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_________________________________________________________________________________________ 

Abstract: Anomalous sensitive power marketing data can significantly impact the interests of various stakeholders in the 
development of power enterprises. To improve anomaly detection in such data, we propose a method based on the Multi-
Scale Convolutional Variational Autoencoder (MSCVAE). First, a multi-scale attribute matrix is constructed to represent 
the system’s state across varying time intervals within the multivariate time series of sensitive power marketing data. Next, 
a convolutional variational autoencoder functions as a generator of a reconstruction matrix from this attribute matrix, while 
an Attention-based Convolutional Long Short-Term Memory (ConvLSTM) is applied to find the temporal patterns.  To 
address the class imbalance issue inherent in the sensitive power marketing dataset, a novel threshold-setting strategy 
derived from the confusion matrix is introduced. The proposed model is evaluated on two real-world sensitive power 
marketing datasets and compared with several benchmark models. The MSCVAE model exhibited superior performance 
relative to all benchmark models, which is evidenced by average increments of 42% in Precision, 40.9% in Recall, and 
41.5% in F1-score. 
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_________________________________________________________________________________________

1. Introduction 

In the development of grids and electricity sector digitalization relying on the Internet, feature engineering and anomaly 
detection are necessary for preserving grid stability and operational efficiency. It is essential to uncover hidden patterns in 
sensitive power data through the examination of its irregular modes improves anomaly detection and optimization methods. 
Effective anomaly detection involves the analysis of power marketing regularities and bolsters stakeholder’s capacity to 
manage anomalies in sensitive power datasets. For the above reason, developing efficient anomaly detection methods is 
becoming a key area of focus for energy industry research (Zhang et al., 2023). In this paper, the concept of “sensitive 
power marketing data” is applied to multivariate datasets that capture details of customer energy use, financial transactions 
and billing information, parameters for grid operation, and logs from demand response programs. 

The process of anomaly detection in sensitive power marketing data begins with capturing anomalous features. Methods 
for feature engineering are used along with big data mining for semantic analysis and data reconstruction (Chen et al., 
2022). Normal methods are spectral clustering algorithms, low-rank model-based anomaly detection (Jin et al., 2025), and 
corrections that leverage the Spark framework in power grid anomaly identification. However, traditional anomaly 
detection methods are becoming less effective in sensitive power marketing data due to the continuous evolution of power 
network’s data pooling and the emergence of new equipment (Carlei et al., 2025; Li et al., 2024). 

As the complexity of power marketing networks increases, so does the demand for advanced anomaly detection 
methods. To solve the limitations of conventional techniques, this paper proposes the latest anomaly detection method, the 
Multi-Scale Convolutional Variational Autoencoder (MSCVAE). By testing real-world sensitive power marketing data, 
MSCVAE can correctly identify anomalies and assess their severity. This enables a fast response to system anomaly and 
effectively minimizes operational risks (Chen and Cui 2025). To address the class imbalance in sensitive power marketing 
data, our principal contribution lies in a novel framework that merges multi-scale attribute matrices with an attention-
augmented Convolutional Long Short-Term Memory (ConvLSTM) under a variational autoencoder structure. 

https://crossmark.crossref.org/dialog/?doi=10.32738/JEPPM-2025-237&amp;domain=pdf&amp;date_stamp=2026-05-29
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Our proposed framework surpasses existing anomaly detection techniques in several key aspects, as evidenced by the 
following advancements: 

1. The core of our design lies in a multi-scale attribute matrix that simultaneously encodes local and global behavioral 
patterns. This encoding leverages the calculation of pairwise relationships over multiple window sizes. 

2. An attention-enhanced Convolutional Long Short-Term Memory (ConvLSTM) is embedded within our 
convolutional Variational Autoencoder (VAE) framework, facilitating the combined extraction of spatial features and long-
range temporal patterns. 

3. A novel thresholding strategy based on Error Rate (ERR) is developed, which demonstrates superior performance 
over traditional Receiver Operating Characteristic (ROC)-based techniques in scenarios with class imbalance. 

These contributions, which serve to mitigate the deficiencies of established approaches, also strengthen the overall 
robustness and adaptability of anomaly detection frameworks as applied to power marketing. 

