Arabian Journal for Science and Engineering
https://doi.org/10.1007/s13369-026-11143-y

RESEARCH ARTICLE-ELECTRICAL ENGINEERING l‘)

Check for
updates

Time-Aware Machine Learning for Biomass Power Output Estimation
Using SCADA Data

2

Ezgi Giiney'® - Memnun Demir

Received: 19 October 2025 / Accepted: 3 February 2026
© The Author(s) 2026

Abstract

Accurate short-term estimation of electrical power output in biomass power plants remains challenging due to the
nonlinear and dynamically coupled nature of thermochemical conversion processes, fuel heterogeneity, and pro-
nounced thermal inertia. Conventional physics-based models, while effective for steady-state analysis, often fail to
capture the high-frequency dynamics required for real-time monitoring and decision-support applications. This study
proposes a data-driven framework for short-term power output estimation using high-resolution Supervisory Con-
trol and Data Acquisition (SCADA) data collected from an operational industrial biomass power plant. A large-
scale SCADA dataset comprising several hundred thousand time-stamped records is used to model the relationship
between seven key thermodynamic and operational variables and net electrical power output. Multi-layer perceptron
(MLP), random forest (RF), gradient boosting regressor (GBR), and support vector regression (SVR) are evaluated under two
distinct validation strategies: (i) a conventional random train—test split and (ii) a temporally blocked cross-validation scheme
preserving causal order. Under random sampling, RF attains the highest apparent accuracy (R*> = 0.9687), whereas MLP
exhibits lower performance (R? = 0.8492), highlighting sensitivity to instantaneous regression assumptions. When temporal
continuity is enforced, predictive performance improves consistently across all models. In the blocked validation stage, GBR
and RF achieve R? values of 0.9983 and 0.9973, respectively, while MLP demonstrates a substantial performance increase
(R? = 0.9865). Time-domain analysis further reveals that ensemble-based models provide smoother tracking of short-term
fluctuations, whereas temporally aligned evaluation significantly improves the physical consistency of neural network pre-
dictions. These results demonstrate that temporally consistent validation is essential for reliable SCADA-based modeling of
biomass power generation and provide a practical foundation for real-time monitoring and decision-support applications in
industrial biomass power plants.
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1 Introduction

The global transition toward sustainable, low-carbon, and
resource-efficient energy systems has significantly increased
the strategic importance of renewable power generation tech-
nologies. In this context, biomass-based power plants occupy
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a distinctive position by enabling the conversion of agricul-
tural residues, forestry waste, and organic by-products into
dispatchable electrical energy, thereby supporting circular
economy principles while contributing to grid stability and
energy security [1-3]. Unlike intermittent renewable sources
such as wind and solar, biomass power plants can provide
controllable and continuous generation, making them par-
ticularly valuable for balancing power systems with high
renewable penetration [4].

Despite these advantages, biomass power generation sys-
tems are characterized by substantial operational complexity.
Electricity production relies on multistage thermochemical
conversion processes involving fuel preparation, combus-
tion, steam generation, and turbine-driven power conversion.
These stages are strongly coupled and governed by pro-
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nounced thermal inertia, nonlinear interactions, and delayed
system responses [5—7]. Variations in key process variables,
such as steam flow rate, boiler pressure, and combustion
conditions, therefore do not instantaneously translate into
changes in electrical output. Instead, their effects propagate
through the system over finite time intervals, resulting in
temporally dependent and dynamically evolving behavior.
Fuel heterogeneity, including variations in moisture content,
ash composition, and calorific value, further amplifies this
complexity by introducing stochastic disturbances that affect
combustion stability and downstream conversion efficiency
[8].

Traditional physics-based models have been extensively
used to describe biomass power plants, particularly for
steady-state analysis and design optimization [9]. However,
such models often require detailed system knowledge and are
computationally demanding, which limits their applicability
for high-frequency monitoring, fast operational diagnostics,
and real-time decision-support applications. In recent years,
machine learning (ML) and deep learning (DL) techniques
have emerged as powerful alternatives for data-driven mod-
eling of complex energy systems. While solar photovoltaic
and wind power forecasting have achieved rapid performance
gains due to relatively direct relationships between environ-
mental drivers and power output [10-13], biomass power
plant modeling remains more challenging. This difficulty
arises primarily from delayed causality, feedback-controlled
dynamics, and strong process coupling inherent to boil-
er—steam—turbine subsystems [14, 15].

