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Abstract

The quality of input data is critical to the performance of time-series classification mod-
els, particularly in the domain for industrial sensor data where noise and anomalies are
frequent. This study investigates how various filtering-based preprocessing techniques
impact the accuracy and robustness of a Transformer model that predicts power efficiency
states (Normal, Caution, Warning) from minute-level IloT sensor data. We evaluated five
techniques: a baseline, Simple Moving Average, Median filter, Hampel filter, and Kalman
filter. For each technique, we conducted systematic experiments across time windows (360
and 720 min) that reflect real-world industrial inspection cycles, along with five prediction
offsets (up to 2880 min). To ensure statistical robustness, we repeated each experiment
20 times with different random seeds. The results show that the Simple Moving Average
filter, combined with a 360 min window and a short-term prediction offset, yielded the
best overall performance and stability. While other techniques such as the Kalman and
Median filters showed situational strengths, methods focused on outlier removal, like the
Hampel filter, adversely affected performance. This study provides empirical evidence that
a simple and efficient filtering strategy such as Simple Moving Average, can significantly
and reliably enhance model performance for power efficiency prediction tasks.

Keywords: data preprocessing; Industrial Internet of Things (IloT); power efficiency;
time-series classification

1. Introduction

The proliferation of Internet of Things (IoT) devices in real-time sensor data acquisition
environments has highlighted the critical importance of power efficiency management [1].
Many companies are collecting and leveraging vast amounts of time-series data to reduce
operational costs and enhance system reliability through predictive maintenance [2]. At
the core of this data-driven approach are Al-based time-series classification models, which
analyze raw sensor data to support proactive decision-making [3]. In particular, recently
proposed deep learning-based time-series analysis models have received significant at-
tention from both academia and industry for their ability to effectively capture long-term
temporal dependencies within data [4,5].
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However, most existing academic research tends to assume ideal data conditions, often
focusing on model architecture improvements using clean, small-scale, and impractical
public datasets [6]. In practice, sensor data from industrial settings are susceptible to
various imperfections, including high-frequency noise, outliers, and signal loss, which arise
from interference, malfunctions, and environmental factors. Cleaning this noisy data is a
fundamental and necessary step for accurate analysis [7]. Without proper cleaning, even
the most advanced models are likely to produce a high number of false positives and unre-
liable results [7]. This reality creates an inherent limitation where the performance of any
predictive model is ultimately capped by the quality of its input data [6,8]. Consequently,
even sophisticated deep learning models with numerous parameters are prone to learning
spurious patterns or exhibiting degraded predictive performance when applied directly to
raw, noisy data.

In response to the inherent limitations of this ‘model-centric” paradigm, this study
proposes a fundamental shift in focus. This study directly challenges the prevailing re-
search trend of pursuing ever-increasing model complexity and argues that a ‘data-centric’
approach, which prioritizes the quality of input data, offers a more robust and practical solu-
tion. Specifically, it hypothesizes that even a state-of-the-art model is ineffective when faced
with noisy data, and that applying computationally efficient and interpretable traditional
filtering techniques is a more impactful strategy for improving both model performance
and stability. To empirically validate this hypothesis, this study systematically evaluates
the impact of various filtering techniques on two representative deep learning models with
contrasting architectural philosophies: the complex, attention-based Transformer and the
simple yet powerful linear-based R-Linear. This comparison is designed to highlight the
critical trade-off between state-of-the-art architectures and lightweight, industry-friendly
alternatives. Both models are tested using real-world industrial power efficiency data. The
key contributions of this study are as follows:

e  Challenging Model-Centrism: Through extensive experiments on a real-world indus-
trial power-efficiency dataset, the study empirically demonstrates that a data-centric
preprocessing approach yields more significant and robust performance gains than re-
lying on model complexity, validated across diverse architectures like the Transformer
and R-Linear.

e  The Surprising Effectiveness of Simplicity: Grounded in our empirical analysis, the
study reveals the counter-intuitive result that the Simple Moving Average (SMA)—a
traditional and efficient filter—consistently outperforms more complex filtering tech-
niques on real-world industrial data.

e A Practical Framework for Preprocessing: Based on the comprehensive results of our
scenario-based experiments, the study provides an empirically validated framework
that offers actionable guidelines for practitioners to select optimal filtering strategies
by analyzing the trade-offs between performance, stability, and window sizes.

This paper is organized as follows. Section 2 reviews prior literature related to power
efficiency diagnostics. Section 3 describes the dataset and the research methodology
utilized in this study. Section 4 presents the experimental results for each scenario, and
Sections 5 and 6 provide discussion and conclusion, respectively.

2. Related Works
2.1. Data-Driven Approaches for Industrial Predictive Maintenance

In modern manufacturing, data-driven predictive maintenance has become a critical
strategy for enhancing system reliability and operational efficiency. A prime example of this

paradigm can be found in the complex task of estimating a battery’s State of Health (SOH),
which is crucial for the safety of many Industrial Internet of Things (IloT) systems [9,10].
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SOH is a quantitative indicator that reflects the extent to which a battery’s performance
has degraded compared to its original state [11]. It is not a parameter that can be directly
measured by sensors; rather, it must be inferred and estimated from observable operational
data such as voltage, current, and temperature [12]. Traditional SOH estimation research
relied on physics-based approaches, such as the Equivalent Circuit Model (ECM), which
attempted to mathematically model the internal electrochemical processes of a battery.
However, battery degradation exhibits highly complex and non-linear characteristics in-
fluenced by various factors such as aging, charge—discharge patterns, and temperature.
Consequently, physics-based models have clear limitations in accurately capturing these
multi-dimensional dynamics [13].

