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Abstract

Accurate electrical power prediction is increasingly critical in industrial smart manufac-
turing environments, where energy fluctuations and demand variability pose significant
operational challenges under the industry 4.0 paradigm. Existing approaches often rely
on simulated or secondary data and lack integration with industrial-grade communica-
tion protocols, limiting their practical applicability. Incorporating machine learning with
real-time data collection is essential for progressing industrial predictive monitoring. This
research presents a framework to forecast electrical power usage by utilizing the RS-485
protocol to enhance smart manufacturing processes. The dataset used was obtained from
a power meter, recorded over a period of 135 min, resulting in 3100 data. Three learning
methods—Random Forest, Extra Trees, and XGBoost—were analyzed, with XGBoost being
further refined through PSO for tuning hyperparameters. The models were trained on
datasets that included voltage, current, frequency, and power factor, and their effectiveness
was evaluated using time-based predictions, standard metrics, and error distributions
through cross-validation. The findings illustrate that the PSO-XGBoost consistently sur-
passes the default XGBoost baseline R2 of 0.5746, achieving MAE of 0.14 W, RMSE of 0.21 W,
and R2 of 0.8355, representing improvements of 41.67% in MAE, 38.24% in RMSE, and
45.40% in R2. The RS-485 protocol enables seamless integration with existing industrial in-
frastructure, supporting anomaly detection and energy optimization aligned with Industry
4.0 interoperability objectives.

Keywords: machine learning; power prediction; RS-485; XGBoost; PSO; hyperparameter
optimization; smart manufacturing

1. Introduction
The rapid pace of development in Industry 4.0 has enabled new operational method-

ologies across industrial sectors such as the automotive, electronics, chemicals, and energy
sectors, as new processing techniques are made possible through the integration of cyber-
physical systems, the Internet of Things (IoT), and advanced data processing [1]. The
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value and frequency of the operational dataset drive the profound changes in productiv-
ity, resource sustainability, and the reliability of operational systems. This has led to the
emergence of smart manufacturing as one of the most significant applications, with the
use of real-time data and predictive analytics being employed to improve manufacturing
processes and reduce unplanned system downtimes [2].

The electric power industry is developing systems that incorporate renewables and
advanced grid technologies. Such systems need energy management and grid stability,
requiring more accurate models for forecasting power [3]. Forecasting energy consumption
provides utility companies with knowledge to improve load balancing, cut costs, and make
the grid system more reliable [4]. In industrial and commercial settings, energy waste
needs to be reduced, and real-time analytics and monitoring support demand-responsive
management, especially with considerable energy/power fluctuations [5]. In this respect,
Industry 4.0 has underscored the importance of processed sensor data obtained through
various communication standards, including RS-485. These data acquisition systems obtain
accurate data from power meters, facilitating advanced data processing. In this paper, we
foster the creation of machine learning models to forecast electrical power consumption
from primary data obtained from a custom RS-485 power meter. Random Forest (RF),
Extra Trees (ET), and XGBoost are some of the algorithms we use, while PSO is applied to
improve their performance through optimization of the parameters.

Even though machine learning has made progress in estimating power, there are still
several challenges that need to be studied further. A lot of research does not match up
with how individuals really utilize power, because it is based on simulations or secondary
data [6]. Kahraman et al. [7] emphasized the necessity of recognizing idea drift, concentrat-
ing exclusively on deep learning models. Nonetheless, due to the absence of RS-485-based
source data or the implementation of typical ensemble methods, the majority of the results
remain predominantly theoretical and lack practical applicability. Olcay et al. [8] com-
pared LSTM and RF for solar energy forecasting; however, their study was confined to
renewable datasets, excluded industrial communication protocols, and was inapplicable
to conventional industrial power systems. Chahine [9] showed that tree-based algorithms
yield accurate outcomes; nevertheless, their emphasis was on fault classification instead of
power prediction utilizing industrial-grade primary data. Noppakant and Plangklang [10]
utilized RS-485 for load monitoring in tiny buildings but restricted this to demand-side
control, even without predictive machine learning.