Despite the growing body of ML- and DL-based studies
in biomass power plant applications, short-term estimation
of net electrical power output under realistic industrial oper-
ating conditions remains insufficiently addressed. Existing
research has predominantly focused on intermediate pro-
cess variables, such as combustion-related indicators, virtual
sensing of flue-gas characteristics, vision-based combustion
state assessment, or upstream fuel property prediction, rather
than directly modeling the temporally evolving power con-
version chain. Moreover, a substantial portion of the literature
continues to rely on regression formulations and evaluation
strategies that implicitly assume instantaneous input—out-
put relationships and independent, identically distributed
samples. When applied to high-frequency Supervisory Con-
trol and Data Acquisition (SCADA) data, such practices
frequently involve random train—test splitting, which vio-
lates temporal causality and leads to systematic information
leakage. As a result, reported performance metrics may sub-
stantially overestimate true predictive capability and fail to
reflect real-time deployment conditions.

Consequently, a clear research gap exists at the inter-
section of short-term net power output modeling, tempo-
ral dependency-aware feature representation, and causally
consistent validation strategies using real-field industrial
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SCADA data. To address these gaps, this study makes the
following key contributions:

e A systematic comparison of random sampling and tem-
porally blocked validation strategies for biomass power
output estimation using high-frequency SCADA data.

e A quantitative and time-domain demonstration of the
impact of temporal information leakage on apparent
model performance.

e An evaluation of lag-aware ML models that incorporate
delayed system responses without altering core learning
architectures.

e The provision of a physically consistent and practically
applicable modeling framework suitable for real-time
monitoring, anomaly detection, and decision-support
applications in industrial biomass power plants.

The remainder of the paper is organized as follows. Section
2 describes the case study, data acquisition, pre-processing,
and modeling methodology. Section 3 presents and discusses
the results obtained under both evaluation stages. Finally,
Sect. 4 concludes the paper and outlines directions for future
research.

1.1 Related Work on ML/DL-Based Modeling of
Biomass Power Plants

From a ML/DL perspective, the biomass literature has pro-
gressed along several complementary directions, yet with a
notable emphasis away from short-term net electrical power
estimation. A prominent research thread focuses on soft sens-
ing and virtual sensing of combustion-related variables that
are difficult to measure reliably or exhibit significant mea-
surement lag, such as flue gas oxygen content and other com-
bustion quality indicators. Recent studies demonstrate that
DL architectures, particularly LSTM-based predictors and
hybrid optimization frameworks, can act as surrogate sen-
sors to provide more timely feedback for combustion control
and efficiency enhancement [ 16—18]. While these approaches
confirm the strongly nonlinear and history-dependent nature
of boiler combustion dynamics, they predominantly target
intermediate process variables rather than the net electrical
power output of the plant.

Another important direction involves the enrichment of
conventional measurements with high information content
signals, most notably through vision-based DL. Image-based
neural network models have been employed to complement
standard operational measurements with real-time flame
imaging in order to capture fast combustion dynamics that
are not fully reflected in SCADA data [19]. More recent
work extends this concept to the characterization of combus-
tion regimes and thermal power states, including biomass
co-combustion scenarios, using convolutional neural net-
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work (CNN)-based pipelines [20]. Although these studies
highlight the potential of DL to capture rapid combustion
phenomena, their primary modeling targets typically remain
thermal power or combustion state rather than short-term net
electrical power delivered by the plant.

A third major body of research concentrates on fuel-
centric prediction tasks, such as estimating the Higher
Heating Value (HHV) of biomass fuels from proximate and
ultimate analyses. Comparative studies report strong perfor-
mance of ensemble-based and kernel-based ML models for
HHYV prediction, supporting their use in upstream fuel char-
acterization and supply-chain planning contexts [21, 22].
However, despite their relevance for fuel assessment, these
approaches do not directly address the operational, time-
dependent power conversion chain in industrial biomass
power plants.

