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 Three-phase electrical monitoring produces multivariate streams that support both 

short-term power forecasting and early anomaly detection. This study evaluates a 

joint LSTM-XGBoost workflow on 30,240 semi-synthetic one-minute records 

containing 35 attributes and seven anomaly types. The labels were generated by rule-

based anomaly injections over a real normal measurement base, and the prediction 

task is binary anomaly detection. The data were divided chronologically into 14 

training days, three validation days, and four test days. An LSTM generated one-step 

active-power forecasts; its residuals were then combined with raw sensor, first-
difference, temporal, and 15-sample history features for XGBoost classification. The 

LSTM achieved an MAE of 1.4596 W, outperforming persistence (1.5748 W) and 

the rolling mean (1.9437 W), with Wilcoxon p-values below 10⁻²³. Across ten seeds, 

the Proposed LSTM-XGB obtained F1 = 0.7008 ± 0.0101, ROC-AUC = 0.9530 ± 

0.0074, and PR-AUC = 0.7913 ± 0.0094. However, Sensor+Difference XGBoost 

achieved the best threshold-dependent performance, with F1 = 0.7163 ± 0.0081 and 

PR-AUC = 0.8180 ± 0.0051. These results show that LSTM improves forecasting, 

whereas residual features provide limited incremental value for anomaly 

classification beyond direct sensor and first-difference features. 
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I. INTRODUCTION 

Continuous electrical monitoring is increasingly used to 

expose consumption patterns, power-quality deviations, and 

unsafe operating conditions. A compact ESP32-based 

platform has demonstrated that voltage, current, power, and 

energy can be acquired and delivered to users in real time [1]. 

Power-quality monitoring designs further show that low-cost 

IoT devices can support three-phase measurements when 

sensing and communication are integrated carefully [2]. 

Three-phase systems require more than aggregate energy 

reporting because phase imbalance, frequency deviation, 
voltage sag, and current surges may occur over short 

intervals[3]. A web-connected three-phase monitoring and 

control system illustrates the practical value of remote 

visibility for such parameters [4]. Another ESP32 

implementation emphasizes that the monitoring layer must 

preserve phase-specific measurements rather than collapse 

them prematurely [5][6]. Company-level power-consumption 

monitoring also confirms the operational need for continuous, 

remotely accessible data [7]. 

Recent monitoring studies have expanded the 

communication and presentation layers[8]. A three-phase 

system based on IoT demonstrates the feasibility of direct 
online observation [9], while Firebase has been used as a 

cloud-backed repository for electrical measurements [10]. 

Node-RED provides another real-time visualization path for 

power-quality variables [11]. These systems improve 

observability, but their primary outputs remain dashboards, 

alarms, or rule-based indicators rather than statistically 

evaluated predictive models. 

Predictive analysis can convert the monitoring stream into 

forward-looking information. LSTM has been applied to 

online power prediction because its recurrent state can 

represent temporal dependence in transformer measurements 

[12][13]. Physics-informed neural networks offer an 
interpretable alternative for sensor-based energy-

consumption prediction [14]. Conventional machine learning 
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has also been used to classify electrical loads, demonstrating 

that engineered features can remain competitive when labels 

are limited [15]. 

More distributed learning strategies have appeared in smart 

plugs and buildings[8]. Semi-supervised federated learning 

has been proposed for real-time energy optimization while 

reducing centralized data exchange [16]. Federated learning 

has likewise been evaluated for environmental monitoring in 
smart buildings [17]. Predictive energy platforms illustrate 

that forecasting can also support higher-level decisions 

beyond local monitoring [18]. Nevertheless, these advances 

do not by themselves establish whether forecast residuals 

provide useful evidence for multi-type electrical anomaly 

detection[19]. 

Existing three-phase applications often focus on fuzzy 

control [20], motor-fault monitoring [21], or equipment-

specific panels [22]. Their application settings are valuable, 

but joint evaluation of one-step power forecasting, residual-

based anomaly features, time-aware splitting, seed variability, 
event recall, calibration, and paired significance tests remains 

limited[23][24]. Consequently, the incremental value of 

adding a temporal forecaster to a strong sensor-history 

classifier is frequently unclear. 