These limitations have driven a paradigm shift toward data-driven methodologies for
SOH estimation. This approach seeks to overcome the shortcomings of traditional meth-
ods by using deep learning architectures—such as CNNs, LSTMs, and transformers—to
directly learn complex non-linear relationships from operational data such as voltage, cur-
rent, and temperature [14]. A key advantage is the ability to model degradation behavior
without requiring an explicit and complete understanding of the underlying electrochemi-
cal physics [15]. This flexibility enables high accuracy and adaptability, often leading to
performance that surpasses traditional models, particularly when large datasets are avail-
able [16]. However, the performance of these deep learning models is highly dependent
on the quality of the input data. Sensor data collected from real-world industrial settings
inevitably contains noise and outliers, which can severely impact a model’s accuracy and
stability [8]. The challenges observed in SOH estimation, particularly the critical depen-
dency on high-quality input data, are not unique to this domain. Indeed, they represent
pervasive issues across a wide range of industrial predictive maintenance tasks, including
monitoring the energy efficiency of automated manufacturing processes and diagnosing
performance degradation in heavy industrial machinery.

2.2. Deep Learning Models for Industrial Time-Series Analysis

The development of deep learning-based models for industrial time-series analysis
is a field of active research. Early studies primarily adopted Recurrent Neural Network
(RNN) architectures such as LSTM and GRU to effectively learn the temporal dependencies
in battery cycle data [17,18]. However, these models, due to their sequential processing
nature, have limitations in terms of difficulty with parallelization and degraded learning
efficiency as the input time series becomes longer [19].

Subsequently, transformer-based models attracted significant attention for their ability
to effectively process long-range dependencies in parallel through the attention mecha-
nism [20]. Related research has explored various architectural innovations beyond the stan-
dard Transformer encoder [21]. For instance, hybrid models such as the CNN-Transformer,
which captures both local features and global context simultaneously, and the LSTM-
Transformer have been proposed [22,23]. Concurrently, several modifications to the con-
ventional transformer architecture have been attempted the iTransformer, for example,
was designed with a variable-centric attention structure to handle irregularly sampled raw
data [24]. More recently, foundation models such as DiffBatt have also been introduced,
which are pre-trained on diverse battery datasets and then fine-tuned for specific tasks [25].

However, a recent line of research has begun to question whether this trend toward
ever-increasing model complexity is always necessary. In contrast, several studies have
formed a new research stream by demonstrating that surprisingly simple, linear-based
models can achieve competitive performance on various time-series tasks. The pioneering
N-Linear and D-Linear models led this trend by proposing approaches to handle dis-
tribution shifts and separately model trend and seasonality through normalization and
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time-series decomposition techniques, respectively [26]. Inheriting this philosophy, the
R-Linear model—despite its extremely simple structure consisting only of a single linear
layer and normalization—has established itself as a powerful baseline that performs com-
parably or better than complex models [27]. This emerging trend, represented by models
such as N-Linear, D-Linear, and R-Linear, suggests a renewed focus on fundamental model
properties over sheer architectural complexity.

This architecture-centric research trend reveals a significant research gap. While there
is an active debate surrounding complex Transformer-based and simple linear-based mod-
els, research on pre-processing—which fundamentally affects the performance of both—is
lacking. For instance, there has been little experimental analysis on how traditional tech-
niques for noise suppression, such as the Simple Moving Average (SMA) or Median filters,
impact the performance and stability of these deep learning models in real-world industrial
data environments [28,29]. To fill this gap, this study conducts a data-centric empirical
analysis that focuses on the impact of input data quality rather than the complexity of the
model architecture.

2.3. Filtering Methodologies for Time-Series Preprocessing

Filtering is a key signal processing technique used to mitigate inherent noise and
anomalies in time-series data before model training. The choice of a filter imparts a specific
inductive bias to the model. Therefore, it is crucial to select a methodology that aligns with
the statistical characteristics of the data being analyzed. Since the industrial time-series data
in this study contains both random noise and transient outliers from various variables, we
compare and analyze the following diverse filtering methodologies. To establish a baseline
for comparison, we also evaluated the model on the original, unprocessed data.

2.3.1. SMA

SMA is a linear filter that calculates the arithmetic mean of consecutive data points
within a sliding window of a specified size [28]. The SMA value at a specific time point ¢ is
calculated as shown in Equation (1),

t
SMAt:l Y ox (1)
Ni:thJrl

Here, x;’s represents the observed value of the time-series data, and N denotes the
window size for the moving average calculation. This produces the simple moving average
value at time ¢ based on the sum of the past N data points. The primary advantages of SMA
are its implementation simplicity and computational efficiency. However, it is sensitive to
outliers, which can distort the average because it assigns equal weight to all data points
within the window. As a result, in segments where the signal changes abruptly, it may fail
to adequately reflect the characteristics of the original data [30].

2.3.2. Median Filter

The Median Filter is a non-linear technique that replaces each data point with the
median of its neighboring values within a sliding window [29]. The formula for applying
the Medjian Filter is as follows in Equation (2),

ye = Median(x; g, -+ ,Xt, -+, Xpik) (2)

Here, y; represents the final filtered output value at a specific time ¢. It is determined
by identifying and using the median value from the set of original data points within the
sliding window centered at time ¢. Its primary strength is the robustness to impulse noise
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and outliers [31]. It also excels at preserving sharp edges and step functions in the signal,
which are critical features in battery charge cycles.