Despite this expanding body of ML/DL-based research,
short-term power output estimation in industrial biomass
power plants remains subject to two recurring limitations.
First, many studies continue to rely on regression formu-
lations that implicitly assume instantaneous input—output
relationships and independent, identically distributed sam-
ples, even when high-frequency SCADA data are available
[23, 24]. Second, and more critically for real-world deploy-
ment, a substantial portion of the literature evaluates model
performance using random train—test splits. In time-ordered
datasets, such practices violate temporal causality and can
induce systematic information leakage, leading to overly
optimistic performance estimates that are not reproducible
under real operating conditions [25, 26]. This issue is well
documented in the time-series evaluation literature, where
blocked or otherwise time-respecting cross-validation strate-
gies are recommended to preserve causal order and obtain
robust generalization error estimates [27, 28]. Beyond clas-
sical time-series settings, data leakage has also been shown
to materially distort performance claims in applied model-
ing studies when splitting strategies mishandle dependence
structures or repeated measurements [29].

2 Methodology
2.1 Case Study Description

This study was conducted at a medium-scale biomass power
plant with an installed capacity of approximately 10 MW,
located in the Sinop Organized Industrial Zone, Turkey. The
facility operates under real industrial conditions and provides
arepresentative case for evaluating data-driven power output
estimation using high-frequency operational data.

The plant primarily utilizes forest residues, including
wood chips, bark, and root biomass, together with agri-
cultural by-products originating from the wood-processing

industry. Prior to combustion, the biomass feedstock under-
goes size reduction, drying, and, when required, homoge-
nization to ensure stable and controlled combustion behavior.
The plant operates according to a conventional Rankine cycle
and consists of four main subsystems: the fuel handling sys-
tem, the water—steam system, the gas system, and the steam
turbine system. High-pressure steam, typically generated at
approximately 61 bar and 500-600 °C, is expanded in the
steam turbine to convert thermal energy into mechanical
power and subsequently into electrical energy. All major
process variables and electrical output parameters are contin-
uously monitored and recorded through a SCADA system.

2.2 Data Acquisition and Variable Set

Operational data were obtained from the SCADA system of
the biomass power plant. The dataset consists of 337,856
time-stamped records collected from plant-wide sensors
monitoring key thermodynamic and operational parameters.
This high-resolution dataset enables statistically robust rep-
resentation of plant behavior and supports detailed analysis
of short-term dynamics under real operating conditions. The
dataset includes seven input variables and one output variable
corresponding to the net electrical power output. The units,
physical meanings, and operational relevance of all variables
are summarized in Table 1.

These parameters represent critical process indicators that
directly or indirectly influence power generation perfor-
mance in biomass-based energy systems. All variables were
synchronized using their time stamps to preserve tempo-
ral continuity. Missing values and anomalous measurements
were identified and handled during the pre-processing stage
to ensure data integrity prior to model development.

Fuel-related properties, such as moisture content and
chemical composition, were not included as direct model
inputs due to the absence of real-time SCADA measure-
ments. In practical plant operation, these properties are
indirectly regulated through operator-controlled fuel blend-
ing strategies to maintain stable combustion conditions.
Within the considered operational window, their short-term
impact on electrical power output is therefore assumed to
be limited. The multivariate SCADA time-series structure
employed in this study is illustrated in Fig. 1, which presents
the temporal evolution of the seven process variables together
with the electrical output power.

During the observation period, the plant operated pre-
dominantly under stable production conditions, with the
output power maintained within a narrow range of approx-
imately 8-9 MW. Superimposed short-term fluctuations
reflect routine operational adjustments and inherent combus-
tion dynamics. The process variables exhibit heterogeneous
dynamic behavior. Boiler pressure and temperature remain
within relatively narrow bounds due to regulatory control,
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Table 1 Description of process

parameters, units, and Parameter Unit Explanation
operational explanations used in Steam flow rate Ton/h Primary load indicator
the study Boiler temperature °C Thermal efficiency constraint
Furnace internal vacuum Bar Ensures stable combustion and prevents gas leakage
Boiler pressure Bar Turbine inlet condition
Drum level mmH,O Boiler safety and stability
Deaerator level % Feedwater conditioning
Flue gas O % O3 Combustion efficiency
Output power MW Target variable

whereas steam flow rate, flue gas oxygen concentration, and
furnace internal vacuum display more pronounced short-
term variability associated with combustion dynamics and
control actions. Level-based measurements, including drum
and deaerator levels, show quasi-periodic patterns consistent
with feedback-regulated operation. Notably, several input
variables exhibit clear temporal co-movement with the out-
put power, indicating delayed and coupled system responses
rather than instantaneous cause—effect relationships. This
multivariate temporal structure confirms the presence of
strong sequential dependency and process memory, provid-
ing a physically meaningful basis for short-term power output
estimation using lag-aware feature engineering and tempo-
rally consistent validation strategies.