Chen et al. [11] showed SVR’s ability to understand nonlinear relationships by apply-
ing it to understand demand response baselines for offices. However, this study did not
incorporate any industrial data acquisition and hyperparameter tuning. Simaiya et al. [12]
applied LightGBM with transfer learning for smart grid short-term load predictions where
they forecasted energy quite successfully; however, they did not use industrial-grade
communication systems such as RS-485 for real-time data collection. Dong et al. [13]
showed reasonable accuracy of pattern recognition with a K-Nearest Neighbors-based deep
learning model for load forecasting; however, they had a lot of unaddressed integration
issues for industrial environments. These examples illustrate the potential of adopting
a diverse set of machine learning techniques that include SVR, KNN, and LightGBM for
power forecasting, but most of them do not provide structured hyperparameter tuning
and integration with industrial-grade primary data acquisition systems such as RS-485.
Wu et al. [14] used PSO hyperparameter tuning for XGBoost for power forecasting using
publicly available electricity market data. Our study aims to bridge this gap by applying
PSO-optimized ensemble techniques to primary data from RS-485 industrial power meters,
thereby integrating algorithmic optimization with real industrial systems.
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This paper presents several key contributions to the field of electrical power predic-
tion. First, it demonstrates the use of a custom RS-485 power meter to obtain genuine
primary data, as it collects data relevant to industrial processes. Second, it analyzes data
from five common ML algorithms in comparison to XGBoost enhanced by PSO-based
hyperparameter tuning and demonstrates the predictive power of XGBoost. The analysis
takes into account primary data [15] and is guided by the competing interests of accuracy,
robustness, efficiency, and resource allocation. Third, it presents a framework to seamlessly
combine RS-485-based data acquisition and optimized machine learning, thereby providing
a pathway for energy management systems in industrial settings. This work addresses the
knowledge gap by combining PSO-optimized ensemble machine learning models with RS-
485-based industrial primary data and demonstrating notable improvements compared to
the default setup. Unlike Wu et al. [14], who validated PSO-XGBoost on publicly available
data from public datasets, this work combines industrial-level hardware data acquisition,
intelligent hyperparameter tuning, and real-time deployment. We summarize similar
relevant research in Table 1.

Table 1. Similar works.

Research Methods Key Finding Gap

Kahraman et al. [7] Deep learning with
concept drift detection.

Identified importance of
dynamic modeling for
real-time energy consumption

No RS-485 integration; focused
solely on deep learning

Olcay et al. [8] LSTM, Random Forest LSTM outperformed RF for
solar energy forecasting

Limited to renewable
datasets; no industrial
communication protocol

Chahine [9] Tree-based algorithms High accuracy in fault classifica-
tion using ensemble methods

Focused on fault detection, not
power prediction; no primary
data acquisition

Noppakant and
Plangklang [10]

Rule-based demand
response

Effective load monitoring for
small buildings

No predictive ML; limited to
demand-side control only

Chen et al. [11] SVR SVR captures nonlinear
demand response baselines

No industrial data acquisition; no
hyperparameter optimization

Simaiya et al. [12] LightGBM + Transfer
Learning

Effective short-term
load prediction

No RS-485 or industrial-grade
real-time data collection

Dong et al. [13] KNN-based deep learning Reasonable pattern recognition
for load forecasting

Unresolved integration challenges
for industrial environments

Wu et al. [14] PSO-XGBoost PSO-XGBoost effectively
optimizes power price forecasting

Validated on public data only; no
hardware-level data acquisition

This study PSO-XGBoost + RF + ET PSO-XGBoost achieves MAE
0.14 W, RMSE 0.21 W, R2 0.8355

Bridges algorithmic optimiza-
tion with real-time industrial
primary data acquisition

2. Materials and Methods
This study develops a robust methodology to leverage high-resolution primary data

from a custom RS-485 power meter for electrical power prediction using advanced en-
semble machine learning algorithms. The methodology is divided into five key phases:
data acquisition, data preprocessing, model development, framework integration, and
performance evaluation.
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2.1. Data Acquisition