2. Related Work 

2.1. Deep Learning-based Anomaly Detection Methods 

Three primary categories characterize deep learning-based time series anomaly detection: predictive, reconstructive, and 
representational. Reconstructive models often deliver superior accuracy in anomaly detection. Unlike predictive models, 
Reconstruction models have the advantage of accessing the entire time series dataset. This multivariable data access enables 
reconstructive models to effectively replicate scenarios and pinpoint discrepancies. These models are still the favored 
option, though they might lead to some latency in detection when high precision is of the essence, and minor delays, which 
can be accepted. So, reconstructive models emerge as the best fitting choice in scenarios where accuracy takes precedence. 

The application of traditional models, including ARIMA (Carlei et al., 2025) and Holt-Winters (Li et al., 2024), has 
focused on spotting irregularities in energy consumption data. For customer segmentation and flagging outliers, cluster-
based methods are commonly employed. Although more advanced solutions like Isolation Forest and One-Class SVM 
enable model-free anomaly detection, their performance can be limited when dealing with intricate temporal relationships 
in high-dimensional data. 

Deep learning has greatly propelled progress in energy system anomaly detection. Long Short Term Memory (LSTM)-
autoencoders capture long-term consumption trends, and Convolutional Neural Networks (CNNs) identify short-term 
fluctuations in power data. Hybrid frameworks (e.g., CNN-LSTM, Graph Neural Network’s (GNNs)) jointly represent 
spatial and temporal grid characteristics. For smart grid monitoring, Variational Autoencoders (Carvajal Rico et al., 2025) 
provide a reconstructive detection approach, and Generative Adversarial Networks are emerging as powerful tools for 
synthesizing realistic load curves, thereby facilitating stronger detection models. 

Current studies on sensitive power marketing data fail to adequately address three critical issues: they cannot effectively 
model multi-scale temporal patterns, achieve limited robustness under class-imbalanced conditions, and do not fully 
employ attention mechanisms to capture essential temporal-spatial characteristics. 

2.2. Variational Autoencoder (VAE) 

Autoencoders (AEs) are essential neural network architectures (Carvajal Rico et al., 2025) designed to map input data to 
corresponding outputs with minimal errors. They are composed of three primary layers: the encoder layer, compressing the 

input data ∈ dxx R  into a latent variable ∈ dzz R , the latent variable layer itself, and the decoder layer, which reconstructs 
the data back to its original dimensions. The primary objective of an autoencoder is the accurate reconstruction of input 
data from its latent variables.  

However, conventional autoencoders have a notable drawback: their hidden layers may lack continuity, potentially 
causing substantial computational challenges. To overcome these limitations, the VAE was developed as an enhanced 
alternative (Ji et al., 2025). 

The VAE consists of three main components: an encoder, a decoder, and a loss function. The latent variable z is a 

random variable with a distribution defined by a Prior function ( )p z
. This Prior is often speculated as a multivariate 

Standard Gaussian distribution ( )0,1N
. During the training, data x is extracted from the conditional probability 

distribution ( | )p x z . The decoder, which acts as a generative model, generates the decoded variable distribution based 

on the encoded latent variables. The encoder is defined by the conditional probability function ( | )p z x , which models 
how the latent variables are distributed among the encoded variables. 

A VAE’s loss function consists of two parts: the first part is the reconstruction loss, which is used to maximize the 

probability of reconstruction. The second part is the regularization term, aimed at ensuring that the probability ( | )q z x  of 

the latent variable fit the preset prior ( )p z
. The loss function is shown in Eq. (1).  
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 ( ) ( ) ( ) ( ) ( )( )log∼
 = − + ∣

∣ ∣ ‖
ii i iz q z xL x E p x z KL q z x p z  (1) 

In this context, KL means the Kullback-Leibler (KL) divergence, an metric used to measure the difference between the 
encoder’s distribution ( | )q z x  and the prior distribution ( )p z . 

