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Abstract

Power systems continuously generate large-scale load time series data for forecasting,
consumption analysis, and equipment health monitoring. However, real-world load mea-
surements are often contaminated by anomalies caused by sensor faults, communication
errors, and abnormal consumption behaviors, which may degrade data quality and affect
operational decision-making. To address this issue, this paper proposes an integrated
anomaly detection framework named PEL, which combines Prophet-based seasonal-trend
decomposition, ensemble empirical mode decomposition (EEMD), and a multilayer long
short-term memory (LSTM) network. Prophet is first employed to decompose the original
series into trend, seasonal, holiday, and residual components. Sample entropy analysis
and white noise tests are then adopted to evaluate whether the residual component still
contains complex structured information requiring secondary decomposition. Next, EEMD
is applied to the residual component to extract multi-scale intrinsic mode functions. Finally,
all decomposed components are normalized and fed into a multilayer LSTM model for
anomaly detection. Experiments on a real-world power load dataset demonstrate that the
proposed PEL framework achieves an accuracy of 99.92%, a precision of 97.33%, a recall
of 100%, an F1-score of 98.65%, and an AUC of 0.9996, outperforming or matching several
baseline and hybrid models.

Keywords: ensemble empirical mode decomposition; long short-term memory neural
network; power load; prophet seasonal trend decomposition; time series anomaly detection

1. Introduction
The power industry is a fundamental infrastructure sector supporting national eco-

nomic development and modern societal operations [1,2]. With the rapid integration of
intelligent sensing, communication networks, and artificial intelligence into power sys-
tems, massive volumes of power load time series data are continuously generated for
load forecasting, consumption analysis, and equipment health monitoring [3,4]. Such
load time series often exhibit complex characteristics, including long-term trends, strong
periodicity, temporal dependence, nonlinearity, and large-scale sampling [5]. However,
real-world power load measurements are frequently contaminated by anomalies arising
from measurement faults (e.g., sensor failures, communication interruptions, and data
corruption) or abnormal consumption behaviors (e.g., electricity theft and equipment
malfunctions) [6–10]. These anomalies may significantly reduce data reliability and further
threaten the safe and stable operation of power systems [11].
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In smart-grid and advanced metering infrastructure scenarios, power load anomaly
detection is not only a data-quality task but also an important means of supporting electric-
ity theft prevention and operational risk control. Existing non-MDPI studies have shown
that feature-engineering strategies and forecasting-based detection frameworks can exploit
consumption-pattern deviations to improve theft and anomaly detection in smart-meter
data [12,13].

Anomaly detection (also referred to as outlier detection) aims to identify observations
that deviate from expected patterns or statistical distributions [14]. Traditional anomaly
detection in power systems relied heavily on manual inspection and expert experience,
which is labor-intensive and difficult to scale for large-scale monitoring scenarios [15].
In recent years, with the advancement of big data analytics and artificial intelligence,
machine learning and deep learning methods have been widely explored for power load
anomaly detection [16–18]. For example, Karkhaneh and Ozgoli [19] proposed a two-stage
detection framework based on wavelet transform and robust regression. Despite these
efforts, several challenges remain. First, power load series typically contain multi-scale
seasonal patterns and strong nonstationarity, which makes effective feature extraction
difficult. Second, anomalous events are usually sparse and diverse, leading to severe class
imbalance and limited representation of abnormal behaviors. Third, directly learning
from raw sequences may result in insufficient modeling of hidden structures embedded in
residual fluctuations, thereby reducing detection accuracy [20].

To address these challenges, this paper proposes an integrated power load time
series anomaly detection framework named PEL, which combines Prophet-based seasonal-
trend decomposition, ensemble empirical mode decomposition (EEMD), and a multilayer
long short-term memory (LSTM) network. Prophet is first applied to decompose the
original sequence into trend, seasonal, holiday, and residual components. The residual
component is then analyzed using sample entropy and white noise tests to evaluate whether
it still contains complex structured temporal dependence and therefore requires secondary
decomposition. Next, EEMD is employed to perform secondary decomposition on the
residual term and extract multi-scale intrinsic mode functions, enabling a more complete
representation of hidden temporal patterns. Finally, all decomposition components are
normalized and fed into a multilayer LSTM model for anomaly detection. Experimental
results on real-world power load data demonstrate that the proposed framework achieves
strong and competitive performance compared with several baseline and hybrid models,
indicating its effectiveness for power load time series anomaly detection.