2.3.3. Hampel Filter

The Hampel filter is a decision-based filter designed for outlier detection and replace-
ment [32]. This filter identifies a data point as an outlier if it deviates from the median of its
window by more than a threshold defined by the Median Absolute Deviation (MAD) [33].
The outlier is then replaced with the median value of the window. The Hampel filter is
defined in Equation (3),

= {mt, if|xy —my| > YMAD:; 3)
X, otherwise

Here, y; is the raw data value at time ¢, and m; is the median of the central window.
MAD:; represents the Median Absolute Deviation of the central window, and points are
considered outliers based on a threshold value . Because it uses robust statistical estima-
tion, the Hampel filter is an effective technique for removing outliers without significantly
distorting non-outlier data points [32].

2.3.4. Kalman Filter

Unlike simple filters that rely on statistical summaries of past data, the Kalman filter is
a powerful recursive algorithm that estimates the dynamic state of a system [34]. It operates
by constantly repeating two steps: “predict’ and “update’. First, it predicts the current state
based on the system’s previous state. Then, it uses the actual measurement from the sensor
to correct errors in the prediction, thereby updating to the most likely optimal state. The
Kalman filter is defined in Equation (4),

f=x + K (Zt — JE’t) 4)

Here, %; is the posteriori state estimate at the current time ¢, and #; is the a priori
estimate predicted by the model based on the previous state. z; represents the actual
measurement observed at time ¢. The key component, K}, is the Kalman Gain, which is an
optimal weight calculated by considering the uncertainty of the prediction and the uncer-
tainty of the measurement. Through this intelligent fusion of prediction and measurement,
the Kalman filter can effectively remove noise in real-time, making it particularly useful for
processing dynamic and non-stationary industrial data.

3. Experiments
3.1. Dataset

This study is based on a minute-level multivariate time-series dataset from the power
systems of real-world industrial machine tools (HYUNDAI&KIA Machine, Goryeong,
Republic of Korea). The dataset, to our knowledge, has not been previously reported in
academic literature. The data was collected from 00:00 on 16 September 2020, to 23:59 on
22 October 2020. The dataset comprises 37 columns, including the collection timestamp,
and contains various electrical signals and operational parameters such as power factor,
active power, reactive power, current, and voltage. The dataset includes both normal
and abnormal system states, which are classified based on the average power factor, as
illustrated in Figure 1. The dataset and source code used in this study are available via the
Data Availability Statement at the end of this paper.
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Figure 1. This plot displays the original power factor values collected from IIoT sensors, categorized
by class. The data is categorized into three classes: Normal (blue), Caution (green), and Warning
(red), as illustrated in the figure.

The data used in this study is divided into three classes. The distribution of the data
across these classes is shown in Table 1 below.

Table 1. This table presents the distribution of data instances across the defined classes.

Normal Caution Warning Total
Count 31,256 14,347 7677 53,280
Percentage 58.7% 26.9% 14.4% 100.0%

e Normal: This class represents states where the system is operating within optimal
efficiency parameters, indicated by an average power factor of 80% or higher.

e  Caution: This class indicates minor but significant deviations from optimal efficiency,
suggesting that future maintenance may be required. This corresponds to an average
power factor between 60% and 80%.

e  Warning: This class signifies a state of severe inefficiency that requires immediate
attention, defined by an average power factor below 60%.

3.2. Pre-Processing Pipeline and Model Architecture

The experiments in this study are based on a systematic data processing pipeline. First,
datasets are prepared, including the original raw version and versions processed by the
various pre-processing filters. From each of these datasets, a sliding window technique is
applied to generate input samples (X), which represent historical time series, and corre-
sponding labels (y), which represent the power efficiency state at a future time point. This
generated data is then used to train and evaluate two contrasting model architectures.

To comprehensively evaluate the impact of pre-processing, this study employs
two models with contrasting philosophies. The primary model is a transformer, con-
sisting of a single encoder block featuring a multi-head self-attention mechanism and a
feed-forward network. Residual connections and layer normalization are applied to each
sub-layer, and the encoder’s output is passed to a final classification head. As a counter-
point, an R-Linear model is used, which consists of a single fully connected linear layer
that directly maps the flattened input from the time window to the final output.

The experimental scenarios were designed to simulate various industrial operational
conditions and to comprehensively evaluate the performance and robustness of each pre-
processing technique. The scenarios are constructed by combining two key parameters: the
time window, which is the period of historical data the model references, and the prediction
offset, which is the point in the future to be predicted.
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The time window determines the amount of historical information the model learns
from. This study establishes two scenarios reflecting actual industrial work cycles. The
360 min (6 h) window is intended to capture the dynamic state changes and operational
patterns of equipment that occur within a typical half-day work shift. The 720 min (12 h)
window is designed to allow the model to learn longer-term patterns that may span across
shifts or relate to daily load variations. Longer windows were excluded from the scope of
this study due to the practical constraint of significantly increased computational cost and
memory requirements.