The server acts as the main data processing and storage unit, as all electricity meter
readings are booked into a central database, as depicted in Figure 1. The power meter
measures voltage, current, power factor, and active power. Real-time data communication
from the power meter to a central data logger is facilitated through the reliable, industrial-
grade RS-485 communication protocol [16]. Electricity meter data are transmitted using the
RS-485 communication protocol and then converted into IP-based signals via an RS-485
converter, enabling integration into the factory computer network [17]. Once converted,
data from each distribution substation are forwarded to the network via a Cisco switch
(Cisco Systems, Inc., San Jose, CA, USA) and connected to the central office server. The
IP-formatted data are then processed using Node-RED [18], which performs initial data
handling between the RS-485 converter and the MySQL database. Specifically, Node-RED
performs the following preprocessing steps: data parsing, timestamp assignment, and data
formatting to being written into the MySQL database. In addition, the availability of real-
time data is an advantage, because it enables the development of prediction systems that
can be directly applied to actual monitoring systems and time series-based systems [19].

Figure 1. The power meter monitoring global architecture used Node-RED and the MySQL database
for data handing.

Figure 2 provides an RS-485 wiring diagram. The system starts with the power meter
PM5350 (U1), which monitors and collects data on voltage, current, and power and calcu-
lates frequency. This information is sent through an RS-485 module (U2), which processes
the data and prepares it into the differential signal format (A+, B−) for proper transmission.
For the RS-485 data stream to be accepted by current industrial communication standards,
it has to be converted to Ethernet, allowing communication with industrial servers and data
processors. While the communication architecture follows standard industrial practice, its
integration with a real-time machine learning prediction pipeline in an active manufac-
turing facility without requiring modification of the existing infrastructure represents the
practical deployability contribution of this framework.
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Figure 2. The RS-485 wiring diagram used the physical connections between power meter and
Ethernet converter for data transmission.

2.2. Data Preprocessing

The dataset used was taken from one of the power meters on one day in January 2025.
Considering that the proof of concept was carried out in a production environment, the
measurements only took 135 min and produced 3100 data records. The dataset described in
Table 2 needed to be cleaned, checked for data types, ensured for consistency, and prepared
so the model could use it optimally [20]. This stage includes column conversion, statistical
exploration to understand data distribution, feature transformation and selection, and
spitting the dataset into two parts, features and target. This process ensures that the model
to be tested on the data has never been seen before in order to measure its capabilities
objectively [21]. It is important to note that the training and testing processes use different
data for chronological train-split (shuffle = false), so the model does not learn the same
data during evaluation to avoid overfitting and ensure good generalization [22].

Table 2. Dataset characteristics.

Variable Description Unit/Format Example

id Serial number of each data stored in the database Integer 1, 2, 3

date Indicates when the data was recorded yyyy-mm-dd hh:mm:ss 2025-01-28 07:41:46

meterid Indicates from which power meter was obtained Integer meter_2

power Measured active electrical power value Watt (W) 20.58

voltage Measured electrical voltage value Volt (V) 380.78

current Measured electrical current value Ampere (A) 32.03

freq Measured electrical frequency value Hertz (Hz) 49.98

pwrfactor Measured electrical power factor value [0–1] 0.97

2.3. Proposed Prediction of Electrical Power Consumption

Considering the challenges of predicting electrical power in industrial settings, this
study analyzes various ensemble learning techniques, culminating in the tailored optimized
gradient boosting solution. The framework includes three baseline tree-based ensemble
methods—RF, ET and XGBoost—as well as a PSO-optimized XGBoost model. There are
two reasons for choosing those ensemble techniques: (1) they are all tree-based ensembles
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and can capture the nonlinear characteristics of the data generated by industrial power con-
sumption; (2) there is a stepwise increase in the level of complexity of the algorithms, from
bagging with optimal splits (RF) to randomized split thresholds for further reduction of
variance (ET) to sequential gradient boosting with regularization (XGBoost). This provides
a clear framework to examine the effect of learning algorithms on the predictive ability
for real industrial data. Meanwhile, tree ensemble methods were configured as follows:
Random Forest used n_estimators=100, max_features = ‘sqrt’, and bootstrap sampling
enabled; Extra Trees used n_estimators = 100, max_features = ‘sqrt’, and bootstrap disabled
to maximize randomization; default XGBoost used learning_rate = 0.3, max_depth = 6, and
n_estimators = 100 with reg: squarederror as the objective function.