The main contributions of this paper are summarized as follows:

• A novel integrated anomaly detection framework (PEL) is proposed by combining
Prophet decomposition, EEMD-based residual secondary decomposition, and a multi-
layer LSTM network for complex power load time series.

• A residual complexity evaluation strategy based on sample entropy and white noise
testing is introduced to guide whether further decomposition is required, improving
the completeness of feature extraction.

• Experiments are conducted on a real-world power load dataset, including main-setting
comparison, component ablation, robustness checks, and runtime analysis, to evaluate
detection accuracy and computational cost comprehensively.

The remainder of this paper is organized as follows. Section 2 introduces the theo-
retical foundations of Prophet, EEMD, and LSTM. Section 3 describes the proposed PEL
framework, including two-stage decomposition, normalization, and LSTM-based anomaly
detection. Section 4 presents the dataset, anomaly-injection strategy, comparison exper-
iments, ablation study, robustness checks, and computational-cost analysis. Section 5
concludes the paper and discusses future work.
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2. Theoretical Foundation
2.1. Prophet

Prophet is an open-source time series forecasting framework developed by Facebook,
which is widely used for modeling time series with long-term trends and multiple seasonal
patterns [21]. It adopts an additive decomposition formulation and represents an observed
time series as the combination of a trend component, seasonal components, holiday effects,
and residual noise [22]. The decomposition form can be expressed as

y(t) = g(t) + s(t) + h(t) + ϵt, (1)

where y(t) denotes the observed time series, g(t) represents the long-term trend, s(t)
captures periodic seasonal variations (e.g., weekly or yearly seasonality), and h(t) models
the effects of holidays or special events. The term ϵt denotes the residual component, which
is typically assumed to follow a zero-mean noise distribution.

In Prophet, the trend term g(t) is usually modeled as a piecewise linear or logis-
tic growth function with automatic changepoint detection, enabling robust modeling of
nonstationary temporal dynamics.

2.2. EEMD

Ensemble Empirical Mode Decomposition (EEMD) is an improved version of Empiri-
cal Mode Decomposition (EMD), which mitigates the mode mixing problem by introducing
white noise into the original signal and performing ensemble averaging over multiple
decompositions [23,24]. By leveraging the uniformly distributed spectrum of white noise,
EEMD enables signals at different time scales to be separated into corresponding intrinsic
mode functions (IMFs), thus achieving adaptive multi-scale decomposition [25].

Compared with conventional EMD, EEMD improves the stability and robustness of de-
composition results, especially for nonlinear and nonstationary time series [26]. The overall
procedure of EEMD is illustrated in Figure 1 and can be summarized as follows.
Step 1: Add a Gaussian white noise sequence wk(t) to the original signal x(t) to generate
a noise-assisted signal:

xk(t) = x(t) + wk(t), (2)

where k denotes the index of the ensemble trial.
Step 2: Perform EMD on xk(t) to obtain a set of intrinsic mode functions and a residual term:

xk(t) =
n

∑
i=1

ck,i(t) + rk(t), (3)

where n is the number of extracted IMFs, ck,i(t) denotes the i-th IMF in the k-th decomposi-
tion, and rk(t) represents the corresponding residual component.
Step 3: Repeat Steps 1–2 for K trials with different noise realizations to obtain multiple sets
of IMFs and residual components.
Step 4: Compute the ensemble average of each IMF and the residual term to produce the
final decomposition:

ci(t) =
1
K

K

∑
k=1

ck,i(t), (4)

r(t) =
1
K

K

∑
k=1

rk(t), (5)

where K is the number of ensemble trials.
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Finally, the EEMD reconstruction of the original signal can be expressed as

x(t) =
n

∑
i=1

ci(t) + r(t). (6)

By introducing noise-assisted decomposition and ensemble averaging, EEMD effec-
tively reduces mode mixing and improves the reliability of multi-scale feature extraction
for complex time series.