This study evaluates a joint LSTM-XGBoost workflow 

rather than assuming that the two models improve both tasks 

simultaneously. The contributions are: (1) a leakage-aware 

chronological evaluation on minute-resolution three-phase 

measurements; (2) a controlled comparison of persistence, 

rolling mean, and LSTM forecasting; (3) a feature-level 

ablation of direct sensor, temporal-history, and LSTM-

residual information; and (4) row-level, event-level, 

calibration, confidence-interval, and paired statistical 

analyses. The study intentionally reports both positive and 

negative evidence: LSTM improves active-power forecasting, 

whereas residual features provide limited incremental value 
for anomaly detection in this dataset. 

 

II. METHOD  

A. Dataset and Quality Audit  

The experiment used the minute-resolution three-phase 

monitoring dataset processed by the accompanying notebook. 

It contains 30,240 rows, 35 columns, and a continuous 

observation period from 5 June to 25 June 2026. The dataset 

is a semi-synthetic proof-of-concept derived from 1200 real 

normal measurements. Anomaly labels were generated as 

rule-based simulated injections rather than collected as 

independent field incident labels; therefore, the exact 

thresholds and event-construction rules must be interpreted 

together with the dataset-generation procedure. A total of 
2,274 rows (7.52%) were anomalous and were grouped into 

125 events.

TABLE I 

CHRONOLOGICAL DATA SPLIT 

Split Rows Days Anomaly rows Rate (%) Events 

Train 20,160 14 1,545 7.66 81 

Validation 4,320 3 316 7.31 18 

Test 5,760 4 413 7.17 26 

 

The chronological partition in Table I prevents future 

observations from entering model fitting. The 14-day training 

period provides multiple daily operating cycles for parameter 

estimation, the three-day validation period is used only for 

checkpoint and threshold selection, and the four-day test 

period is held out for final evaluation. The split is therefore 
suitable for a first temporal proof-of-concept, although 

rolling-origin validation across several temporal windows is 

needed to establish robustness beyond this single period. The 

seven anomaly types are current imbalance, current surge, 

frequency deviation, power-factor drop, sensor drift, voltage 

sag, and voltage swell. The classification target is binary 

(normal versus anomaly); anomaly_type is used only for 

stratified error analysis and is not a seven-class prediction 

target. In the test period, the anomaly supports are 36, 102, 

29, 109, 6, 60, and 71 rows, respectively, grouped into 3, 6, 3, 
5, 1, 4, and 4 events. With a one-minute sampling interval, the 

duration of a contiguous event is calculated from its number 

of labeled rows and the sampling interval. 
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Figure. 1. Dataset overview: active-power series, anomaly frequency, severity distribution, and daily anomaly rate. 

 

 
Figure 1 shows that anomalies occur across the observation 

period rather than in a single isolated block. Their uneven type 

and severity distributions motivate chronological evaluation 

and event-level reporting in addition to ordinary row-level 

metrics. 

 

B. Preprocessing and Feature Construction 

 

Raw variables include phase voltages and currents, line 

voltage, active/reactive/apparent power, power factor, 

frequency, temperature, humidity, and voltage/current 
imbalance. First differences are computed from the current 

value and its immediately preceding observation. For a target 

time t, each 15-sample history statistic uses observations 

ending at t-1; the current observation is never included in its 

own historical mean or standard deviation. Scalers and 

imputers are fitted on the training period only and then frozen 

for validation and test. LSTM residuals are generated after the 

forecaster is trained using only normal training windows, and 

label, event, severity, split, audit, and provenance columns are 

excluded from all classifier features. 