Most systems determine the optimal threshold based on receiver operating characteristic ROC curves. The ROC curve 
depicts the relationship between True Positive Rate (TPR) and False Positive Rate (FPR). By analyzing the ROC curve, it 
is possible to optimize specificity and sensitivity, thereby locking in the most suitable threshold. However, in the sensitive 
dataset of power marketing, the problem of category imbalance is prominent and has become a major challenge. Because 
most unsupervised learning techniques are typically based on the assumption of class equilibrium distribution, which is 
often broken in practical scenarios. 

3. Method Overview 

3.1. Problem Definition 

The problem of multivariate time series anomaly detection for sensitive power marketing data can be formally described 

as follows: when n time series historical data of length ( )1 2 3, , , , ×= … ∈T n T
nX x x x x R

 are given, the anomalies in 
sensitive power marketing data mainly manifest as data points that do not match historical patterns or deviate significantly 
from most previous data. During the training phase, only normal data is used for model training. During the testing phase, 
normal and abnormal data are utilized for model detection and assessment. 

3.2. Method Overview 

This study introduces a Multi-Scale Convolutional Variational Autoencoder (MSCVAE) framework for anomaly detection 
in sensitive power marketing data. This research employs an unsupervised approach for anomaly detection. The proposed 
framework is structured around four core modules: 

1) Multi-Scale Representation: Input multivariate time-series data are converted into hierarchical attribute matrices, 
encoding system states across varying temporal resolutions. 

2) Robust Reconstruction: Convolutional encoder-decoder architecture, enhanced by variational inference, generate 
reconstructed representations while improving framework robustness. 

3) Spatiotemporal Modeling: An attention-enhanced ConvLSTM module (Wei et al., 2025) is incorporated to jointly 
model inter-feature relationships and temporal dependencies inherent in power marketing time series. 

Threshold Optimization: A novel Anomaly Response Rate (ERR)-based thresholding strategy replaces conventional 
ROC-driven approaches, significantly boosting detection performance in imbalanced scenarios. 

To capture the deviations between reconstructed and original matrices, Mean Square Error (MSE) serves as our 
reconstruction loss. This choice enables effective measurement of reconstruction errors, whose magnitude in our 
multivariate time series framework directly corresponds to the severity of detected anomalies. 

By integrating multi-scale analysis with variational autoencoding, the framework captures both local anomalies and 
global system behavior. The attention mechanism prioritizes critical temporal patterns, while the ERR thresholding adapts 
dynamically to data imbalance, addressing key limitations of existing methods. 

3.3. Data Normalization 

The RevIN method (Fan and Chen 2025; Sylligardos et al., 2023; Sarfraz et al., 2024; Zhou et al., 2023) addresses this 
issue by first normalizing the input data and then performing inverse normalization at the output layer, thus preserving and 
restoring the original distribution of the input data (Song et al., 2023; Yin et al., 2025). 

3.4. Multi-Scale Attribute Matrix Generation 

To capture the system state embodied in the correlations across power marketing time series, attribute matrices are derived. 
×∈ n n

iM R  by computing pairwise inner products of multivariate time series segments, where the window size is denoted 

as iw . This process captures the relationships between different time series within a time window, specifically from time 

− it w  to t . To account for various scales of sensitive power marketing data, we extract multi-scale attribute matrix’s 

using different window sizes iw , thereby capturing data from multiple time steps. The method for generating these attribute 
matrices is based on the proposed approach, which considers both shape-related along with correlations the scale 
characteristics characterizing the dual time series. The detailed procedure for generating the multi-scale attribute matrix is 
outlined in Algorithm 1. 

In the context of sensitive power marketing data, anomaly events may vary in duration. To account for this, we set m=3 
and select multi-scale time window sizes of 30, 80, and 120 time steps. By performing anomaly detection across these 
different scales, we significantly enhance the detection accuracy. 

3.5. Attention-based ConvLSTM 
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The convolutional encoder generates spatial feature maps that exhibit temporal dependencies on preceding time intervals. 
Conventional ConvLSTM architecture often experiences performance deterioration with extended sequence lengths, 
primarily due to challenges in preserving long-range temporal relationships. To mitigate this limitation, Xingjian et al. 
integrated LSTM mechanisms within CNN frameworks to model temporal patterns in video data. Our framework 
implements an attention-enhanced ConvLSTM variant to dynamically focus on critical temporal features across varying 
time intervals. 