2.3 Correlation and Linearity Screening

Prior to model training, correlation and linearity analyses
were conducted to evaluate inter-variable dependency and
potential redundancy within the input space. Such analy-
ses are commonly employed in energy forecasting studies
to guide input feature selection and ensure that predictive
models rely on variables that are both statistically relevant
and physically meaningful [30]. Pearson correlation coeffi-
cients were computed between all input variables and the
electrical output power. The resulting correlation structure is
visualized using a Pearson correlation heatmap, as shown in
Fig.2.

The analysis indicates that steam flow rate exhibits the
strongest positive correlation with output power, which
is consistent with thermodynamic expectations for Rank-
ine cycle-based biomass power plants. Several boiler-
related variables also demonstrate moderate to strong inter-
correlations, reflecting the tightly coupled nature of thermo-
fluid processes. Variables exhibiting weak linear correlation
with output power were retained, as their influence may
manifest through nonlinear relationships or delayed system
responses rather than direct instantaneous effects.

To further examine the structural form of the input—out-
put relationships, scatter-based linearity screening was per-
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formed for the most influential variables, as illustrated in
Fig.3. Steam flow rate shows a clear positive trend with
output power; however, the observed dispersion around
the regression line suggests that purely linear modeling is
insufficient to fully explain output variability. In contrast,
variables such as boiler temperature and deaerator level
display horizontally clustered distributions with near-zero
slopes, confirming their limited direct influence on short-
term power modulation. Collectively, these screening results
indicate that linear modeling assumptions are inadequate and
motivate the adoption of nonlinear learning approaches com-
bined with lag-aware feature design to capture delayed and
coupled system dynamics.

2.4 Data Pre-processing, Resampling, and Temporal
Dependency Analysis

To ensure numerical stability and comparability across vari-
ables with different physical units, all input and output
variables were normalized to the [0,1] range using Min—-Max
scaling. Normalization parameters were derived exclusively
from the training data to prevent information leakage dur-
ing model evaluation [25]. Given the high-frequency nature
of the SCADA measurements, multiple resampling strate-
gies were examined to ensure compatibility with different
learning algorithms and to balance noise reduction with
information preservation. Accordingly, four datasets were
constructed:

(i) ahigh-resolution 1 s dataset using forward-filled imputa-

tion to preserve transient dynamics,

(i) a 1 min mean-resampled dataset to reduce measurement
noise while retaining dominant process trends,

(iii) a 5 min mean-resampled dataset primarily used for
exploratory visualization, and

(iv) a1 min median-resampled dataset to improve robustness
against sporadic sensor spikes.
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Fig.1 Multivariate time-series representation of SCADA measurements, including seven process variables and the electrical output power

Across all strategies, the proportion of imputed samples
remained below 2%, indicating high data availability and
reliable SCADA acquisition.

To assess the impact of temporal aggregation, a tempo-
ral reconstruction analysis was performed by comparing the
raw 1s boiler pressure signal with its resampled counter-
parts at different resolutions. As illustrated in Fig.4, the 1
min mean and 1 min median resampling strategies preserve
the dominant dynamics of the raw signal, whereas 5 min
aggregation attenuates short-term transients and suppresses
high-frequency variations. Based on this analysis, 1 min
mean resampling was selected as the primary pre-processing
strategy for subsequent supervised learning, providing a
balanced trade-off between noise reduction and temporal
fidelity.

Industrial SCADA data inherently exhibit time-series
characteristics, where observations at time t are statistically
dependent on prior system state ( — 1, r—2, ...) [15,24].In

biomass power plants, such dependencies arise from thermal
inertia, transport delays, and closed-loop control mecha-
nisms. To explicitly characterize these temporal dynamics
and inform feature design, Autocorrelation Function (ACF)
and Partial Autocorrelation Function (PACF) analyses were
conducted for the output power and selected process vari-
ables [28]. The correlograms, evaluated over lag horizons
up to 60 min and shown in Fig. 5, indicate strong short-term
persistence and delayed system responses.