Let 𝑋(𝑡−𝐿:𝑡−1) denote the ordered multivariate sequence 

preceding time t. The sequence-to-one LSTM estimates active 

power 𝑦𝑡 as 

ŷₜ = fθ(Xₜ₋L:ₜ₋₁).                                 (1)                            

Forecast-error features are computed only after the forecast is 
generated. Three residual representations are used: 

rₜ = yₜ - ŷₜ,   aₜ = |rₜ|,   qₜ = rₜ / (|yₜ| + ε).              (2) 

Here, epsilon prevents division by zero and is set to 1.0 W in 

the implementation. The residual vector [rₜ, aₜ, qₜ] is 

concatenated with the selected sensor, first-difference, 

temporal, and history features before being passed to 

XGBoost. This design separates forecasting from 

classification and permits a direct test of whether residual 

information adds value beyond direct electrical 

measurements. 

C. LSTM Forecasting Model 
The LSTM is a sequence-to-one regressor with a 30-

sample look-back window. It contains two recurrent layers 

with 48 and 24 units, respectively, followed by 0.20 dropout 

after each recurrent layer, a 16-unit ReLU dense layer, and a 

one-unit linear output layer. The model is optimized with 

Adam at an initial learning rate of 0.001, gradient clipping 

with clipnorm=1.0, and Huber loss on scaled active power. 

Training uses batch size 128, a maximum of 50 epochs, and 
shuffle=False. Early stopping monitors validation loss with 

patience=7, restores the best weights, and uses min_delta=1e-

4. ReduceLROnPlateau uses a factor of 0.5, patience=3, and 

a minimum learning rate of 1e-5. The recorded run terminates 

after 26 epochs. 

MAE = (1/n) Σⁿₜ₌₁ |yₜ - ŷₜ|.                      (3) 

RMSE and MAPE complement MAE. Metrics are 

computed for all test observations and separately for normal 

and anomalous rows. Paired absolute errors are compared 

using a one-sided Wilcoxon signed-rank test because the 

sample-wise error distribution need not be Gaussian 
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Figure. 2. LSTM training and validation loss and scaled MAE across 26 epochs. 

 

The training curves in Figure. 2 decrease sharply during the 

first eight epochs and then stabilize. The small train-

validation gap provides no visible evidence of severe 

overfitting, although the final oscillation supports retaining 

the best validation checkpoint rather than the last epoch. 

D. XGBoost Ablation Variants 
The anomaly detector is a binary XGBoost classifier. The 

revised ablation protocol evaluates six variants under the 

same train/validation/test periods and threshold-selection 

rule: sensor-only, sensor plus first difference, sensor-history, 

sensor plus LSTM residual, full LSTM-XGBoost combining 

sensor-history and residual features, and residual-only as a 
diagnostic control. Sensor-history features comprise direct 

electrical variables, first differences, 15-sample history z-

scores, and cyclic hour encodings. These variants isolate the 

incremental contribution of each information source rather 

than assuming that the full model is automatically superior. 

cₜ = 1 if pₜ ≥ τ; otherwise cₜ = 0.                      (4) 

The threshold tau is selected independently on validation 

data for each model and seed, then locked before test 

evaluation. The ten XGBoost seeds (42 to 132 in increments 

of 10) repeat classifier training, validation threshold selection, 
and test inference with identical hyperparameters. The LSTM 

architecture and its trained checkpoint are fixed for the ten-

seed XGBoost comparison; hyperparameters are not 

reselected using test data. Thus, the reported standard 

deviation measures XGBoost stochastic variability and 

threshold variation under a fixed temporal protocol. 

Algorithm 1. Joint forecasting and anomaly-detection 

workflow. 

1. Input chronologically ordered sensor records and anomaly 

labels. 

2. Audit timestamps, required values, identifiers, and 

sampling interval 

3. Split data chronologically into train, validation, and test 

periods. 

4. Fit preprocessing parameters using the training period 

only 

5. Train the LSTM sequence-to-one active-power forecaster. 

6. Generate one-step forecasts and residual-derived features. 

7. Build sensor-history, residual-only, and combined 

XGBoost variants. 

8. Select the classification threshold on validation data. 

9. Evaluate the locked test set with ten seeds and statistical 

tests. 