Start

Original 
sequence x(t)

Sequence 
segmentation

Signal-noise mixed sequence 
with random noise

Add different 
random noise each 

time

Multiple EMD 
decompositions

EMD 
decomposition

EMD decomposition of signal-noise 
mixed sequences

EMD 
decomposition

IMF components and 
residual terms

Iterative EEMD 
decomposition

Ensemble averaging

Yes

No

End

Does the residual 
contain noise 

characteristics?

Figure 1. Flowchart of the ensemble empirical mode decomposition (EEMD) algorithm. The plus
sign denotes ensemble averaging of the decomposed components.

2.3. LSTM

Long short-term memory (LSTM) is a variant of recurrent neural networks (RNNs)
designed to address the vanishing gradient and exploding gradient problems in long-
sequence learning [27]. An LSTM unit consists of a memory cell, a hidden state, and three
gating mechanisms, including the input gate, forget gate, and output gate. These gates
regulate the information flow and enable the network to preserve long-term dependencies,
making LSTM particularly effective for modeling temporal dynamics in time series data.
The structure of an LSTM cell is illustrated in Figure 2.

Given the input xt and the previous hidden state ht−1, the LSTM updates are defined as

ft = σ(W f [ht−1, xt] + b f ), (7)

it = σ(Wi[ht−1, xt] + bi), (8)
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c̃t = tanh(Wc[ht−1, xt] + bc), (9)

ct = ft ⊙ ct−1 + it ⊙ c̃t, (10)

ot = σ(Wo[ht−1, xt] + bo), (11)

ht = ot ⊙ tanh(ct), (12)

where σ(·) denotes the sigmoid activation function and ⊙ denotes element-wise multiplication.

Figure 2. Structure of an LSTM cell.

3. Methodology
3.1. Time Series Decomposition Model Based on Prophet–EEMD

Power load time series typically exhibit complex characteristics, such as long-term
trends, multiple seasonal patterns, and strong temporal dependencies. Due to the nonsta-
tionary and nonlinear nature of real-world power data, directly modeling the raw sequence
often leads to insufficient feature extraction and degraded anomaly detection performance.
Therefore, this paper proposes a two-stage time series decomposition framework based on
Prophet and ensemble empirical mode decomposition (EEMD), aiming to extract multi-
scale temporal components and enhance the representation of hidden patterns.

Prophet is first employed to decompose the original load series into interpretable
components, including trend, seasonality, holiday effects, and residuals. Since the residual
component may still contain complex temporal structures that are not fully captured by
Prophet, EEMD is further applied to perform secondary decomposition and extract intrinsic
mode functions (IMFs) at different time scales. The overall Prophet–EEMD decomposition
framework is illustrated in Figure 3, and the procedure can be summarized as follows:

• Apply Prophet to the power load time series to obtain the trend component,
seasonal components (e.g., daily and weekly seasonality), holiday component,
and residual component.

• Evaluate the complexity and statistical dependence of the residual component using
sample entropy and white noise testing to determine whether additional decomposi-
tion is required.

• Perform EEMD on the residual component to obtain a set of intrinsic mode functions,
denoted as eIMF1, eIMF2, . . . , eIMFn.

• Concatenate the Prophet decomposition components and the extracted EEMD IMFs
to form the final multi-scale feature set for subsequent anomaly detection.
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Power load time series

Prophet seasonal-trend 
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decomposition 

components Sample 
entropy

White-
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Figure 3. Prophet–EEMD time series decomposition modeling framework. Dashed lines and ellipses
indicate process flow and repeated components.

3.2. Z-Score Normalization Module

To eliminate the influence of different feature magnitudes and improve model conver-
gence, Z-score normalization is applied to all decomposed components. This standardiza-
tion transforms each feature into a distribution with zero mean and unit variance, which is
particularly suitable for time series components with unbounded ranges.

The Z-score normalization is defined as

Xnorm =
X − µ

σ
, (13)

where µ and σ denote the mean and standard deviation of feature X, respectively, and Xnorm

denotes the normalized value.