• Random Forest Regression
Random Forest (RF) is an ensemble learning method that constructs multiple decision
trees during training and outputs the average prediction across all trees [23]. The
algorithm employs bootstrap aggregating (bagging) and random feature selection at
each split to reduce overfitting, as shown in Equation (1). Variable ŷ(x) is the ensemble
prediction, B is the total number of decision trees, and Tb(x) is the prediction of the
b-th decision tree trained. The averaging mechanism is a cornerstone of RF’s variance
reduction ability: by combining predictions from many decorrelated trees trained on
bootstrapped samples, the ensemble mitigates the effects of errors of individual trees.

y(x) =
1
B

B

∑
b=1

Tb(x) (1)

• Extra Trees Regression
Extra Trees (ET) takes Random Forest and incorporates more randomness when
creating trees [24]. Instead of using specific samples of training data and splitting
thresholds based on the best value, Extra Trees uses the entire training dataset and
picks split points at random. This reduces the on training time a lot while keeping the
accuracy of the predictions. This is an important benefit for industrial applications
that need to be done quickly.

• XGBoost Regression
XGBoost is a specific implementation of gradient boosting that takes a pretty good
approach to build trees sequentially [25], where a new tree corrects errors from the
previous tree. XGBoost uses an additive approach with a built-in regularization to
avoid overfitting [26]. As can be seen in Equation (2), the prediction is the sum of the
predictions of all the trees, where K is the total number of trees and fk is the k-th tree.
This mechanism simultaneously reduces bias and controls model complexity, which is
particularly valuable when working with industrial datasets of limited temporal span.

yi =
K

∑
k=1

fk(xi) (2)

• PSO-optimized XGBoost
A swarm of candidate solutions is created in the hyperparameter search space using the
population-based metaheuristic algorithm known as PSO [27]. Each individual in the
swarm adjusts its position based on its own experience and the knowledge of the entire
swarm. The updates made in position and velocity are stated in Equations (3) and (4).
W is the inertia weight, vi is the particle velocity, r1 and r2 are independent random
numbers uniformly, c1 and c2 are acceleration coefficient, pi represents the individual
best position of the particle, and g refers to the best position of the entire swarm. The
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PSO algorithm was implemented using the pyswarm library with a swarm size of
20 particles over 30 iterations, using inertia weight w = 0.5 and cognitive and social
acceleration coefficients c1 = c2 = 0.5. At each iteration, each particle’s candidate
hyperparameter set was evaluated by training an XGBoost model and computing
RMSE via 5-fold cross-validation on the training set, implemented through scikit-
learn’s cross_val_score with neg_mean_squared_error scoring.

vi(t + 1) = w · vi(t) + c1 · r1 · (pi − xi(t)) + c2 · r2 · (g − xi(t)) (3)

xi(t + 1) = xi(t) + vi(t + 1) (4)

2.4. Proposed Framework of Integrating RS-485-Based Data Acquisition with Machine Learning
for Industrial Energy Management

The proposed study builds a three-tier structure combining RS-485-based data ac-
quisition and machine learning for the management of industrial energy, presented in
Figure 3. At the data acquisition layer, an RS-485 power meter records real-time mea-
surements (voltage, current, power, frequency, and power factor) for the measurements
to be converted to IP-based protocols via an RS-485 converter for incorporation into the
network [28]. At the processing layer, Node-RED is used for data filtering and formatting,
and the preprocessed data are stored in a MySQL database to ensure accessibility in a
structured manner [29]. At the prediction layer, coupled with PSO-based hyperparameter
optimization, XGBoost and other ensemble methods synthesize a prediction of future
industrial power consumption and assist energy management and operational decision
making for industrial purposes [30]. This modular structure facilitates the addition of other
industrial IoT systems using standard communication protocols, and it serves as a tangible
example for the use of predictive models in an industrial environment to support load
forecasting, predictive maintenance, and energy optimization, among others [31].