E. Evaluation and Statistical Analysis 
Anomaly detection is evaluated as a binary task with 

accuracy, precision, recall, specificity, false-positive rate, F1, 

F2, ROC-AUC, PR-AUC, and Brier score. PR-AUC is 

interpreted relative to the positive-class prevalence. For 

operational interpretation, event recall is reported in addition 
to row-level recall. Detection latency is defined as the time 

from an event start to the first alarm within that event; the 

present offline protocol does not include alarm persistence or 

a streaming alarm state, so latency is treated as a limitation 

rather than inferred from row-level metrics. 

A moving-block bootstrap with block length 30 produces 

95% confidence intervals for threshold-dependent 

classification metrics and paired forecasting effects. 

 

III. RESULTS AND DISCUSSION 

 
A. Power-Forecasting Performance 

Table II reports consistent forecasting behavior across all, 

normal, and anomalous rows. On the full test set, LSTM 

reduces MAE by 7.31% relative to persistence and by 24.91% 

relative to the rolling mean. RMSE falls by 7.73% and 

25.39%, respectively. The anomaly-only MAE advantage 
over persistence is smaller (0.57%), indicating that abrupt 

abnormal transitions remain difficult to predict from 

preceding context. 
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TABLE II 

POWER-FORECASTING METRICS 

Scope Model MAE (W) RMSE (W) MAPE (%) 

All Persistence 1.5748 1.9807 3.9663 

All Rolling mean 1.9437 2.4493 4.9040 

All LSTM 1.4596 1.8276 3.6812 

Normal Persistence 1.5807 1.9856 3.9781 

Normal Rolling mean 1.9420 2.4439 4.8985 

Normal LSTM 1.4572 1.8235 3.6710 

Anomaly Persistence 1.4994 1.9172 3.8136 

Anomaly Rolling mean 1.9662 2.5185 4.9738 

Anomaly LSTM 1.4908 1.8796 3.8125 

 

 

The paired tests support the aggregate differences. LSTM 

versus persistence yields W=8,201,614, p=2.28 × 10⁻²⁴, and a 

median absolute-error reduction of 0.0988 W, with a 95% 

confidence interval of [0.0760, 0.1157] W. LSTM versus the 

rolling mean yields W=9,763,597, p=2.40 × 10⁻¹²⁸, with a 

median absolute-error reduction of 0.3645 W and a 95% 

confidence interval of [0.3091, 0.4289] W. 

 

 

 
Figure. 3. Actual active power and one-step forecasts during the first 12 hours of the test period 

 

 
The LSTM forecast remains conservative around the sharpest 

peaks. This behavior explains why its relative improvement is 

smaller on anomalous rows, even though it is statistically 

superior over the complete paired-error distribution. 

B. Anomaly-Detection Ablation 
Table III presents the ten-seed mean and standard 

deviation. The residual-only classifier has high recall but 

near-random ROC-AUC and extremely low precision, 

showing that residual magnitude alone cannot separate 

abnormal from normal variation. The combined model 

recovers strong discrimination, but Sensor-History XGB 

remains marginally better on every mean ranking metric 

shown. The combined LSTM-XGBoost model does not 

outperform the Sensor-History XGBoost model. Its mean F1-

score is 0.7011, compared with 0.7088 for Sensor-History 
XGBoost.  

The Proposed LSTM-XGB does not achieve the best 

threshold-dependent classification performance. Its mean F1-

score is 0.7008 ± 0.0101, whereas Sensor+Difference XGB 

achieves 0.7163 ± 0.0081 and Sensor-History XGB achieves 

0.6992 ± 0.0115. Although the Proposed LSTM-XGB obtains 

the highest ROC-AUC among the main sensor-based variants 

(0.9530 ± 0.0074), the results do not support a claim of overall 

superiority. Instead, direct sensor and first-difference features 

provide stronger threshold-dependent anomaly classification 

in this dataset. 

The test set contains 413 anomalous rows among 5,760 
evaluated rows, corresponding to an anomaly prevalence of 

7.17%. Therefore, the no-skill PR-AUC baseline is 

approximately 0.0717. The Proposed LSTM-XGB achieves a 
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mean PR-AUC of 0.7913 ± 0.0094 across ten seeds, 

demonstrating strong minority-class ranking relative to the 

prevalence baseline. Nevertheless, PR-AUC does not replace 

precision, recall, F1-score, and event-level recall because 

these metrics describe different operational properties. 