3.3. LSTM-Based Anomaly Detection Module

After decomposition and normalization, all Prophet components and EEMD-derived
IMFs are used as input features for anomaly detection. To effectively capture temporal
dependencies and complex feature interactions, a multilayer LSTM network is designed
in this work. As shown in Figure 4, the proposed network consists of an input layer, two
stacked LSTM layers, a Dropout layer, and a fully connected output layer.

The first LSTM layer outputs hidden states at all time steps, enabling the model to
learn sequential representations. A Dropout layer with a dropout rate of 0.5 is then applied
to reduce overfitting. The second LSTM layer further extracts higher-level temporal features
and outputs the hidden state of the last time step. Finally, a fully connected layer with a
sigmoid activation function outputs the anomaly probability for binary classification.
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Figure 4. Multilayer LSTM neural network model. Here, Y denotes the model output, and ellipses
indicate repeated hidden units.

To effectively exploit the multi-scale decomposition results for anomaly detection,
all Prophet–EEMD components are used as input features of a multilayer LSTM network.
The proposed network architecture is composed of the following modules:

(1) Input layer: The input layer receives all decomposition components produced
by Prophet and EEMD. In this work, the input feature dimension is 17, including four
Prophet components (trend, daily seasonality, weekly seasonality, and holiday effects) and
13 EEMD-derived intrinsic mode functions (IMFs) obtained from residual decomposition.

(2) First LSTM layer: The first LSTM layer contains 60 hidden units and outputs the hid-
den states at all time steps, enabling the model to capture long-term temporal dependencies.

(3) Dropout layer: A dropout layer with a dropout rate of 0.5 is applied after the first
LSTM layer to mitigate overfitting and improve generalization performance.

(4) Second LSTM layer: The second LSTM layer contains 30 hidden units and outputs
only the hidden state of the last time step, which serves as a compact representation
for classification.

(5) Output layer: A fully connected layer with a sigmoid activation function is used to
output the anomaly probability in the range of [0, 1] for binary classification.

3.4. The PEL (Prophet–EEMD–LSTM) Model

As shown in Figure 5, the proposed PEL framework follows a three-stage pipeline.
First, the raw power load time series is cleaned and the corresponding labels are prepro-
cessed. Prophet decomposition is then applied to extract interpretable components, and the
residual term is further decomposed by EEMD to obtain multi-scale IMFs. Second, residual
complexity analysis is conducted, and all decomposition components are normalized using
Z-score standardization. Finally, the normalized multi-component features are fed into the
multilayer LSTM network for supervised training and anomaly detection. The network
outputs the anomaly probability of each sample, and a sample is classified as anomalous if
the probability exceeds a predefined threshold.
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Figure 5. Overall framework of the proposed Prophet–EEMD–LSTM (PEL) anomaly detection model.

4. Experimental Results and Analysis
4.1. Dataset Description

The experimental data are obtained from the Area2_Load dataset released in the 2016
Electrician’s Cup Mathematical Modeling Competition (Problem A). The dataset records
real power load measurements of Area 2 with a sampling interval of 15 min (96 data points
per day), and the unit is MW. In this study, a total of 8736 load records collected from
1 April 2013 to 30 June 2013 are used for evaluation.

The Area2_Load dataset was originally released for load forecasting rather than
supervised anomaly detection, and it does not provide verified event-level anomaly labels.
Therefore, the original sequence cannot be directly used to distinguish all real abnormal
events from normal samples. Before artificial anomaly injection, the raw load series is
first inspected and cleaned. The descriptive statistics show that the selected data contain
no missing values, but include physically unreasonable negative load values, with the
minimum value equal to −123 MW. Since negative power load values violate the normal
business rule of load measurement, they are treated as erroneous measurements rather than
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target anomalies. These erroneous values are replaced using an adjacent-value averaging
strategy: if an erroneous value occurs at the first time point, it is replaced by the next load
value; if it occurs at the last time point, it is replaced by the previous load value; otherwise,
it is replaced by the average of the preceding and following load values. The cleaned
sequence is then used as the baseline sequence for controlled anomaly injection. The load
series before and after data cleaning is shown in Figure 6.

Figure 6. Power load series before and after data cleaning.