The observed autocorrelation and partial autocorrelation
patterns confirm that the assumption of independent sam-
ples is not valid for the considered SCADA time series.
Accordingly, lagged representations were incorporated into
the model input space. Specifically, lag-1 and lag-2 features
were selected to enable ML models to capture delayed and
coupled system responses while preserving causal consis-
tency and avoiding the inclusion of future information.
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2.5 Machine Learning Models

Four supervised ML models were evaluated for regression-
based power output estimation: multi-layer perceptron (MLP),
random forest (RF), gradient boosting regressor (GBR), and
support vector regression (SVR) with a radial basis function
kernel. These models were selected due to their demon-
strated ability to capture nonlinear input—output relationships
in complex energy systems.

MLP represents a widely used baseline neural network
model for short-term power prediction tasks [31]. While
MLPs are effective in approximating nonlinear mappings,
conventional feedforward architectures do not inherently
encode temporal dependencies, which can limit their per-
formance in systems characterized by delayed physical
responses. RF is an ensemble learning method that com-
bines multiple decision trees trained in parallel through
bootstrap sampling and random feature selection, providing
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robustness against noise and variance in industrial datasets
[21]. However, temporal causality is not explicitly repre-
sented in the RF structure, which may reduce predictive
reliability in strongly auto-correlated time-series data. In
contrast, GBR constructs decision trees sequentially, with
each learner correcting the residual errors of its predecessor.
This iterative optimization process enables more accurate
representation of complex nonlinear and regime-dependent
behavior, making GBR particularly suitable for thermody-
namically coupled energy conversion processes [21]. SVR
employs a kernel-based framework to perform nonlinear
regression in a high-dimensional feature space using an

e-insensitive loss function. Although SVR exhibits strong
generalization capability, its performance is sensitive to
kernel selection and hyperparameter tuning, especially in
noisy industrial environments [22]. Together, these mod-
els represent complementary neural, ensemble-based, and
kernel-based learning paradigms, enabling a systematic com-
parison of nonlinear regression strategies for biomass power
output estimation.

@ Springer
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2.5.1 Stage I: Baseline Evaluation

Stage I establishes a non-time-aware baseline using conven-
tional regression-based ML models. In this stage, the SCADA
dataset is randomly shuffled and partitioned into training and
test subsets using an 80:20 split. This evaluation strategy
reflects common practice in data-driven energy modeling,
where samples are treated as independent and identically dis-
tributed for baseline performance assessment.

All input variables are normalized prior to model training
to ensure numerical stability and to avoid dominance effects
arising from differing variable scales. The four ML models
are trained exclusively on the training subset, while the test
subset is reserved for out-of-sample evaluation. Model hyper-
parameters are optimized using grid search applied solely to
the training data to avoid information leakage.

2.5.2 Stage lI: Blocked Cross-Validation

In Stage II, the same ML models are evaluated within
a time-aware learning framework. While the underlying
learning algorithms remain unchanged, temporal consis-
tency is explicitly enforced through data partitioning and
feature design. The dataset is divided into training, vali-
dation, and test subsets using a blocked splitting strategy
composed of contiguous, non-overlapping time segments.
This approach preserves chronological order and ensures
that models are trained exclusively on historical data and
evaluated on future operational periods, thereby maintaining
causal consistency [25]. Temporal dependency is incorpo-
rated through lag-based feature augmentation. Selected input
variables, together with the output power, are expanded with
delayed representations at# — 1 and t —2, chosen based on the
physical response characteristics of the boiler—steam—turbine
system and prior temporal dependency analysis. Hyperpa-
rameter optimization is performed using only the training and
validation blocks, while the test block remains fully isolated
to provide an unbiased assessment of predictive performance
under time-consistent conditions.

2.6 Performance Metrics

Reliable evaluation of power output estimation models
requires performance metrics that accurately quantify pre-
diction errors while remaining relevant under real industrial
operating conditions. Biomass power generation is character-
ized by continuous-valued outputs and temporal variability
arising from thermodynamic inertia, fuel heterogeneity, and
closed-loop control actions. Accordingly, model assessment
should capture both explanatory capability and absolute pre-
diction error magnitude.

In this study, model performance in both Stage I and Stage
II is evaluated using three complementary metrics: the Coef-
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ficient of Determination (Rz), Mean Squared Error (MSE),
and Mean Absolute Error (MAE), which are widely adopted
in short-term power forecasting and renewable energy mod-
eling studies [26]. The R? metric measures the proportion
of variance in the measured power output explained by the
model and provides an indication of goodness of fit.