Figure 3. RS-485 framework for machine learning integration.
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2.5. Performance Evaluation

To comprehensively assess the predictive performance of the proposed models, three
standard regression metrics were employed: MAE, RMSE, and coefficient of determination
(R2) [32]. MAE measures the average magnitude of prediction errors without consid-
ering their direction, following Equation (5). The n variable is the number of samples,
yi is the actual value, and yi is the predicted value. Lower MAE values indicate better
prediction accuracy.

MAE = 1
n

n

∑
i=1

|yi − yi| (5)

RMSE quantifies the standard deviation of prediction errors, giving more weight to
larger errors through squaring, following Equation (6). RMSE serves as a critical comple-
mentary metric that reveals the model’s sensitivity to extreme prediction failures beyond
what average error measures alone can capture. RMSE is particularly sensitive to outliers
and provides error magnitude in the same units as the target variable.

RMSE =

√√√√ 1
n

n

∑
i=1

(yi − yi)
2 (6)

The coefficient of determination (R2) measures the proportion of variance in the depen-
dent variable that is predictable from the independent variables, as shown in Equation (7).
The R2 ranges from 0 to 1, with values closer to 1 indicating superior model fit.

R2 = 1 − ∑n
i=1(yi−yi)

2

∑n
i=1(yi−y)2 (7)

3. Results
3.1. Experiment Setup

Python version 3.8 was used for implementation of ET and RF in Scikit-learn and
gradient boosting in the XGBoost library v3.2.0. Data collection was carried out using
custom written Python scripts that interfaced with an RS-485 power meter via Modbus
and stored data in a MySQL database for optimized querying and storage scalability. PSO
optimization for tuning eight XGBoost hyperparameters was done using the pyswarm
library and five-fold cross-validation. The prediction model was served using the Flask
framework to allow real-time communications [33] and was integrated with the company’s
ERP system over the local network to provide operational teams and management with
centralized system alerts and predictive insights. It should be noted that the prediction
task in this study is formulated as a simultaneous regression problem, where active power
at each time step is predicted from electrical parameters measured at the same instant:
voltage, current, frequency, and power factor.

3.2. Data Analysis

Figure 4 shows an analysis of the electrical power consumption dataset from four
different angles. It allows for the identification of characteristics, relational attributes, and
time attributes that could assist in future modeling activities. In Figure 4a, the box plot data
distributions in Power vs. Current data measure construction verify that average power
consumption is 18.53 W with a 1.26 W standard deviation, while current average is 28.39 A
with a standard deviation of 2.16 A. Power (IQR of approximately 2.5 W) is less variable
compared to current (IQR of approximately 5 A). In Figure 4b, a matrix of correlations is
created to show the linear correlation of data for electrical parameters, which is the premise
of the correlation equations for each set. Figure 4c shows the Power vs. Current chart. The
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slope of the line is 0.57, meaning that, in an average case, an increase of 0.57 watts can
be expected for each increase in power of 1 amp, caused by the voltage and power factor.
Figure 4d time series displays dynamics voltage in steady industrial grid conditions.

Figure 4. Electrical power consumption dataset.

3.3. Predictive Performance of Models for Electrical Power Consumption
3.3.1. Comparison of Models Performances

Figure 5a shows RF predictions over 650 test samples. The x-axis represents the
sample index of the test set sorted by ascending actual power value (rather than temporal
order) to facilitate visual comparison of prediction accuracy across models, while the y-
axis represents active power in watts. The model has MAE = 0.33 W, RMSE = 0.40 W, and
R2 = 0.4045. This means RF accounts for only 40.5% of power variance. The predicted line is
quite zigzagged which means it has likely overfitted to the noise of the training data and not
the signal. The moderate R2 signal shows that, with the right hyperparameter optimization,
it could be made much better. For ET, its performance in Figure 5b is evidently better, with
MAE = 0.27 W, RMSE = 0.33 W, and R2 = 0.5915. This shows 18.2% less MAE and 15.2%
more R2 when compared to Random Forest, which is a notable improvement. The reason
ET performs better than RF is that it uses a random splitting threshold rather than optimal
splits at each node, and that is more random, which serves as a sort of regularization to
help the model generalize better. ET decreases segregation for a little more bias.