Algorithm 1: Multi-Scale Attribute Matrix Generation 

Input: Multivariate time series 
×∈ n TX R , Time series length T, Window sizes 1 2, , ,… mw w w , Time series 

dimension n, Number of scales m; 

Output: Multi-scale attribute matrix [ ]1 2, ,… mX X X
, where 

×∈i n nM R  
       for i in m do

： 

       for t in T do : 

       
[ ] [ ] [ ]1 , 2 , , ← − + − + … sub i iS x t w x t w x t

 

        

×
=

T
sub sub

i
S SM

w  

return  [ ]1 2 ,, , mX X X…
 

Fig. 1 depicts the architecture of our modified ConvLSTM unit. At temporal iteration t, the l -th encoder layer’s output 
,t lP  serves as input to the corresponding ConvLSTM layer. Concurrently, the hidden state ,t lH  from the prior iteration 
1−t  (at layer 1−l ) is incorporated. The mathematical formulation governing the l -th ConvLSTM layer at temporal 

position 𝑡𝑡 is defined by the following operational sequence, as shown in Eq. (2). 

 

𝑖𝑖𝑡𝑡,𝑙𝑙 = 𝜎𝜎�𝑊𝑊𝑖𝑖
𝑙𝑙 ∗ [𝐻𝐻𝑡𝑡−1,𝑙𝑙 ,𝑃𝑃𝑡𝑡,𝑙𝑙] + 𝑏𝑏𝑖𝑖𝑙𝑙�

𝑓𝑓𝑡𝑡,𝑙𝑙 = 𝜎𝜎�𝑊𝑊𝑓𝑓
𝑙𝑙 ∗ [𝐻𝐻𝑡𝑡−1,𝑙𝑙 ,𝑃𝑃𝑡𝑡,𝑙𝑙] + 𝑏𝑏𝑓𝑓𝑙𝑙�

𝑔𝑔𝑡𝑡,𝑙𝑙 = 𝑡𝑡𝑡𝑡𝑡𝑡ℎ(𝑊𝑊𝑐𝑐
𝑙𝑙 ∗ [𝐻𝐻𝑡𝑡−1,𝑙𝑙 ,𝑃𝑃𝑡𝑡,𝑙𝑙] + 𝑏𝑏𝑐𝑐𝑙𝑙)

𝐶𝐶𝑡𝑡,𝑙𝑙 = 𝑓𝑓𝑡𝑡,𝑙𝑙 ⊙ 𝐶𝐶𝑡𝑡−1,𝑙𝑙 + 𝑖𝑖𝑡𝑡,𝑙𝑙 ⊙ 𝑔𝑔𝑡𝑡,𝑙𝑙

𝑜𝑜𝑡𝑡,𝑙𝑙 = 𝜎𝜎(𝑊𝑊𝑜𝑜
𝑙𝑙 ∗ [𝐻𝐻𝑡𝑡−1,𝑙𝑙 ,𝑃𝑃𝑡𝑡,𝑙𝑙] + 𝑏𝑏𝑜𝑜𝑙𝑙 )

𝐻𝐻𝑡𝑡−1,𝑙𝑙 = 𝑜𝑜𝑡𝑡,𝑙𝑙 ⊙ 𝑡𝑡𝑡𝑡𝑡𝑡ℎ(𝐶𝐶𝑡𝑡,𝑙𝑙)

 (2) 

Where σ  denote the sigmoid function, and l
piW , l

ciW  and l
hiW  represent the convolutional filter kernels for the input 

gate, the previous time step’s cell state 1,−t lC , and the hidden state from the previous time step, respectively. The input 
,t lP , cell state ,t lC , hidden state ,t lH , candidate memory ,t lG , and the gates ,t li , ,t lf , and ,t lo  are all represented as 

three-dimensional tensors. The symbol * represents convolution operation, while ⊙ represents the Hadamard product. 

To further enhance the temporal modeling, this study integrated the attention mechanism as seen in Fig. 1. 

3.6. MSCVAE Model 

Sensitive power marketing data is inherently a multivariate time series with temporal dependencies. To accurately detect 
anomalies in such data, we propose a novel anomaly detection model, Multi-Scale Convolutional Variational Autoencoder 
(MSCVAE), which is based on an encoder-decoder architecture, as depicted in Fig. 2. 