The prediction offset is directly linked to the practical application purpose of the
predictive model. In this study, multiple offsets were set to simulate various decision-
making horizons, from short-term anomaly detection to long-term maintenance planning.
The 60 min (1 h), 360 min (6 h), and 720 min (12 h) offsets reflect ‘tactical planning’ to
prepare for immediate actions by predicting the equipment’s state for the next work
shift. In contrast, the 1440 min (24 h) and 2880 min (48 h) offsets represent ‘strategic
maintenance’ scenarios that require advance planning, such as ordering spare parts or
deploying personnel.

Through these systematically designed scenarios, we aim to comprehensively analyze
how each pre-processing technique’s performance varies under different temporal contexts
and prediction goals, thereby verifying its practical effectiveness.

3.3. Experimental Setup

All experiments were implemented in Python (v3.9.12), and the deep learning mod-
els were built using the PyTorch (v2.1.0) framework. Data manipulation and numerical
operations were primarily handled by Pandas (v2.2.3) and NumPy (v1.24.4).

The filtering methods were implemented using established scientific libraries. The
Simple Moving Average (SMA) was calculated using the rolling method in Pandas. The
Median filter was applied using functions from the SciPy (v1.13.1) library. The Hampel
filter was implemented using the Median Absolute Deviation (MAD) from the Statsmodels
(v0.14.4) library, and the Kalman filter was implemented using the KalmanFilter class from
the PyKalman (v0.10.2) library.

All experiments were conducted on a workstation running Windows 11 Pro, equipped
with an Intel Core i9-10980XE CPU (Intel, Santa Clara, CA, USA), 128 GB of RAM, and
an NVIDIA RTX 3090 GPU with 24 GB of VRAM (NVIDIA, Santa Clara, CA, USA).
To ensure reproducibility, the source code is publicly available, as noted in the Data
Availability Statement.

3.4. Evaluation

The entire dataset is split into a training set (80%) and a testing set (20%). Furthermore,
to account for the inherent stochasticity of deep learning model training (e.g., weight
initialization, data batching), and ensure the reliability of our results, we repeated each
unique experimental configuration (a combination of a filter, time window, and offset)
20 times. Each repetition used a different random seed to ensure robust results. The model
was trained for 100 epochs using the Adam optimizer with a batch size of 1024.

The classifier’s performance under each condition is evaluated using the following
metrics. Through an analysis of the mean and standard deviation over the 20 runs, we
empirically evaluate the average performance and stability. Additionally, the model’s
training time is also recorded to compare computational efficiency.

o Accuracy: Measures the overall proportion of correctly classified instances across all
three classes, as defined in Equation (5),
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Number of correct predictions
Total number of predictions

accuracy = (5)

e  F1 Score: A key metric for imbalanced datasets, the F1 Score is the harmonic mean
of Precision and Recall. Precision measures the proportion of positive identifications
that were actually correct, while Recall measures the proportion of actual positives
that were correctly identified. The F1 Score is then calculated with Equation (6). For
this multi-class problem, the macro-averaged F1 Score is used.

Precision = 7TTIIDJ+FP
Recall = 75 (6)

_ Precison X Recall
F1 Score = 2 x Precison—+Recall

where TP, FP, and FN represent True Positives, False Positives, and False Nega-
tives, respectively.

e  Training Time: Measures the average training time for each iteration of the experiment.

4. Results
4.1. Experimental Results by Window Size

This section systematically analyzes the experimental results conducted under various
scenarios. First, we compare the impact of input data length, i.e., the window size, on
the model’s predictive performance to identify the optimal combination of scenarios for
each preprocessing technique. Furthermore, by analyzing not only the mean performance
but also the standard deviation from repeated experiments, we evaluate the stability and
reliability of each model to assess its applicability in real-world industrial environments.

4.1.1. Results Based on a 360 min Window

The experimental results for the 360 min input window using the Transformer model
are presented in Table 2. This table details both the mean performance and the standard
deviation for each metric, enabling an in-depth analysis of each preprocessing technique’s
characteristics, particularly its stability. The key findings are as follows:

e The Simple Moving Average (SMA) filter achieved the highest mean accuracy of
80.45% and the lowest standard deviation of 1.94%, establishing it as the most effective
and reliable preprocessing technique for short-term predictions.

e Incontrast, other filters demonstrated clear limitations, particularly in terms of stability.
The Median filter was highly unstable with an extreme accuracy standard deviation of
11.60%, and the Kalman filter also showed high instability in short-term predictions
with a standard deviation of 10.62%.

e A consistent trend emerged across most techniques where mean performance grad-
ually decreased as the prediction offset became longer, highlighting the increased
difficulty of long-term forecasting.

The baseline model (without preprocessing) recorded a respectable mean accuracy of
78.88% (Std. 4.26%) at the 60 min offset. However, the best overall results were observed
with the SMA filter. It achieved the highest accuracy of 80.45% at the 60 min offset,
coupled with the lowest standard deviation of 1.94%. This demonstrates that for short-term
predictions, SMA is the most effective and reliable preprocessing technique tested.

In contrast, other filters exhibited clear limitations. The Median filter, for instance, was
highly unstable, showing an extreme accuracy standard deviation of 11.60% at the 60 min
offset. This suggests that the filter may excessively remove signals essential for learning,
depending on the data batch or initial weights. The Hampel filter showed similarly high
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instability and lower overall performance. The Kalman filter presented a unique profile;
while it was also highly unstable for short-term predictions (Std. 10.62%), its stability
significantly improved at longer horizons, achieving a low standard deviation of 2.24% at
the 2880 min offset. This implies that its model-based approach, while volatile in the short
term, offers more consistent predictions for long-term forecasting.