MSE quantifies the average squared deviation between
predicted and measured values, penalizing larger errors more
strongly and thereby emphasizing deviations that may have
operational consequences. In contrast, MAE represents the
average absolute prediction error and offers a more intu-
itive and directly interpretable measure of typical deviation
in power output, expressed in the same units as the target
variable.

In Stage I, these metrics are computed on randomly shuf-
fled test samples, corresponding to a conventional evaluation
setting commonly reported in data-driven energy model-
ing studies. In Stage II, the same metrics are calculated on
temporally blocked test segments, ensuring causally consis-
tent evaluation in which predictions are generated strictly
from past information. This parallel evaluation enables direct
assessment of the impact of validation strategy on reported
model performance.

In addition to scalar error metrics, time-domain compar-
isons between measured and predicted power outputs are
employed in both stages. These visual analyses provide com-
plementary insight into tracking accuracy and short-term
variability that may not be fully captured by aggregate numer-
ical indicators alone. By applying identical performance
metrics and visualization criteria across both evaluation
stages, the proposed framework enables a fair and system-
atic comparison between non-time-aware and time-aligned
learning configurations.

3 Results and Discussion
3.1 Stage | Results: Baseline Model Comparison

The optimized hyperparameter configurations and corre-
sponding performance metrics obtained for the four ML
models (MLP, RF, GBR, and SVR) under Stage I evaluation
are summarized in Table 2. For each algorithm, hyperpa-
rameters were optimized using grid search to identify the
configuration yielding the best test-set performance.

For the RF model, the optimal configuration consists of
100 decision trees with unrestricted tree depth and a mini-
mum split size of five samples. This setting enables the model
to capture complex nonlinear interactions in the SCADA data
while maintaining a relatively short training time of approx-
imately 11s. For SVR, the best-performing configuration
employs a radial basis function kernel with a regulariza-
tion parameter C=10 and an e-insensitive loss width of 0.01.
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Table 2 Stage I baseline optimal hyperparameters and test performance of algorithms

Algorithm Best parameters Training duration (s) R? MSE MAE
RF n_estimators: 100, max_depth: None, min_samples_split: 5 10.7 0.0004 0.0134 -
SVR C: 10, €: 0.01, kernel: rbf 2526.7 0.9001 0.0013 0.0274
GBR n_estimators: 100, max_depth: 5, learning_rate: 0.1 44.0 0.8843 0.0015 0.0298
MLP hidden_layer_sizes: (7, 30, 30, 30), activation: relu 23.5 0.8492 0.0019 0.0340

Although this configuration improves predictive accuracy
relative to simpler kernel settings, it results in substantially
higher computational cost, with training times exceeding
2500s. The GBR achieves its optimal performance using 100
estimators with a maximum tree depth of five and a learning
rate of 0.1. Due to its sequential learning mechanism, the
corresponding training time is moderately higher (approxi-
mately 44s) than that of RF. For the MLP model, the best
results are obtained using a feedforward architecture with
four hidden layers structured as (7, 30, 30, 30) and Rectified
Linear Unit (ReLU) activation functions, achieving compet-
itive accuracy with a training time of approximately 24 s.

These results highlight a clear trade-off between predictive
accuracy and computational efficiency across the evaluated
models. Tree-based ensemble methods achieve strong per-
formance with comparatively low training cost, whereas
kernel-based learning exhibits significantly higher compu-
tational demands when applied to large, high-frequency
SCADA datasets. Among the evaluated baseline models, RF
attains the highest predictive accuracy with an R? value of
0.9687. This performance can be attributed to its ensem-
ble structure and flexible tree depth, which are well suited
for modeling nonlinear relationships in tabular process data.
SVR achieves the second-highest accuracy (R? = 0.9001);
however, this performance is accompanied by a substantial
computational burden, limiting its scalability in industrial
applications [22, 27].

It is important to note that Stage I results are obtained
under a random train—test splitting strategy, which is com-
monly used as a baseline evaluation approach in data-driven
energy modeling. In time-dependent datasets, such strategies
primarily assess interpolation capability rather than true pre-
dictive generalization. As illustrated in Fig. 6, the predicted
power signals exhibit noticeable variability and intermittent
deviations from the measured trajectory during abrupt oper-
ating changes.

This behavior is consistent with prior studies reporting that
random sampling in time-ordered data can lead to optimistic
performance estimates due to temporal proximity between
training and test samples [32-34]. These observations moti-
vate the adoption of time-aware validation strategies, which
are examined in Stage II.