 
 

TABLE III 

SIX-VARIANT XGBOOST ABLATION RESULTS 

Variant F1 F2 Recall Precision ROC-AUC PR-AUC 

LSTM-Residual XGB 0.1326 ± 0.0014 0.2718 ± 0.0059 0.9070 ± 0.0681 0.0716 ± 0.0004 0.5092 ± 0.0037 0.0785 ± 0.0009 

Proposed LSTM-XGB 0.7008 ± 0.0101 0.6689 ± 0.0097 0.6494 ± 0.0150 0.7626 ± 0.0345 0.9530 ± 0.0074 0.7913 ± 0.0094 

Sensor+Difference XGB 0.7163 ± 0.0081 0.6936 ± 0.0183 0.6797 ± 0.0294 0.7601 ± 0.0371 0.9471 ± 0.0023 0.8180 ± 0.0051 

Sensor+Residual XGB 0.6787 ± 0.0108 0.6324 ± 0.0103 0.6051 ± 0.0144 0.7743 ± 0.0380 0.9007 ± 0.0023 0.7583 ± 0.0033 

Sensor-History XGB 0.6992 ± 0.0115 0.6686 ± 0.0225 0.6501 ± 0.0328 0.7602 ± 0.0434 0.9481 ± 0.0046 0.7896 ± 0.0103 

Sensor-Only XGB 0.6864 ± 0.0139 0.6372 ± 0.0085 0.6082 ± 0.0089 0.7885 ± 0.0358 0.9022 ± 0.0020 0.7657 ± 0.0080 

 

Table III presents the mean and standard deviation across ten 

XGBoost seeds for six classification variants. 

Sensor+Difference XGB achieves the highest F1-score 

(0.7163 ± 0.0081), F2-score (0.6936 ± 0.0183), recall (0.6797 

± 0.0294), and PR-AUC (0.8180 ± 0.0051). The Proposed 

LSTM-XGB obtains the highest ROC-AUC among the main 
sensor-based variants (0.9530 ± 0.0074), but its F1-score is 

lower than Sensor+Difference XGB. The residual-only 

classifier performs poorly, with an F1-score of 0.1326 and a 

PR-AUC of 0.0785. These results indicate that LSTM 

residuals provide strong ranking information when combined 

with temporal sensor features, but they do not improve the 

threshold-dependent classification performance beyond the 

simpler sensor-difference representation. These results 

indicate that LSTM residuals improve ranking performance 

when combined with temporal sensor features, but they do not 
improve threshold-dependent classification beyond direct 

sensor and first-difference features. 

 

 

 
Figure. 4. Six-variant XGBoost ablation results with F1/F2 comparison and ROC/precision-recall curves. 

 

Figure 4 shows that the residual-only classifier is clearly 

separated from the other variants. Sensor+Difference XGB 
provides the strongest precision-recall performance, whereas 

the Proposed LSTM-XGB achieves competitive ROC-AUC. 

This difference confirms that ranking performance and 

threshold-dependent classification performance do not 

necessarily lead to the same model selection. 

C. Selected-Run Reliability 
For the representative seed-42 run, the selected threshold is 

0.520. The confusion matrix contains 5,212 true negatives, 

105 false positives, 147 false negatives, and 266 true 

positives. The false-positive rate is calculated as 105/

(5, 212 + 105) = 1.98%, while precision and recall are 
0.7170 and 0.6441, respectively. The resulting F1-score is 

0.6786. These values provide a threshold-dependent 

operational view that complements ROC-AUC and PR-AUC. 

The corresponding confusion matrix is shown in Figure. 5 
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Figure. 5. Confusion matrix of the Proposed LSTM-XGB model at 

threshold 0.520. 