The default hyperparameter settings of the XGBoost model in Figure 5c show further
improvement in performance with scores of MAE = 0.24 W, RMSE = 0.34 W, and R2 = 0.5746.
Although the RMSE of the current XGBoost model is slightly higher than the ET model at 0.34 W
compared to 0.33 W, and the 11.1% MAE reduction provides evidence of improved performance,
especially in ordinary predictions with no severe errors. XGBoost outperforms ET and RF due
to important differences in their underlying algorithms. Whereas ET and RF train independent
trees and then average the predictions from the trees, XGBoost uses sequential boosting, in which
each new tree is specifically designed to target the residual errors from the current ensemble.
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Figure 5. Actual and power prediction comparison.

The learning rate of 0.3 and six levels of depth and 100 estimators of XGBoost demon-
strate a good combination of models to allow for hyperparameter adjustments to be made.
The consolidated view of all models in Figure 5d presents all predicted power trajectories in
a single graph. The primary insights from the baseline comparison indicate that XGBoost’s
gradient boosting framework consistently exceeds the performance of bagging-based meth-
ods, which justifies its selection as a basis for further optimization.

3.3.2. Performance of PSO-Optimized XGBoost

Figure 6 shows the success of PSO-XGBoost hyperparameter tuning using two distinct
analyses: PSO convergence behavior and error distribution. Figure 6a shows the PSO conver-
gence trajectory for three different metrics for all 30 iterations. The Mean Absolute Error (MAE)
denoted by the blue line shows a significant drop of 0.20 W in the first five iterations, from
0.35 W to 0.15 W. This convergence shows PSO’s parallel search approach, as 20 particles are
assessing different hyperparameter sets, sharing information about the hyperparameter sets
the swarm should investigate further. The R2 score illustrates positive development, increasing
from roughly 0.80 at iteration 0 to 0.84 at iteration 5. It then levels off at 0.8355. The overall
increase from PSO optimization has R2 values increasing the power of explained variance from
80 to 83.6, decreasing the unexplained variance by 17.8% from the initial default position.

The convergence characteristics highlight two distinct features of the PSO optimiza-
tion process: (1) The early period of improvement is from 0 to 5 iterations. This period
shows how effective PSO is by demonstrating how quickly it is able to find the promising
hyperparameters for the swarm by doing a parallel search and sharing the information.
(2) The long plateau phase from iterations 5 to 30 signifies a complete true exploitation of
a given status. This is the gray box for the final optimized results (0.14 W MAE, 0.21 W
RMSE, and R2 0.8355), which should be considered for a new benchmark performance
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setting. It shows 41.7%, 38.2%, and 45.4% improvement, respectively. PSO is able to find
a hyperparameter set that definitively enhances predictive accuracy and stays within the
parameters of what is computationally feasible for actual industrial use.

Figure 6. Performance improvement with PSO optimization. (a) PSO convergence. (b) Error distribu-
tion comparison.

Figure 6b indicates distributions of error for default XGBoost and PSO-optimized
XGBoost. The error distribution for default XGBoost (the orange curve) is widespread,
centered around negative values, with a standard deviation of σ = 0.279 W, indicating a
notable range of variability of the predictions. The PSO-optimized XGBoost distribution,
on the other hand, has error metrics that are significantly better in two important respects:
(1) a 32.3% reduction in error variability, as evidenced by the more tightly concentrated
distribution around zero, and (2) a more defined peak that is centered around zero, which
indicates that the optimized predictions are, in fact, more closely scattered to the values
that are true given no systematic forecasting bias.

Table 3 presents the optimal hyperparameter values identified by PSO alongside
the default values and performance impact interpretations. The learning_rate decreased
dramatically from 0.3 to 0.0847, implementing slower but more stable gradient descent
steps that enable finer-grained error minimization without overshooting optimal configura-
tions. The max_depth maintained its default value of 6, suggesting this tree depth already
represents an optimal balance between model complexity and specific prediction task.