Because verified real anomaly labels are unavailable, anomaly injection is adopted to
construct controlled labels for quantitative evaluation. The reported confusion matrices and
classification metrics are computed with respect to these injected labels, not with respect to
unknown real-world anomaly labels. Possible unverified abnormal events in the original
sequence are therefore treated as unlabeled background data in the current evaluation
setting, which is further discussed as a limitation in Section 5.

In smart-meter and advanced metering infrastructure studies, synthetic abnormal
consumption data are commonly generated by modifying normal load profiles according
to false-data injection or electricity-theft attack patterns [9,10,28]. Typical injection patterns
include proportional scaling, threshold clipping, fixed-offset reduction, interval interrup-
tion, mean-value substitution, and sample-wise random scaling, as summarized in Table 1.
These rules are simulation strategies used for controlled evaluation rather than industrial
standards for deciding whether a load value is abnormal.

Table 1. Common synthetic anomaly-injection patterns used in smart-meter anomaly and electricity-
theft studies.

Pattern Representative Form Anomaly Type Simulated Behavior

Proportional scaling h(xt) = αxt Point drop Under-reported consumption with a fixed reduction ratio

Threshold clipping h(xt) = min(xt, γ) Point drop Meter readings capped by an upper threshold

Offset reduction h(xt) = max(xt − γ, 0) Point drop Consumption reduced by a fixed amount

Interval interruption h(xt) = 0 for ti < t ≤ tj Persistent drop Consecutive abnormal readings caused by outage,
tampering, or communication failure

Mean substitution h(xt) = mean(x) Pattern smoothing Abnormal flattening that removes normal
temporal fluctuation

Random scaling h(xt) = αtxt Point drop Sample-wise random under-reporting with varying
attack intensity
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Following the common assumption that anomalous events are rare in practical moni-
toring scenarios, the main anomaly ratio is set to 3%. Among the above injection patterns,
the main experiment uses a scaling-based anomaly injection strategy to simulate abnormal
load reduction:

h(xt) = αxt, (14)

where xt denotes the original load value at time t, and α = 0.7 in the main experiment.
After injection, the dataset contains 8474 normal samples labeled as 0 and 262 anomalous
samples labeled as 1. The detailed sample distribution is summarized in Table 2.

This strategy is adopted because it can generate abnormal load reductions while
preserving the original temporal trend and periodic structure. The scaling factor is an ex-
perimental anomaly-intensity setting rather than an industrial threshold. To avoid drawing
conclusions from a single artificial setting, additional robustness checks are designed with
different anomaly intensities, positive anomalies, and persistent anomalies, as summarized
in Table 3.

To avoid temporal information leakage, the dataset is split chronologically into training
and testing sets with a ratio of 7:3, where the first 70% samples are used for training and
the remaining 30% samples are used for testing.

Table 2. Sample distribution of the training and testing sets.

Subset Normal Anomalous Total

Training set (70%) 5926 189 6115
Testing set (30%) 2548 73 2621
Total 8474 262 8736

Table 3. Anomaly-injection settings for robustness analysis.

Scenario Injection Rule Anomaly Pattern

Point drop 0.7 h(xt) = 0.7xt Negative point
Point drop 0.8 h(xt) = 0.8xt Negative point
Point increase 1.2 h(xt) = 1.2xt Positive point
Persistent drop 0.7 h(xt) = 0.7xt for 8 consecutive samples Persistent

4.2. Evaluation Metrics

To evaluate anomaly detection performance, five widely used metrics are adopted,
including Accuracy, Precision, Recall, F1-score, and the area under the ROC curve (AUC).
These metrics are computed based on the confusion matrix shown in Table 4, where
label 0 denotes normal samples (negative class) and label 1 denotes anomalous samples
(positive class).

Table 4. Confusion matrix for anomaly detection.

Predicted Normal Predicted Anomaly

Actual Normal TN FP
Actual Anomaly FN TP

Accuracy, Precision, Recall, and F1-score are defined as

Accuracy =
TP + TN

TP + TN + FP + FN
, (15)

Precision =
TP

TP + FP
, (16)
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Recall =
TP

TP + FN
, (17)

F1 =
2 × Precision × Recall

Precision + Recall
. (18)

In addition, AUC is reported to evaluate the discriminative capability under imbal-
anced data settings, since anomalous samples account for only 3% of the dataset.