TABLE IV 

MOVING-BLOCK BOOTSTRAP 95% CONFIDENCE INTERVALS 

Metric Estimate 2.5% 97.5% 

Precision .7423 .5772 .8932 

Recall .6416 .4840 .7821 

F1 .6883 .5511 .7892 

F2 .6595 .5117 .7766 

ROC-AUC .9497 .9154 .9761 

PR-AUC .7740 .6406 .8691 

 

Table IV shows that discrimination remains high after block-

resampling, but the uncertainty of threshold-dependent 

minority metrics is materially wider. The lower F1 bound of 

0.5511 cautions against relying only on a single confusion 

matrix. In contrast, the ROC-AUC interval remains above 

0.91. 

D. Event-Level Recall and Failure Modes 
Row recall does not fully represent operational usefulness 

because an alarm can be useful even if it captures only part of 

an event. Because the prediction target is binary, the seven 

anomaly types are evaluated using one-versus-rest post-hoc 

stratification. For each type, Table V reports the number of 

anomalous rows, total duration, number of events, true 

positives, false negatives, row recall, detected events, missed 
events, and event recall. Total duration is calculated using the 

60-second sampling interval. The model detects 24 of 26 test 

events (92.31%) and 266 of 413 anomalous rows (64.41%). 

Per-type false positives are not assigned because the same 

normal-row false positive may contribute to more than one 

one-versus-rest view. The overall binary test set contains 105 

false positives. Table V summarizes the row-level and event-

level detection results for each anomaly type during the test 

period. 

 

TABLE V 

RECALL BY ANOMALY TYPE ON THE TEST PERIOD 

Anomaly type Rows 

Total 

duration 

(min) 
Events TP FN Row recall 

Detected 

events 
Missed events Event recall 

Current imbalance 36 36 3 36 0 1.000 3 0 1.000 

Current surge 102 102 6 31 71 0.304 6 0 1.000 

Frequency deviation 29 29 3 25 4 0.862 3 0 1.000 

Power-factor drop 109 109 5 97 12 0.890 5 0 1.000 

Sensor drift 6 6 1 0 6 0.000 0 1 0.000 

Voltage sag 60 60 4 58 2 0.967 4 0 1.000 

Voltage swell 71 71 4 19 52 0.268 3 1 0.750 

 

Table V shows that detection performance varies 

substantially across anomaly types. Current imbalance, 

frequency deviation, power-factor drop, and voltage sag 

achieve complete event-level recall, although some individual 

anomalous rows remain undetected. Current surge is detected 

in all six events despite a relatively low row recall of 0.304, 

indicating that the model captures at least one anomalous row 

in every surge event. Voltage swell is detected in three of four 

events, with a row recall of 0.268 and an event recall of 0.750. 

Sensor drift is the clearest failure mode because all six 

anomalous rows in its only test event are missed. This result 

indicates that event-level recall can be substantially higher 

than row-level recall and should therefore be reported 

alongside row-based metrics. 
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Figure. 6. Anomaly-type recall, probability calibration, and leading feature importance. 

 
TABLE VI 

ONE-VERSUS-REST ANOMALY-TYPE CLASSIFICATION RESULTS 

 

Anomaly type Precision Recall F1-score 

Current imbalance 0.0970 1.0000 0.1769 

Current surge 0.0836 0.3039 0.1311 

Frequency deviation 0.0674 0.8621 0.1250 

Power-factor drop 0.2615 0.8899 0.4042 

Sensor drift 0.0000 0.0000 0.0000 

Voltage sag 0.1563 0.9667 0.2691 

Voltage swell 0.0512 0.2676 0.0860 

 

Table VI reports the one-versus-rest precision, recall, and 

F1-score for each anomaly type during the test period. In this 

analysis, one anomaly type is treated as the positive class, 

while all remaining observations are treated as the negative 

class. The results show substantial variation across anomaly 

types. Power-factor drop achieves the highest F1-score 

(0.4042), supported by a precision of 0.2615 and a recall of 
0.8899. Voltage sag obtains the highest recall among the 

difficult anomaly types (0.9667), although its precision 

remains relatively low at 0.1563. Current imbalance achieves 

perfect recall (1.0000) but low precision (0.0970), indicating 

that many predicted alarms do not correspond to this specific 

anomaly type. Sensor drift is not detected, resulting in zero 

precision, recall, and F1-score. Current surge and voltage 

swell also show low F1-scores because of their relatively low 

recall and the large number of false positives. 