3.2 Stage Il Results: Blocked Cross-Validationon 1s
Data

When temporal consistency is enforced through blocked
cross-validation, the predictive performance of all evaluated
models is preserved and, in several cases, improved relative
to the baseline evaluation in Stage I. Table 3 summarizes
the performance of the ML models under the blocked cross-
validation framework using 1s resolution SCADA data,
providing a causally consistent assessment based on time-
ordered training and testing.

Among the evaluated approaches, the GBR achieves the
highest R? (0.9984) using 100 estimators with a maximum
tree depth of five and a learning rate of 0.1. This result indi-
cates a very high level of agreement between predicted and
measured short-term power variations and reflects the capa-
bility of sequential ensemble learning to capture fine-grained
nonlinear dynamics in high-frequency biomass power gener-
ation data [21, 23]. Owing to its sequential learning strategy,
the training time of GBR is approximately 12.8 s, represent-
ing a moderate computational cost relative to its achieved
accuracy. The RF model attains a comparably high perfor-
mance (R? = 0.9973) with 50 trees, a maximum depth of
20, and a minimum split size of five samples. Due to its
parallel tree construction, RF requires only 0.7 s for train-
ing, making it the most computationally efficient model
under the high-resolution SCADA setting. This favorable
balance between predictive accuracy and computational effi-
ciency highlights RF as a strong candidate for real-time or
near-real-time deployment, particularly in operational envi-
ronments with limited computational resources. For the MLP
model, the optimal configuration consists of a deep feed-
forward architecture with hidden layers (7, 30, 30, 30) and
ReL U activation functions. When trained on the 1s dataset,
the MLP achieves an R? value of 0.9865 with a training
time of 0.85 s. This result highlights the sensitivity of neu-
ral network performance to temporal resolution and sample
density in SCADA-based regression tasks, consistent with
prior findings reported in the literature [18]. In contrast, the
SVR model, configured with an RBF kernel (C = 10, ¢ =
0.01), attains a lower accuracy (R? = 0.9383) despite ben-
efiting from temporally consistent evaluation. While SVR
maintains reasonable generalization capability, its reduced
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Fig. 6 Time-domain comparison of measured and predicted power output for Stage I models, illustrating prediction variability under random

sampling

Table 3 Stage II performance under blocked cross-validation (1 s resolution)

Algorithm Best parameters Training duration (s) R? MSE MAE

GBR Ir: 0.1, depth: 5, n_est: 100 12.80 0.9983 3.75 x 107° 0.0010
RF depth: 20, split: 5, n_est: 50 0.70 0.9973 6.23 x 1076 0.0002
MLP hidden: (7, 30, 30, 30), act: relu 0.85 0.9865 3.12 x 1073 0.0036
SVR C:10,€:0.01 0.68 0.9383 1.43 x 107 0.0087

performance suggests limitations in capturing rapid transient
dynamics in high-frequency industrial data.

Stage II results demonstrate that combining high-resolu
tion SCADA data with temporally aligned validation enables
both improved predictive accuracy and enhanced inter-
pretability of model behavior. The findings further reveal
an inherent trade-off between predictive precision and com-
putational efficiency, positioning GBR as the most accurate
modeling approach and RF as the most practical solution
for operational deployment. While the quantitative metrics
reported in Table 3 provide an overall assessment of predic-
tion accuracy, they do not fully reflect how models respond
to short-term fluctuations and transient operating conditions.
To address this aspect, additional time-domain comparisons
are presented to examine temporal consistency and dynamic
tracking behavior. Figure 7 illustrates a 200s zoomed com-
parison between measured and predicted power outputs for
the evaluated models under blocked cross-validation.

@ Springer

3.3 Discussion

A direct comparison between the Stage I and Stage II
results demonstrates that evaluation design plays a deci-
sive role in both reported accuracy and temporal robustness
of data-driven power estimation models. When random
train—test splitting is employed, performance metrics may
appear overly optimistic due to the inclusion of tempo-
rally adjacent samples across training and test sets. In
contrast, blocked cross-validation preserves causal ordering
and provides a more conservative yet physically consis-
tent assessment of generalization capability. These findings
underline the necessity of time-aware validation for reliable
modeling of high-frequency SCADA data in biomass power
plants.