Table 2. The table shows the prediction results of the Transformer model using a 360 min input
window. The table presents the mean and standard deviation (Std.) for Accuracy and F1-Score,
alongside the mean Training Time for each pre-processing scenario.

Preprocessing Wg;;is(:t,v/ Accuracy (%) Accu:;oc)y Std. F1 Score (%) F1 SC(?/:;E Std. Tralm(nj Time
360/60 78.88 4.26 59.58 6.30 367.9
360/360 72.12 3.91 52.64 6.48 367.8
Baseline 360/720 68.31 7.71 49.88 7.18 354.4
360/1440 65.25 3.44 41.15 7.12 341.4
360/2880 67.76 1.11 45.93 2.71 333.1
360/60 80.45 1.94 60.39 2.18 382.9
360/360 7227 8.17 54.66 6.08 373.9
SMA 360/720 70.10 2.59 53.27 245 369.1
360/1440 68.80 3.07 48.30 5.47 381.2
360/2880 68.78 2.16 49.92 3.04 384.7
360/60 65.12 11.60 39.11 15.89 3474
360/360 62.42 5.39 32.77 11.20 348.3
Median 360/720 68.09 8.46 49.35 10.30 343.0
360/1440 64.94 5.95 38.34 13.64 3345
360/2880 66.03 5.77 44.27 7.32 326.0
360/60 69.96 7.74 48.13 11.47 343.0
360/360 64.53 8.26 40.15 11.38 3419
Hampel 360/720 68.14 2.85 48.63 5.89 336.2
360/1440 61.86 9.64 40.44 7.66 337.9
360/2880 66.54 2.25 44.64 2.69 336.9
360/60 72.96 10.62 52.45 11.67 354.3
360/360 69.32 5.08 47.37 9.37 353.3
Kalman 360/720 68.47 7.94 49.71 8.53 345.0
360/1440 67.75 3.32 46.23 5.71 346.5
360/2880 68.50 224 47.65 2.96 336.6

Figure 2 illustrates the performance comparison of each pre-processing technique
according to changes in the prediction offset, using a 360 min input window. As is clearly
visible from the graph, the SMA filter, represented by the orange line, consistently main-
tained superior performance over the baseline and other filters across nearly all prediction
intervals. It particularly demonstrated its effectiveness by achieving peak performance at
the shortest-term prediction, the 60 min offset.

Additionally, a significant trend observed in the graph is that the accuracy of most
techniques gradually decreases as the prediction offset lengthens. The fact that all tech-
niques, including SMA, perform worse when predicting 2880 min ahead than 60 min ahead
highlights the inherent challenge of time-series forecasting, where uncertainty increases
with temporal distance to the target.
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Figure 2. Performance comparison of pre-processing techniques with the Transformer model using a
360 min input window.

Table 3 shows the experimental results for the R-Linear model using a 360 min win-
dow. An analysis of these results reveals several key characteristics in comparison to the
Transformer model:

e The R-Linear model showed an overall decrease in performance compared to the
Transformer model. Its peak accuracy was 75.15% with the Median filter, which was
significantly lower than the Transformer’s peak of 80.45%.

e  Duetoits simpler linear architecture, the R-Linear model was less sensitive to the differ-
ent preprocessing techniques, resulting in smaller performance variations among them.

e Despite lower sensitivity, data preprocessing still provided meaningful performance
improvements. The Median filter was effective for short-term predictions, while the
SMA technique showed improved accuracy for long-term predictions.

The most prominent feature compared to the Transformer model is the overall decrease
in performance. While the R-Linear model’s accuracy peaked at 75.15% when using the
Median filter, the Transformer model achieved a significantly higher peak accuracy of
80.45% when paired with its optimal pre-processing method, the SMA filter. This is also
true for other preprocessing techniques.

Another notable characteristic is the significantly smaller performance variation
among the different pre-processing techniques. This is analyzed to be due to the inherent
nature of the R-Linear as a simple linear model; it is less sensitive to the subtle differences
in data patterns created by various pre-processing methods.

Crucially, data pre-processing still provided meaningful performance improvements.
For instance, the Median filter outperformed the Baseline in short-term prediction, and
the SMA technique showed improved accuracy in long-term predictions (e.g., 1 day
and 2 days ahead). This confirms the universal benefit of applying a data-centric
pre-processing approach.

Figure 3 shows the performance of the R-Linear model with a 360 min input window
across different prediction offsets. For 60 min offset predictions, the Median and Kalman
filters provided a clear performance advantage over other techniques. In contrast, from the
1440 min offset onwards, the SMA-based preprocessing technique demonstrates superior
performance. This indicates that the optimal filter for the R-Linear model is dependent on
the prediction horizon.
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Table 3. The table shows the prediction results of the R-Linear model using a 360 min window.

