent the time length from the initial time of the time series of Py ymax and Py pin,
respectively; and Py represents the network benchmark capacity.

(1)  The maximum fluctuation range of the completion power data when the random missing data rate is
10% is calculated as shown in Figs. 23 and 24.

1r
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Figure 23: MR variation range among different algorithms with a 10% random missing data rate (14-bus)
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Figure 24: MR variation range among different algorithms with a 10% random missing data rate (33-bus)
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At different times T, the maximum fluctuation amplitude of the Spline, KNN, and RF algorithms for
completing randomly missing data is significantly greater than the true value. The maximum fluctuation
amplitude of the GAN algorithm for completing random missing data is slightly smaller than the true value.
The maximum fluctuation amplitude range of the WGAN and 3D-CNN+CGAN algorithms is close to the
true value. The method proposed in this article is more in line with the true fluctuation characteristics of
node power in completing randomly missing power data.

(2)  The maximum fluctuation range of the completion power data when the continuous missing data rate
is 10% is calculated as shown in Figs. 25 and 26.
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Figure 25: MR variation range among different algorithms with a 10% continuous missing data rate (14-bus)
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Figure 26: MR variation range among different algorithms with a 10% continuous missing data rate (33-bus)

In Fig. 26, compared with that of the GAN algorithm, the maximum fluctuation amplitude with the
completion of continuous missing data of the Spline, KNN, RF, WGAN, and 3D-CNN+CGAN algorithms
is much greater at different times T. The maximum fluctuation amplitude range of the 3D-CNN+CGAN
algorithm is closer to the true value, indicating that the method proposed in this paper is more in line with
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the fluctuation characteristics of actual node power for the completion of continuous missing power data
and is more precise.

4.5 Timeliness

To test the feasibility of the method proposed in this article, 3D-CNN+CGAN was compared with
several commonly used methods in terms of timeliness, and the results are shown in Table 1.

Table 1: Time effectiveness analysis of data estimation algorithms

Time-Consuming/s

Data Completion Algorithm

IEEE 14-Node IEEE 33-Node
Spline 0 0
KNN 513.64 526.36
RF 559.16 572.49
GAN 723.64 741.36
WGAN 623.64 653.64
3D-CNN+CGAN 603.49 630.16

The 3D-CNN+CGAN model requires slightly longer training time per iteration than WGAN due to its
complex architecture. However, by incorporating Wasserstein distance and conditional voltage information,
it achieves faster convergence and more stable performance compared to both GAN and WGAN.

By comprehensively analyzing the five indicators of generalizability, temporal correlation, spatial
correlation, volatility, and timeliness, the comprehensive comparison results of data completion quality
between the proposed method and the testing methods are obtained, as shown in Fig. 27. The numbers 1-6
are used to indicate the degree of superiority or inferiority of a certain indicator for each method, with 1
representing the worst and 6 representing the best.

3D-CNN+CGAN
BRGAN
WGAN

Score

GAN
Timeliness
s \/c[)létilityl ) LSTM
atial Correlation N
P Time correlation Bp Algorithm

Evaluation Generalization ability

Figure 27: Comparison of the comprehensive performance of various algorithms
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With respect to the random and continuous missing node power data, the spline interpolation, KNN
and random forest algorithms have fast data completion speeds, but the completion quality is poor. Owing
to the ability of the random forest algorithm to construct a prediction model based on known node voltage
data to complete missing power data, the data completion quality is better than that of the other two
algorithms; the GAN, WGAN and 3D-CNN+CGAN have high data completion quality because of the
spatiotemporal correlation between adjacent node power data fusion. The WGAN and 3D-CNN+CGAN
algorithms improve the stability of the training process and reduce the vanishing gradient problem by
introducing the Wasserstein distance to optimize the objective function. They outperform the GAN in terms
of complex spatial relationships and timeliness between training and learning nodes. Additionally, the model
utilizes node voltage data to guide training, ensuring that the reconstructed data satisfies distributional
mapping constraints under specific conditions, thereby improving accuracy in handling continuous missing
data. The 3D-CNN architecture’s ability to extract spatiotemporal features and leverage conditional voltage
information accelerates model convergence through enhanced machine learning support.

5 Conclusions

With the extensive integration of distributed renewable energy and energy storage systems into
distribution networks, the volume of situational awareness data has increased dramatically. To address the
issue of random and continuous data gaps caused by limitations in communication bandwidth or failures in
transmission and storage, in this paper, a data completion method was proposed based on multidimensional
feature fusion and data augmentation, where a 3D-CNN was employed to extract the spatiotemporal features
from measurement data and a CGAN was used to model the complex mapping relationships. The main
findings are summarized as follows:

(1)  Compared with baseline algorithms, the proposed method achieves lower root mean square errors
(RMSEs) across various missing data rates in the completion of power data for distribution net-
work nodes. In the scenarios involving continuous missing data, the RMSE of the completed data
increases gradually with increasing missing data rate, demonstrating the robustness and reliability of
the method.

(2)  The spatiotemporal correlations between missing nodes and their neighboring measurements were
captured more accurately than benchmark algorithms, leading to improved performance in terms of
the completion of both random and continuous missing data.

(3)  The standard GAN method significantly underestimates the fluctuation amplitude of node data, as do
methods such as Spline, KNN, and RF. The WGAN and the proposed method generate complete data
that more closely align with the true fluctuation characteristics.

The integration of 3D-CNN +CGAN enhances feature representation, but it increases the complexity of
the model. Our future work will be involved in optimizing the model structure for improved computational
efficiency, validating its performance on larger-scale real-world datasets, exploring attention-based network
architectures to enhance key feature capture, and so on.
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