Because the same normal-row false positives may 

contribute to more than one one-versus-rest evaluation, type-

specific precision and F1-score should be interpreted 
cautiously. These results are used for post-hoc anomaly-type 

analysis and do not represent a seven-class classification 

model. 

E. Calibration and Feature Importance 
As shown in Fig. 6, anomaly-type recall varies 

substantially across categories, while the calibration curve 
and feature-importance plot provide additional diagnostic 

evidence. The selected model obtains a Brier score of 

0.05055. The calibration bins lie mostly below the ideal 

diagonal, meaning predicted anomaly probabilities tend to 

exceed the observed fraction within each bin. Thresholded 

discrimination is useful, but the raw probabilities should 

therefore be recalibrated before being interpreted as 

operational risk. 

Feature importance explains the ablation result. Voltage 

imbalance (0.0907), phase-T current (0.0752), current 

imbalance (0.0698), line voltage (0.0677), frequency 

(0.0572), and power factor (0.0553) dominate. In contrast, 

relative, absolute, and signed LSTM residual features have 

importances of only 0.0038, 0.0032, and 0.0018. The 

combined model therefore behaves primarily as a sensor-
history classifier. 

F. Comparison with Related Monitoring Approaches 
The result complements rather than replaces existing 

monitoring architectures. Generator-panel monitoring 

demonstrates reliable three-phase acquisition and remote 
presentation [25], while sensor-specific three-phase designs 

show how current and voltage channels can be instrumented 

[26]. Multifunction meters based on low-cost controllers 

likewise provide a practical acquisition layer [27]. The 

present study adds a time-aware analytical layer and 

quantifies uncertainty, but it does not evaluate hardware 

reliability or communication latency. 

Equipment-level studies report that IoT panels can support 

pump monitoring [22] and motor protection [28]. Induction-

motor monitoring also illustrates the value of continuous 

phase measurements for fault awareness [29]. A panel-

focused implementation demonstrates how electrical 
variables can be exposed to operators [30]. These applications 

are plausible deployment contexts for the Combined 

workflow, yet field validation is still required before 

transferring the current threshold and probability calibration. 

G. Limitations and Practical Implications 
Five limitations bound the conclusions. First, the 

evaluation covers one 21-day dataset and should not be 

generalized to different sensors, loads, or seasonal conditions 

without external validation. Second, the number of events is 
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small for sensor drift and several other types. Third, the output 

does not include embedded-device latency, memory, packet 

loss, or long-term sensor degradation. Fourth, the current 

study uses one fixed chronological split; rolling-origin 

temporal splits should be added in future work to test stability 

across changing operating periods. Fifth, detection latency 

was not estimated because the offline experiment does not 

model alarm persistence, suppression, or streaming state. 

XGBoost importance is associative and may distribute credit 
among correlated electrical features. 

For practical use, the sensor-history model is currently the 

simpler anomaly detector because it slightly improves 

accuracy and avoids dependence on the LSTM pipeline. The 

LSTM remains valuable when a power forecast is itself an 

operational output. A joint deployment is therefore justified 

when both forecasting and anomaly detection are required, 

not because residual features alone improve classification. 

Future work should evaluate probability calibration, anomaly-

type-specific thresholds, longer field recordings, and models 

that learn residual dynamics rather than appending three 
scalar residual features. 

 

IV. CONCLUSION 

The results show that LSTM improves one-step active-

power forecasting, achieving an MAE of 1.4596 W and an 

RMSE of 1.8276 W. For anomaly detection, 

Sensor+Difference XGB achieves the best threshold-

dependent performance, with an F1-score of 0.7163 and a PR-

AUC of 0.8180. The Proposed LSTM-XGB provides strong 

ranking performance, with a ROC-AUC of 0.9530, but its 

residual features do not improve classification performance 

beyond the simpler sensor-difference representation. 
Therefore, the contribution of the proposed workflow is not 

universal superiority, but an empirical evaluation showing 

that LSTM is useful for forecasting while direct temporal 

sensor transformations remain more effective for anomaly 

classification in this dataset. 
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