Encoder: We employ a convolutional encoder to process the spatial representations of the sensitive power marketing 
data's attribute matrix. Multiple attribute matrices, each representing different scales, are input into a multi-layer 
convolutional encoder. In our framework, four convolutional encoder layers are used to extract features from these attribute 
matrices. Let tX  represent the input to the first layer and let 1 1 1, 1 − − −× ×− ∈ l l ln n dt lP R  denote the feature map at the ( )1−l -
th layer.  
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Fig. 1. ConvLSTM structure 

 

 

Fig. 2. MSCVAE model 

 

The output of the l -th layer is computed as follows using Eq. (3). 

                                                                ( ), , 1* −= +t l l t l l
e eP f W P b                                                                              (3) 

Where * means the convolution operation, l
eW  represents the filter kernel at the l -th layer, l

eb  is the bias term, ,t lP  

is the output of the l -th layer, , 1−t lP  is the output from the ( )1−l -th layer, and ( )⋅f  denotes the function of activation. 
Part (b) of Fig. 2  illustrates the encoding process as shown in Eq. (4). 

                             
( )

( )
, , ,

, 1

, , , ,

ˆˆ ˆ
ˆ

, 4

, 3ˆ , 2,1ˆˆ ˆ
−

 + == 
 ⊕ + =  

t l t l t l
d d

t l

t l t l t l t l
d d

f W H b l
P

f W H P b l
     (4) 

where ⊛ represents the deconvolution operation, ⊕ denotes the merging operation, and ( )⋅f  is the  function of 

activation. ,  t l
dW and ,t l

db  represent the filter kernel and bias term of the l -th layer of the convolutional decoder. The 
decoding process is performed in reverse, starting from layer 4=l  and proceeding layer by layer down to 1=l , applying 
deconvolution at each stage to reconstruct the attribute matrices for each layer. Specifically, deconvolution is applied to 
the results of the Attention-based ConvLSTM at layer 4=l , denoted as ,4ˆ tH , to reconstruct the matrix at layer l=3, 



Journal of Engineering, Project, and Production Management, 2026, 16(4), 2025-237 
 

6 
 

denoted as ,3ˆ tP . The deconvolution operation continues, with the concatenation operation at each layer, to reconstruct the 
sequence of attribute matrices from layer 1−l  to layer 1. Part (e) of Fig. 2 illustrates the decoding process. 

3.7. Loss Function 

The MSE is utilized as the loss function to optimize the parameters of the model. The MSE is widely used in anomaly 
detection tasks due to its ability to effectively quantify the deviation of predicted outputs from actual measurements. It is 
computed as follows in Eq. (5): 

                                                           ( ) , , 2
1

1

s ˆLos t
=

=

= −∑ ∑
m

T t c t c
t

c

P P                                                                  (5) 

where , ×∈t c n nP R . This paper uses the mini-batch stochastic gradient descent algorithm in conjunction with the Adam 
optimizer to mitigate the loss function described above. After training for a sufficient number of epochs, the learned neural 
network parameters are applied to reconstruct the attribute matrices for the training and validation sets. To perform anomaly 
detection, the reconstructed multi-scale attribute matrix [ ]1 2, ,… mM M M  is subtracted from the original multi-scale 

attribute matrix 1 2
ˆ ˆ ˆ, , , … mM M M , yielding a different matrix. This difference matrix is then used for anomaly detection 

and diagnosis based on the observed discrepancies. 

3.8. Threshold Setting Strategy 

In the anomaly detection process, the VAE assigns an anomaly score to each set of attribute matrices. The core purpose of 
threshold setting is to achieve automatic classification of samples by determining the optimal discriminant boundary. The 
confusion matrix is commonly used to evaluate the performance of the model, showing the relationship between predicted 
and actual classes of test samples, producing the four fundamental metrics: True Positives (TP), False Positives (FP), True 
Negatives (TN), and False Negatives (FN). 