4.3. Prophet Decomposition Results

In the proposed framework, Prophet is first applied to decompose the power load
series into trend, seasonal, holiday, and residual components. The corresponding decompo-
sition results are shown in Figures 7 and 8.

Figure 7. Seasonal -trend decomposition components obtained by Prophet.

Figure 8. Residual component after Prophet decomposition.

As shown in Figure 7, the trend component indicates an overall increasing pattern of
electricity load during the studied period. The holiday component shows notable decreases
around Ching Ming Festival, May Day, and Dragon Boat Festival, suggesting that holidays
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may lead to reduced electricity consumption. The weekly and daily seasonal components
capture periodic load variations at different temporal scales.

From the residual sequence in Figure 8, it can be observed that the residual still
exhibits structured fluctuations rather than purely random noise. Therefore, secondary
decomposition is further conducted on the residual component using EEMD.

4.4. Residual Complexity Analysis

To quantitatively evaluate whether the residual component obtained from Prophet de-
composition still contains meaningful information, sample entropy analysis and statistical
white-noise hypothesis testing are conducted. Sample entropy measures the irregularity
and complexity of a sequence; a higher value indicates stronger complexity and less regu-
larity. The residual component shows higher sample entropy than the trend and seasonal
components, suggesting that Prophet does not fully extract all informative temporal struc-
tures from the original load series. To further verify this observation, the Box–Pierce test
and the Ljung–Box test are used to examine whether the autocorrelations of the residual
series are significantly different from zero.

Table 5 reports the test results under multiple lag orders. The p-values are consistently
far below the significance level of 0.05, indicating that the null hypothesis of white noise can
be rejected. Therefore, the Prophet residual component still contains structured temporal
dependence and latent multi-scale patterns, which motivates the use of EEMD for secondary
decomposition and further feature extraction.

Table 5. White noise test results of Prophet residual series.

Lag
Box–Pierce Test Ljung–Box Test

bp_stat bp_pvalue lb_stat lb_pvalue

1 24.0077 9.595 × 10−7 24.3696 7.951 × 10−7

2 30.3169 2.611 × 10−7 30.8063 2.044 × 10−7

6 46.8931 1.965 × 10−8 47.8313 1.277 × 10−8

12 50.6715 1.064 × 10−6 51.8623 6.558 × 10−7

4.5. EEMD Secondary Decomposition Results

EEMD is applied to further decompose the Prophet residual component into multiple
intrinsic mode functions (IMFs) at different time scales. The decomposition results are
shown in Figure 9.

As shown in Figure 9, the residual component is decomposed into 13 intrinsic mode
functions, denoted as eIMF1, eIMF2, . . . , eIMF13. The first several IMFs mainly capture
high-frequency fluctuations, while the frequency and amplitude gradually decrease in
higher-order IMFs, indicating that multi-scale temporal patterns are effectively extracted.

4.6. Main Detection and Ablation Results

The main detection experiment is conducted under the original point-drop setting,
namely h(xt) = 0.7xt. This setting is used as the primary controlled scenario because it
follows the original experimental design and provides a common basis for comparing
the proposed Prophet–EEMD–LSTM (PEL) model with baseline and ablation models.
Figure 10 shows the confusion matrix of the proposed PEL model, and Figure 11 presents
its ROC curve.

As shown in Figure 10, the PEL model correctly detects all anomalous samples in the
testing set while keeping the number of false alarms low. The ROC curve in Figure 11
further indicates strong discrimination under the imbalanced anomaly-detection setting.
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To avoid changing the original comparison basis, the revised manuscript keeps the orig-
inal baseline results and adds EEMD–LSTM as an additional ablation model. The original
comparison includes GRU, SVM, Prophet, LSTM, EMD–LSTM, Prophet–LSTM, Prophet–
EMD–LSTM, and the full PEL model. The newly added EEMD–LSTM model applies
EEMD directly to the original load sequence without the preceding Prophet decomposition,
thereby directly answering the reviewer question of what happens when EEMD is used
without Prophet. All models are evaluated under the same data split, anomaly-injection
setting, preprocessing strategy, and training configuration.