Preprocessing Wé?;is:?/ Accuracy (%) Accu:;oc)y Std. F1 Score (%) F1 Sc(?/:)e Std. Tralm(nj Time
360/60 72.25 5.89 51.06 9.26 145.3
360/360 65.58 4.00 41.75 8.07 141.4
Baseline 360/720 63.83 1.97 36.94 4.06 141.1
360/1440 63.29 1.95 35.15 4.30 139.8
360/2880 61.56 3.07 34.85 5.29 136.3
360/60 72.61 9.14 49.50 13.04 143.6
360/360 64.41 8.37 39.38 10.76 141.7
SMA 360/720 62.50 10.71 37.88 7.89 140.9
360/1440 63.66 2.26 36.00 4.51 138.7
360/2880 63.68 3.10 38.67 5.45 138.5
360/60 75.15 10.85 55.05 11.57 145.9
360/360 67.41 4.72 46.38 6.49 144.2
Median 360/720 64.60 3.30 38.71 7.28 142.3
360/1440 63.61 2.02 35.18 4.04 142.1
360/2880 62.71 3.12 37.46 4.62 138.2
360/60 72.26 4.71 51.41 7.50 144.9
360/360 61.95 8.90 38.59 9.01 141.8
Hampel 360/720 62.57 2.71 33.98 5.94 141.2
360/1440 62.73 2.04 32.72 497 139.1
360/2880 62.23 3.32 33.07 7.20 135.7
360/60 74.79 6.33 53.47 8.54 191.2
360/360 63.89 8.07 39.52 9.84 204.6
Kalman 360/720 59.99 8.40 33.39 7.21 198.7
360/1440 62.76 217 34.41 5.34 178.2
360/2880 61.07 712 36.14 5.53 161.8

Performance Comparison by R-Linear
(360 minute window)
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Figure 3. Performance comparison of pre-processing techniques with the R-Linear model using a
360 min input window.

4.1.2. Results Based on a 720 min Window

The experimental results for the extended 720 min input window, presented in Table 4,
reveal a significant overall degradation in both predictive performance and model stability.
The analysis of this inefficient input scenario highlights the following key points:

e  The longer window degraded performance, with the baseline model’s peak accuracy
dropping to 71.94% and its stability decreasing significantly with a standard deviation
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as high as 12.03%. This supports the hypothesis that excessively long windows can
introduce performance-hindering noise.

o  The SMA filter achieved the highest mean accuracy (71.98%) but exhibited significant
instability in short-term predictions, with a high standard deviation of 13.73%.

e  Other preprocessing methods, including Median, Hampel, and Kalman, failed to
surpass the baseline in terms of mean accuracy and consistently showed elevated
standard deviations, confirming they were ineffective in this scenario.

Table 4. The table shows the prediction results of the Transformer model using a 720 min input window.

Preprocessing W(;rfl;i;:tfv/ Accuracy (%) Accu:;f)y Std. F1 Score (%) F1 Sc(f))/:)e Std. Traml:\j Time

720/60 71.94 4.11 52.56 6.60 891.8

720/360 69.23 3.61 48.32 6.66 866.0

Baseline 720/720 64.77 12.03 46.28 10.25 878.3
720/1440 62.29 9.72 40.73 8.49 867.4

720/2880 66.37 4.37 46.31 5.36 843.1

720/60 71.98 13.73 54.75 10.22 893.3

720/360 70.91 7.86 54.23 6.44 886.6

SMA 720/720 70.19 277 52.13 4.50 877.2
720/1440 67.10 3.10 45.88 5.31 854.9

720/2880 68.21 6.05 48.64 5.40 832.3

720/60 67.11 10.12 44.80 13.06 894.8

720/360 62.86 10.77 41.13 10.98 886.1

Median 720/720 57.24 15.71 39.60 13.86 875.6
720/1440 63.76 5.45 40.17 10.42 856.8

720/2880 65.05 5.11 40.93 11.44 830.9

720/60 62.76 8.57 38.46 11.33 881.6

720/360 68.32 3.90 45.60 7.85 884.0

Hampel 720/720 65.40 7.86 46.75 7.90 877.6
720/1440 62.93 7.22 40.00 7.40 864.2

720/2880 68.04 3.79 46.55 6.59 834.5
720/60 69.37 7.35 45.37 11.46 1007.6

720/360 66.10 10.74 44.35 11.08 999.2

Kalman 720/720 61.72 12.55 41.84 10.91 969.2
720/1440 65.06 6.96 43.69 6.35 929.3

720/2880 66.48 5.81 46.57 3.81 869.5

The experimental results for the extended 720 min input window, presented in Table 4,
clearly show a significant overall degradation in both predictive performance and model
stability when compared to the 360 min window scenario. The peak accuracy of the
baseline model dropped to 71.94%, and it exhibited considerable instability, particularly in
mid-term predictions, with the accuracy standard deviation reaching as high as 12.03 at
the 720 offset. This result strongly supports the hypothesis that an excessively long input
window, rather than improving performance, introduces noise and irrelevant historical
data that complicates the learning process, ultimately degrading both the model’s accuracy
and stability.

Under these inefficient input conditions, the effectiveness of each pre-processing
technique also varied. Even the SMA filter, previously optimal, exhibited inconsistent
performance. Although it achieved a mean accuracy of 71.98%, comparable to the baseline,
it became highly unstable in short-term predictions, with its standard deviation reaching
13.73%. In contrast, the other pre-processing methods, including Median, Hampel, and
Kalman, not only failed to surpass the baseline in terms of mean accuracy but also consis-
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tently showed elevated standard deviations, confirming they were both ineffective and
unreliable in this scenario.

Nevertheless, the SMA filter reaffirmed its status as the most stable alternative by
consistently exhibiting performance comparable to or slightly better than the baseline,
even in this scenario. This result strongly supports the hypothesis that when the input
data length becomes excessively long, it may contain irrelevant noise or less pertinent
information, thereby hindering the model’s learning process.