The high R? observed under blocked validation should be
interpreted in the context of the experimental setting. The
short forecasting horizon, relatively stable operating regime,
and strong auto-correlated structure of the process variables
collectively contribute to high predictive performance under
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Fig.7 Comparison of measured and predicted power output over a 200 s test interval for Stage II models, highlighting short-term tracking behavior

controlled conditions. Accordingly, these results should be
viewed as indicators of achievable accuracy when temporal
consistency is explicitly respected, rather than as universally
transferable performance levels.

From a modeling perspective, the results emphasize the
fundamental importance of temporal structure in biomass
power generation systems. Lag analysis and pre-processing
reveal pronounced persistence effects arising from thermal
inertia and multi-stage energy conversion processes inher-
ent to biomass combustion and steam-cycle dynamics. These
characteristics render instantaneous regression assumptions
physically insufficient for short-term power estimation using
high-resolution SCADA data.

Across both evaluation stages, ensemble-based mod-
els, particularly GBR and RF, consistently exhibit strong
predictive performance, reflecting their ability to capture
nonlinear interactions and regime-dependent responses in
tabular process data. In contrast, the MLP model shows
marked sensitivity to the validation strategy. Its substantial
performance improvement under blocked evaluation indi-
cates that neural network models are particularly susceptible
to misleading performance estimates when inappropriate ran-
dom sampling schemes are applied.

The performance gains observed under temporally blocked
validation do not indicate overfitting. Rather, they result from
the elimination of temporal information leakage inherent
to random sampling strategies that violate causal ordering.
Enforcing temporal continuity enables a more physically
meaningful mapping between process variables and electri-

cal power output, leading to improved stability, interpretabil-
ity, and reliability of model predictions.

The findings demonstrate that temporally aligned learning
frameworks enhance both accuracy and robustness in short-
term biomass power output estimation. When appropriately
configured, data-driven models exhibit strong potential for
deployment in real-time monitoring, anomaly detection, and
decision-support applications in industrial biomass power
plants. Nevertheless, the present study is limited to a single
facility operating under relatively stable conditions.

4 Conclusions

This study addressed the problem of short-term power out-
put estimation in an industrial biomass power plant by
explicitly accounting for the temporal structure of high-
frequency SCADA data. A two-stage ML framework was
proposed to systematically compare conventional random
sampling—based evaluation with a temporally consistent
blocked validation strategy across four nonlinear regres-
sion models. The results demonstrate that random train—test
splitting leads to overly optimistic performance estimates
due to temporal information leakage, whereas time-aware
validation yields more physically consistent and reliable pre-
dictions. By integrating lag-aware feature engineering with
causally aligned evaluation, the proposed approach provides
a robust and transparent basis for assessing ML model per-
formance in biomass power generation systems.
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From a model-specific perspective, the results indicate that
ensemble-based ML models offer the most reliable perfor-
mance for short-term power output estimation in biomass
power plants when temporal consistency is enforced. GBR
achieves the highest overall accuracy, demonstrating superior
capability in capturing nonlinear interactions and delayed
process dynamics, which is particularly advantageous for
high-resolution monitoring applications requiring maximum
precision. RF provides a closely comparable level of accu-
racy while offering significantly lower computational cost,
making it a more suitable candidate for real-time deployment
scenarios and adaptive retraining environments. In contrast,
the MLP model exhibits strong sensitivity to data volume
and evaluation design; its substantial performance improve-
ment under temporally blocked validation confirms that
neural network—based models benefit markedly from high-
frequency data but are prone to misleading assessments under
inappropriate sampling strategies. SVR, although effective
under certain conditions, shows limited scalability for large
SCADA datasets due to its computational complexity. Col-
lectively, these findings highlight that model selection in
industrial energy systems should be guided not only by
aggregate accuracy metrics but also by temporal robustness,
computational efficiency, and deployment constraints.

Future work may extend the proposed time-aware eval-
uation framework to biomass power plants operating under
different fuel compositions, seasonal conditions, and load
regimes to assess robustness and generalizability. Incorpo-
rating longer forecasting horizons and adaptive retraining
strategies could enable evaluation under more dynamically
varying operational scenarios. In addition, the integration
of sequence-based DL architectures and hybrid physics-
informed learning approaches represents a promising direc-
tion for capturing longer-term dependencies while preserving
physical interpretability. These extensions are expected to
further enhance the applicability of temporally consistent
ML models for real-time monitoring, anomaly detection, and
decision-support systems in industrial biomass power gener-
ation.
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