Figure 9. EEMD-based secondary decomposition of the residual series.
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Figure 10. Confusion matrix of the proposed PEL model.

Figure 11. ROC curve of the proposed PEL model.

The red dashed diagonal line in the ROC curve denotes the random-classifier baseline.
The main results are summarized in Table 6.

Table 6. Main anomaly-detection results and representative references under the point-drop 0.7 setting.

Model Ref. Accuracy Precision Recall F1-Score AUC

GRU [8] 0.9596 0.2105 0.1644 0.1846 0.5734
SVM [1] 0.9630 0.2272 0.1370 0.1709 0.5618
Prophet [22] 0.9405 0.2872 0.7671 0.4179 0.8563
LSTM [27] 0.9683 0.2075 0.1507 0.1746 0.5671
EMD–LSTM [3] 0.9969 0.9333 0.9589 0.9459 0.9900
EEMD–LSTM [23] 0.9939 0.8608 0.9315 0.8947 0.9636
Prophet–LSTM [11] 0.9870 0.7746 0.7534 0.7639 0.8736
Prophet–EMD–LSTM [3,11] 0.9989 0.9605 1.0000 0.9799 0.9994
Prophet–EEMD–LSTM This study 0.9992 0.9733 1.0000 0.9865 0.9996

Table 6 keeps the original baseline results and adds the reviewer-requested EEMD–
LSTM ablation. The “Ref.” column lists representative studies related to the corresponding
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baseline or hybrid modeling strategy, while the full Prophet–EEMD–LSTM model is the pro-
posed method of this study. The comparison between LSTM and the decomposition-based
variants evaluates whether adaptive decomposition is useful. The comparison between
EEMD–LSTM and PEL evaluates whether applying EEMD directly to the original sequence
is sufficient, or whether Prophet-based seasonal-trend decomposition before residual de-
composition provides additional value. The comparison between Prophet–LSTM and
the Prophet-based residual-decomposition models further evaluates the contribution of
secondary decomposition.

4.7. Robustness and Computational Cost Analysis

Because the main experiment uses injected anomalies, robustness checks are further
conducted under different injection settings. The tested settings include the main point-
drop setting, a weaker negative anomaly, a positive anomaly, and a persistent anomaly.
The corresponding results are reported in Table 7.

Table 7. Robustness results under different anomaly-injection settings.

Scenario EMD–LSTM EEMD–LSTM Prophet–LSTM Prophet–EMD–LSTM PEL

Point drop 0.7 0.9459 0.8947 0.9185 0.9726 0.9865
Point drop 0.8 0.9252 0.8844 0.9054 0.9467 0.9669
Point increase 1.2 0.9116 0.8707 0.8980 0.9396 0.9589
Persistent drop 0.7, 8 samples 0.7816 0.8114 0.8427 0.8778 0.9492
Mean F1 0.8911 0.8653 0.8911 0.9342 0.9654

Table 7 reports F1-score because the dataset is highly imbalanced and F1-score jointly
reflects precision and recall for the minority anomalous class. The robustness settings are
intended to avoid drawing conclusions from a single random point-drop case. In particular,
the point increase setting tests whether the model can detect positive deviations, while
the persistent-drop setting tests whether the method remains effective when consecutive
measurements are affected.

Several observations can be made from Table 7. First, under point-type anomalies,
EMD–LSTM performs better than EEMD–LSTM. For example, the F1-scores of EMD–LSTM
and EEMD–LSTM are 0.9459 and 0.8947 under the point-drop 0.7 setting, 0.9252 and
0.8844 under the point-drop 0.8 setting, and 0.9116 and 0.8707 under the point-increase
1.2 setting, respectively. This phenomenon suggests that, when the abnormal pattern is
an isolated abrupt change, the noise-assisted ensemble averaging in EEMD may smooth
part of the local fluctuation that is useful for point-anomaly discrimination. In contrast,
under the persistent-drop setting, EEMD–LSTM obtains a higher F1-score than EMD–LSTM
(0.8114 vs. 0.7816), indicating that EEMD can be more helpful when the anomaly affects
consecutive samples and has a sustained temporal structure. Second, the Prophet-based
residual-decomposition models remain stronger than the direct decomposition baselines,
and the full PEL model achieves the highest mean F1-score of 0.9654. This result indicates
that separating trend and seasonal components before residual decomposition improves
robustness across different injected-anomaly settings.