We propose a new threshold setting strategy based on ERR, where ERR is calculated based on TP, FP, FN, and TN to 
obtain Eq. (6).  The objective of this strategy is to minimize the ERR, thereby reducing the number of misclassified samples. 
Consequently, the optimal threshold is selected by minimizing the ERR, leading to improved anomaly detection 
performance. 

                                                                 =
+ +

FPERR
FP TP TN

 (6) 

4. Experiment 

4.1. Dataset Description 

To assess the effectiveness of the proposed approach, we applied it comprehensively to two real-world power marketing 
datasets obtained from an electric utility company. From this data, we created two distinct datasets: Electric Sensitive 
Power Marketing Dataset 1 (ESPMD1) and Electric Sensitive Power Marketing Dataset 2 (ESPMD2). 

4.2. Experimental Setup 

The experiments were carried out in Python 3.8 with the PyTorch (PyTorch is an open-source deep learning framework) 
2.4.1 framework. To maintain fairness in comparisons, all baseline models were tested under identical conditions as the 
proposed method. The tests were performed on an NVIDIA Tesla V100-PCIE GPU. The experimental hyperparameters 
are configured as follows: 

Table 1. Experimental settings and parameter values 

Parameter Value 

Learning rate 0.001 
Batch size 64 

Number of scales 3 
Window sizes {30, 80, 120} 

Latent dimension 32 
ConvLSTM layers 2 

Attention heads 4 

A three-step data preprocessing procedure is implemented. First, the time series is resampled to achieve a uniform 15-
minute interval for temporal alignment. Following this, anomaly labeling is performed: the training set is constructed 
exclusively from normal samples, whereas anomalies in the test set are flagged according to expert-defined rules. Finally, 
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the RevIN technique (Fan and Chen 2025) is employed to normalize the input data, standardizing the sequences before 
processing and restoring their original distribution post-reconstruction. 

The optimal configuration for the multi-scale module was determined to be the window combination (30, 80, 120), 
following an evaluation of candidate sizes {20, 30, 50, 80, 120} on a validation set. This selection was based on its superior 
performance in both F1 and G-mean metrics. 

Furthermore, five anomaly detection techniques were selected for benchmarking to verify the framework’s efficacy. 
The compared methods consist of the traditional Local Outlier Factor (LOF) [15], K-Nearest Neighbors (KNN) (Yang et 
al., 2025), the reconstruction-based VAE, the state-of-the-art MIXAD (Ren et al., 2026) model, and a Generative 
Adversarial Network (GAN) (Vishwakarma and Kumar, 2025) model. 

4.3. Evaluation Metrics 

During testing, each anomaly detection model was trained exclusively on a normal-sample training subset (Li and Jung 
2023). After training, this method’s model was assessed using a validation set containing both normal and anomalous 
samples (Abdulhadi et al., 2023). Model performance was measured with the application of four primary metrics (accuracy, 
recall, F1-Score, and G-mean), where scores closer to 1 indicate superior detection capability (Yan et al., 2025). The 
resulting confusion matrices and evaluation metrics for both datasets are detailed in Table. 2 and Table. 3, with top-
performing values emphasized in bold. 

Table 2. Anomaly detection results for ESPMD1 

Model 
Confusion Matrix Evaluation Metrics 

TP FP FN TN Precision Recall F1-score Gmean 
KNN 82 23 13 52 0.7810 0.8632 0.8200 0.7736 
LOF 54 51 32 33 0.5143 0.6270 0.5654 0.4967 
VAE 89 11 4 66 0.8900 0.9570 0.9223 0.9057 

MIXAD 77 28 19 46 0.7333 0.8021 0.7662 0.7061 
GAN 97 1 6 66 0.6967 0.9898 0.9652 0.9166 
Ours 99 1 4 66 0.9705 0.8970 0.9323 0.9201 
 

Table 3. Anomaly detection results for ESPMD2 

Model 
Confusion Matrix Evaluation Metrics 

TP FP FN TN Precision Recall F1-score Gmean 
KNN 164 92 94 140 0.6406 0.6357 0.6381 0.6193 
LOF 152 104 123 111 0.5938 0.5527 0.5725 0.5342 
VAE 259 16 23 192 0.9418 0.9184 0.9300 0.9208 