Table 3. Optimal hyperparameters identified by PSO.

Hyperparameter Default Value PSO-Optimized Value Impact on Performance

learning_rate 0.3 0.0847 Slower more stable learning

max_depth 6 6 Maintained optimal complexity

n_estimators 100 487 Increased ensemble robustness

subsample 1 0.78 Enhanced generalization

colsample_bytree 1 0.85 Reduced feature correlation

gamma 0 1.23 Conservative splitting

reg_alpha (L1) 0 0.34 Moderate L1 regularization

reg_lambda (L2) 1 0.56 Balanced L2 penalty
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Table 4 demonstrates that PSO optimization yields substantial quantitative improvements
over the default XGBoost baseline: a 41.67% reduction in MAE (from 0.24 W to 0.14 W), a
38.24% reduction in RMSE (from 0.34 W to 0.21 W), and a 45.40% improvement in R2 (from
0.5746 to 0.8355). These gains confirm the effectiveness of PSO-based hyperparameter tuning
in enhancing predictive accuracy for industrial power consumption prediction. This significant
improvement validates the compound benefits of: (1) algorithmic sophistication, (2) built-in
regularization, and (3) systematic hyperparameter optimization (PSO).

Table 4. Performance comparison PSO-optimized XGBoost.

Model MAE
(W) RMSE (W) R2 Improvement

Random Forest 0.33 0.40 0.4045 -

Extra Trees 0.27 0.33 0.5915 -

XGBoost 0.24 0.34 0.5746 Baseline

PSO-XGBoost 0.14 0.21 0.8355
+41.67% MAE

+38.24% RMSE
+45.40% R2

3.3.3. Error Distribution Analysis

Figure 7 presents an analysis of the error distributions of the four prediction mod-
els: RF, ET, XGBoost, and PSO-XGBoost. In Figure 7a, RMSE = 0.40 W and standard
deviation = 0.2719 W for RF show that the predictions can vary quite a bit, and the error
distribution for RF is almost symmetric. This shows that there is a small bias regarding
underprediction, as the average error is −0.2952 W. The RMSE is 0.40 W, with standard
deviation of 0.2719 W, and ET has an RMSE of 0.33, which is better than RF, but the average
error is −0.2431, so there is still a small bias toward underprediction. However, ET is a
more consistent predictor with fewer large errors. Yes, I have moved on to the next step.

 

Figure 7. Error distribution analysis: comprehensive comparison.
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Figure 7c shows XGBoost achieving additional improvements, with an average error
of −0.1924 W and standard deviation of 0.2794 W. The error distribution is almost normal,
and the model has a better metric of error balance. Figure 7d presents PSO-XGBoost as
the highest achiever, resulting in an average error of −0.0935 W and the lowest standard
deviation of 0.1891 W and the best RMSE of 0.21 W. Figure 7e shows the statistical summary
provided by the box plots. PSO-XGBoost having the least Interquartile Range (IQR) sug-
gests that its predictions are the most concentrated. Lastly, Figure 7f presents cumulative
distribution functions (CDFs) for the absolute prediction error.

3.4. Comparison with Other Common Machine Learning

Table 5 summarizes the total quantitative performance metrics of the seven models
evaluated in the study, while Figure 8 illustrates PSO-XGBoost alongside the traditional
ML algorithms SVR, LightGBM, and KNN. In SVR’s case, predictive performance was
reasonable, reflected by a MAE of 0.20 W, RMSE of 0.34 W, and an R2 of 0.5649. Figure 8a
shows that SVR accounted for 56.5% of the variation in power consumption. Among the
additional algorithms, LightGBM, featured in Figure 8b, surpassed SVR, having a MAE of
0.25 W, RMSE of 0.32 W, and an R2 of 0.6174. LightGBM is the best-performing baseline of
the additional algorithms and second best overall, after default XGBoost.

Table 5. Performance comparison of PSO-XGBoost with other ML models.