Figure 4 illustrates the experimental results when the input data length was extended
to 720 min. The primary observation is the overall decline in predictive performance com-
pared to the 360 min window scenario. The peak performance of the baseline model only
reached approximately 72%, a significant decrease from the 360 min window scenario. This
suggests that an excessively long input window introduces irrelevant historical information
that acts as noise, hindering the model’s ability to learn meaningful patterns.

Performance Comparison by Transformer
(720 minute window)
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Figure 4. Performance comparison of pre-processing techniques with the Transformer model using a
720 min input window.

Furthermore, this approach was computationally inefficient. As the input length
doubled, the average training time also nearly doubled, making it an impractical choice.
Therefore, when considering both predictive accuracy and computational cost, the 720 min
window was determined to be an ineffective scenario for this task.

Table 5 shows the results of applying a 720 min input window to the R-Linear model,
which led to a distinct overall performance degradation compared to the 360 min scenario.
Key findings from this scenario are as follows:

e  For the shortest prediction horizon (60 min offset), the Median filter recorded the high-
est mean accuracy (67.41%) but was also highly unstable, with a standard deviation
of 11.08%.

e  The SMA filter once again proved to be the most robust technique, consistently achiev-
ing the best accuracy across most mid-to-long-term prediction horizons (360, 720, and
2880 min).

e  This confirms that even under inefficient input conditions, SMA is the superior tech-
nique for providing reliable and consistently high performance for long-term predic-
tions with the R-Linear model.
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Table 5. The table shows the prediction results of the R-Linear model using a 720 min input window.

Preprocessing Wal;g:?/ Accuracy (%) Accu:;oc)y Std. F1 Score (%) F1 Sc(f))/:)e Std. Tralm?j Time
720/60 62.66 13.06 40.09 12.54 232.9
720/360 62.09 7.34 34.90 9.59 230.5
Baseline 720/720 63.92 2.96 36.12 7.33 2254
720/1440 62.14 7.10 35.59 6.05 214.5
720/2880 62.94 2.69 37.05 5.96 206.9
720/60 65.14 6.91 37.68 13.31 220.9
720/360 65.69 4.94 39.11 10.51 217.8
SMA 720/720 64.59 2.48 37.66 6.32 216.3
720/1440 63.28 2.53 33.59 5.86 212.5
720/2880 64.93 8.75 46.55 7.77 206.7
720/60 67.41 11.08 46.55 11.00 2204
720/360 64.81 8.61 39.19 11.28 216.5
Median 720/720 62.11 6.94 33.40 8.50 216.6
720/1440 63.68 2.32 36.00 5.66 227.0
720/2880 59.12 10.77 33.59 7.79 219.6
720/60 64.76 7.57 40.75 10.12 235.4
720/360 63.60 3.54 36.39 7.68 2352
Hampel 720/720 62.92 3.86 35.22 8.15 234.9
720/1440 62.47 2.44 34.40 5.87 227.5
720/2880 62.85 3.06 35.84 7.26 2114
720/60 66.07 9.23 40.24 12.48 273.4
720/360 62.28 7.03 36.17 8.37 276.7
Kalman 720/720 61.38 2.55 30.27 7.44 262.7
720/1440 62.64 2.42 34.95 5.88 255.9
720/2880 60.50 10.65 37.49 8.13 2485

For the shortest prediction horizon (60 min offset), the Median filter (67.41%) and
Kalman filter (66.07%), which focus on outlier removal, recorded the highest mean accu-
racies, consistent with findings from the 360 min window experiment. However, in the
case of the Median filter, its high standard deviation of 11.08% indicates that its predictive
stability was very low, making it difficult to consider a practical technique.

In contrast, the SMA filter once again proved to be the most robust and reliable
preprocessing technique, particularly under these inefficient input conditions. Although it
did not achieve the top performance in the short-term prediction, it consistently yielded
the best mean accuracy across most of the mid-to-long-term prediction horizons (360, 720,
and 2880 min). This demonstrates that even when excessively long time-series data acts as
noise, the SMA filter stably preserves the core trend of the data, thereby maximizing the
long-term predictive performance of the R-Linear model.

Figure 5 illustrates the performance of the R-Linear model with an extended 720 min
input window. Consistent with previous findings, using a longer time window resulted
in an overall degradation of predictive accuracy. In this scenario, while the Median filter
held a slight advantage at the shortest 60 min offset, the SMA filter demonstrated more
robust and consistently superior performance across the majority of the mid-to-long-term
prediction horizons. This result further reinforces that even under sub-optimal input
conditions, the simple and stable nature of the SMA filter makes it the most effective and
reliable pre-processing choice for the R-Linear model.
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Performance Comparison by R-Linear
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Figure 5. Performance comparison of pre-processing techniques with the R-Linear model using a 720
min input window.

4.2. Results for Optimal Scenarios by Preprocessing Technique

Table 6 summarizes the optimal performance achieved by each preprocessing tech-
nique when paired with the two different model architectures, the Transformer and R-Linear.
The optimal result across all experiments was achieved with the combination of the Trans-
former model and the SMA filter, using a 360 min window and a 60 min offset, which
yielded an overall accuracy of 80.45%. This configuration, therefore, stands out as the most
effective methodology identified in this study. A consistent trend was observed where the
peak performance for most techniques was achieved under the short-term 360/60 scenario.
This suggests that for this particular task, a shorter look-back window containing more
recent historical data is more informative than an excessively long one.