MIXAD 178 78 77 157 0.6953 0.6980 0.6967 0.6829 
GAN 157 99 103 131 0.6133 0.6038 0.6085 0.5865 
Ours 296 9 34 151 0.99 0.9612 0.9754 0.973 

The comparative analysis reveals that traditional anomaly detection algorithms underperform in multivariate time series 
modeling tasks. In contrast, the MIXAD model, which employs GNNs to autonomously learn inter-feature correlations, 
outperforms the VAE in all evaluated metrics. The observed performance gap, where GAN excels on ESPMD2 but not on 
ESPMD1, is likely due to the former’s stable regional consumption patterns, a characteristic that favors GAN’s synthesis 
approach. In contrast, the significant fluctuations in ESPMD1 prove less effective for GAN’s reconstruction-based 
methodology. Nevertheless, MIXAD’s anomaly detection accuracy remains marginally lower than our proposed model, 
primarily due to its incomplete modeling of temporal dynamics. Interestingly, while the GAN yields unsatisfactory results 
on ESPMD1, it achieves competitive performance on ESPMD2. This discrepancy likely stems from regional variations in 
electricity consumption patterns between the two datasets. 

4.4. Ablation Experiments 

To assess the contributions of each component within the proposed model, ablation studies were carried out to study two 
critical modules: the Multiscale Attribute Matrix and the Attention-based ConvLSTM. Three MSCVAE-CAD variants 
were examined: (1) MSCVAEw-CAD, in which the Attention-based ConvLSTM is removed. (2) CVAEa-CAD, with the 
Multiscale Attribute Matrix removed. (3) CVAEw-CAD, with both modules removed. Fig. 3 presents the F1 scores and G-
means across the two cable datasets. The results demonstrate that the complete MSCVAE-CAD framework significantly 
outperforms all three ablated variants, underscoring the effectiveness of both the Multiscale Attribute Matrix and the 
Attention-based ConvLSTM in enhancing anomaly detection performance. Notably, MSCVAEw-CAD and CVAEw-CAD 
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exhibit comparable performance, while CVAEa-CAD achieves markedly better results than both, further affirming the 
critical role of the Attention-based ConvLSTM. 

Overall, these findings highlight that both modules are essential for achieving robust anomaly detection in time series 
of multivariate, especially in complex cable monitoring scenarios. 

 

 

Fig. 3. Ablation experiments 

 

4.5. Comparison of Threshold Setting Strategies 

To strategically conduct a systematic analysis of the newly developed threshold configuration method, we compare two 
approaches, an ERR-based strategy and a ROC-based strategy, using two power marketing datasets. Both strategies are 
applied within the same anomaly detection framework across varying anomaly rates, and the results are presented in Fig. 
4. The ERR strategy consistently outperforms the ROC-based strategy in terms of detection performance, indicating its 
superior ability to determine more appropriate threshold values. Moreover, an elevated anomaly rate correlates with a 
reduced performance gap between the two evaluated strategies. Overall, the proposed ERR-based strategy demonstrates 
greater effectiveness than the traditional ROC-based approach, particularly in handling imbalanced datasets. 

 

Fig. 4. Abnormal strategy experiment 

 

5. Conclusion 

This study introduces a MSCVAE framework for anomaly detection in electric sensitive power marketing data, addressing 
key challenges in multivariate time-series analysis. The proposed method first converts each variable’s time series into 
multi-scale attribute matrix, then employs a CVAE for robust data reconstruction. To enhance temporal modeling, we 
integrate an Attention-based ConvLSTM module, which simultaneously captures inter-variable correlations and long-term 
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temporal dependencies. Additionally, we propose a novel ERR-based thresholding strategy, which surpasses conventional 
ROC-based methods, particularly in handling class-imbalanced datasets. More experiments used for two real-world electric 
power marketing datasets confirm that this paper model achieves superior detection accuracy compared to state-of-the-art 
baselines. 

The current MSCVAE architecture lacks explicit mechanisms for handling extreme class imbalance, such as specialized 
sampling techniques or cost-sensitive loss functions. Consequently, future research will investigate the integration of 
synthetic oversampling methods and weighted loss functions to enhance its applicability in highly imbalanced scenarios. 
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