Model MAE (W) RMSE (W) R2

XGBoost 0.24 0.34 0.5746

PSO-XGBoost 0.14 0.21 0.8355

Random Forest 0.33 0.40 0.4045

Extra Trees 0.27 0.33 0.5915

SVR 0.20 0.34 0.5649

LightGBM 0.25 0.32 0.6174

KNN 0.40 0.52 −0.0135

 

Figure 8. Performance comparison with common ML methods.
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Figure 8c shows that KNN demonstrates the least performance, with a MAE of 0.40 W,
RMSE of 0.52 W, and a negative R2 of −0.0135. This negative R2 implies that KNN’s
predictions are less useful than predicting the mean of the power consumption values.
Among the additional methods, LightGBM has an error distribution with the least mean
of −0.219 W and smallest standard deviation of σ = 0.236 W, which is a measure of error
dispersion. In the least favorable error distribution of the three methods, KNN displayed
a mean of −0.225 W and the greatest variability in standard deviation with σ = 0.473 W,
which is in Figure 8f. Overall, PSO-XGBoost is compared to SVR, LightGBM, and KNN,
which scales to an overall evaluation of PSO-XGBoost’s power consumption modeling.

4. Discussion
The value of R2 of 0.8355 is the highest value reported in the literature for power

prediction using ensemble-based techniques. For example, Simaiya et al. [12] reported
an accuracy comparable to that of using LightGBM with transfer learning on smart grid
datasets, but their methodology is limited, as they use public data with no industrial-grade
primary data collection. Similarly, Wu et al. [14] also used PSO-XGBoost for forecasting
electricity prices but with public market data and reported results comparable to our
baseline XGBoost. However, we went further by confirming PSO-XGBoost using real-time
RS-485 primary data in a manufacturing setting. In our work, the SVR model achieved
R2 of 0.5649, which is comparable to Chen et al. [11], who also used SVR for the baseline
demand response for office buildings and acknowledged the model’s ability to capture
nonlinearities, though it is also highly dependent on the tuning of the hyperparameter. The
R2 of −0.0135 of KNN was very low and is consistent with the findings of Dong et al. [13],
who reported the difficulties in using KNN in heterogeneous industrial systems. The
findings from these studies further confirm that gradient boosting with hyperparameter
optimization is the best approach for industrial power prediction problems with moderate
nonlinearity and variability in operations. The Flask-based REST API architecture enables
seamless integration with ERP systems for real-time alerts, while the modular three-tier
design allows independent scaling of each layer. This capability is especially important for
smart manufacturing, which is largely concerned with the elimination of downtime and
the optimization of energy use.

This study is primarily limited by the time frame and single site data collection.
One manufacturing site means limited operational variability and even more restricted
longitudinal load variation. Additionally, the current version of this framework is not
able to self-adapt to the predictive concepts from equipment changes or changes in the
production schedule, which means predictive performance for long-term deployments will
gradually decline.

5. Conclusions
This paper describes the effective framework for predicting electrical power con-

sumption using an RS-485 power meter integrated with a machine learning algorithm
optimized by PSO. The experimental results show that the PSO-optimized XGBoost model
outperforms all baseline models, achieving a MAE of 0.14 W, RMSE of 0.21 W, and R2 of
0.8355. Compared to the default XGBoost, these results show 41.67% MAE improvement,
38.24% RMSE improvement, and 45.40% improvement in R2. The PSO optimization process
proved to be successful by having optimum hyperparameters within the first five iterations
and remaining within realistic constraints for industrial use. However, this study has
a number of shortcomings that need to be addressed. The dataset is based on a single
manufacturing site and one operational period. Therefore, the model was not able to learn
the seasonal and operational changes that would occur over the long term within and
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across manufacturing sites. Furthermore, the framework currently only delivers predictive
analytics and therefore does not provide recommendations on the timing of maintenance or
the procurement of energy. Future efforts should explore ways to integrate the framework
with digital twin systems and a hybrid deep learning ensemble approach to transform the
framework from a predictive monitoring system into a fully autonomous industrial energy
management system.
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ML Machine Learning
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LightGBM Light Gradient Boosting Machine
SVR Support Vector Regression
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MAE Mean Absolute Error
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ERP Enterprise Resource Planning
KDE Kernel Density Estimate
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