Finally, the computational cost of each model is recorded to show the trade-off between
detection performance and runtime. The runtime experiment is conducted on an NVIDIA
GeForce RTX 3080 Ti GPU with PyTorch 2.9.1+cu130. The results are summarized in Table 8.
The proposed PEL framework introduces additional decomposition cost because Prophet
and EEMD add preprocessing steps before LSTM training; therefore, the runtime table
is used to evaluate whether the improved detection performance justifies the additional
computational cost.
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Table 8. Computational cost comparison under the main point-drop setting.

Model Decomp. (s) Train (s) Infer. (s) Total (s)

LSTM 0.00 35.12 0.02 35.13
EMD–LSTM 4.80 36.60 0.00 41.40
EEMD–LSTM 4.26 34.08 0.00 38.34
Prophet–LSTM 7.25 35.28 0.00 42.53
Prophet–EMD–LSTM 11.93 35.40 0.00 47.34
Prophet–EEMD–LSTM 15.64 35.94 0.00 51.58

The runtime experiment records decomposition time, LSTM training time, inference
time, and total time separately. This design makes it possible to discuss the accuracy–cost
trade-off explicitly: direct LSTM has the lowest decomposition cost, EMD/EEMD-based
methods add adaptive decomposition cost, and Prophet-based hybrid models introduce
additional seasonal-trend decomposition cost before LSTM training. Therefore, the runtime
table is interpreted together with the main and robustness results rather than as an isolated
speed comparison.

5. Conclusions and Future Work
This paper investigates the problem of anomaly detection in power load time se-

ries. To address the challenges brought by non-stationarity, multi-seasonality, temporal
dependence, and complex residual fluctuations, a Prophet–EEMD–LSTM (PEL) anomaly
detection framework is proposed. In the proposed method, Prophet is first applied to ex-
tract interpretable trend, seasonal, and holiday components, while the residual component
is further decomposed using EEMD to obtain multi-scale intrinsic mode functions. These
decomposition components are then normalized and fed into a multilayer LSTM network
for anomaly identification. Experimental results on a real-world power load dataset demon-
strate that the proposed PEL model achieves strong and competitive performance compared
with several baseline methods, obtaining an accuracy of 0.9992, a precision of 0.9733, a recall
of 1.0000, an F1-score of 0.9865, and an AUC of 0.9996 under the main injected-anomaly
setting. In response to the limitations of relying on a single artificial anomaly setting,
the revised experimental design further incorporates EEMD–LSTM ablation, multiple
anomaly-injection scenarios, and computational-cost analysis to evaluate component con-
tributions, robustness, and the accuracy–cost trade-off more comprehensively.

Nevertheless, this study still has several limitations. First, because reliable real
anomaly labels are unavailable in the selected public load dataset, the quantitative evalua-
tion is based on controlled anomaly injection. Although robustness checks are added with
different injection settings, further validation on datasets with verified real events is still
needed. Second, the current framework is mainly designed for offline detection and has not
been extended to streaming scenarios with real-time constraints. Third, the model perfor-
mance may be affected by dataset characteristics and hyperparameter settings, and further
improvements are needed to enhance robustness and reduce manual tuning. Fourth,
the proposed method focuses on detection accuracy but does not explicitly provide inter-
pretability for explaining the detected anomalies.

Future work will be conducted in the following directions. (1) Online anomaly de-
tection: extending the PEL framework to streaming power load data by integrating incre-
mental learning or online updating mechanisms to support real-time anomaly monitoring.
(2) Adaptive optimization: exploring automated hyperparameter optimization and adap-
tive decomposition strategies to improve model generalization under distribution shifts.
(3) Model explainability: incorporating explainable artificial intelligence (XAI) techniques
to provide interpretable anomaly explanations, such as feature contribution analysis and
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visualization of temporal patterns, thereby improving model transparency and trustworthi-
ness in practical power system applications.
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