Table 6. The table provides a comparative analysis of the optimal scenario for each preprocess-
ing technique.

Model Preprocessing (Vsi(;\r:lf:)%:ll /rgtflf(; r(:t) Accuracy
Baseline 360/60 78.88%
SMA 360/60 80.45%
Transformer Median 360/720 68.09%
Hampel 360/60 69.96%
Kalman 360/60 72.96%
Baseline 360/60 72.25%
SMA 360/60 72.61%
R-Linear Median 360/60 75.15%
Hampel 360/60 72.26%
Kalman 360/60 74.79%

Furthermore, a strong interaction between the model architecture and the optimal
preprocessing filter was evident. While the complex Transformer model performed best
with the SMA filter, the simple R-Linear model achieved its peak accuracy of 75.15% when
combined with the Median filter—a technique that performed poorly with the Transformer.
This highlights that the choice of the best preprocessing filter is not universal; rather, it is
highly dependent on the intrinsic characteristics of the model architecture.

In conclusion, this study identifies the combination of a Transformer, an SMA filter,
and a short-term 360/60 scenario as the optimal approach. Concurrently, it empirically
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demonstrates that the effectiveness of a preprocessing filter can vary dramatically depend-
ing on the model, reinforcing the importance of a data-centric approach that considers the
interplay between data, preprocessing, and model selection.

5. Discussion

This study analyzed the impact of data preprocessing using a novel, high-density
IIoT data from real-world industrial machine tools, which has not been previously re-
ported in academic literature. This data, collected at one-minute intervals and comprising
over 30 multivariate time-series, provided a foundation for exploring the complex char-
acteristics of real industrial noise that are difficult to analyze with typical public datasets.
Therefore, unlike existing studies that often assume ideal experimental conditions, this
work has the distinct advantage of directly addressing the complexities and unique noise
characteristics inherent in a real-world operational environment.

The experimental results show that the SMA filter achieved the highest overall per-
formance in terms of accuracy while simultaneously demonstrating predictive stability,
recording low standard deviations in most of the repeated experiments. This suggests
that appropriate and efficient pre-processing still plays a crucial role in maximizing the
performance of modern deep learning models. With the exception of SMA, most filters
failed to outperform the baseline model and, in some cases, even degraded performance.
Specifically, the Median and Hampel filters, which focus on outlier removal, not only
showed low mean accuracy but also caused extreme predictive instability, as confirmed by
their very high standard deviations, severely compromising the model’s reliability. This
highlights a fundamental limitation of applying generic outlier removal techniques to
complex industrial data. While these filters are designed to remove noise, prior research
indicates that outliers can, in fact, be critical events for analysis [35]. In IoT systems, these
can be meaningful operational events, distinct from simple sensor defects [36]. Therefore,
we argue that the Hampel filter’s indiscriminate removal of these data points, without
distinguishing between noise and important operational events, is the direct cause of the
model’s degraded performance. Furthermore, the Kalman filter, a dynamic state estimator,
was theoretically expected to provide significant performance improvements. However,
the empirical results showed that while it achieved high mean accuracy in some short-term
scenarios, it also exhibited high standard deviations. Moreover, its predictive accuracy was
generally lower than that of the Baseline. This suggests that for this particular industrial
dataset, the complex state-estimation mechanism of the Kalman filter may have over-fit to
certain noise patterns, leading to unstable predictions. Conversely, the simple averaging ap-
proach of SMA proved to be a more robust strategy. This aligns with established principles
of time-series preprocessing, where the goal of a smoothing technique is to reduce noise
and short-term fluctuations to reveal the underlying pattern [37]. Our task of predicting
power efficiency states depends on the longer-term trend of energy consumption, not
short-term noise. As a classic smoothing method, the SMA filter is designed to attenuate
irrelevant noise while preserving this essential trend [37]. Therefore, providing the model
with a signal that highlights the core pattern serves as the theoretical basis for the superior
performance of SMA in our experiments.

Furthermore, this study confirmed the impact of input data length, i.e., the window
size, on model performance. The model generally achieved higher performance when
using a 360 min window compared to a longer 720 min window, which implies that past
data beyond a certain length can act as redundant noise.

These results offer important implications for practitioners in IloT data analytics.
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e  First, the SMA can be a more effective alternative to complex techniques. SMA
provided an ideal balance between performance and stability by reducing unnecessary
volatility while preserving key data trends.

e  Second, optimizing model performance requires not only selecting the right filter but
also the appropriate length of the input data.

In conclusion, this study corroborates the principle that success in applied machine
learning depends not on unreflective application of complex models or generic pipelines,
but on a data-centric, nuanced approach that recognizes the unique characteristics of the
problem domain.

6. Conclusions

This study empirically investigated the impact of various data pre-processing filters
on the performance and stability of two contrasting deep learning architectures—a com-
plex Transformer and a simple R-Linear model—for time-series classification in an IIoT
environment. The research derived a clear conclusion: a data-centric approach, centered on
applying a simple and computationally efficient filter like the SMA, was the most robust
and effective strategy overall. This demonstrates that enhancing data quality is a critical
prerequisite for maximizing the performance of modern deep learning models, regardless
of their complexity.

The main findings and their implications can be summarized as follows. First, the
optimal preprocessing technique varied dramatically depending on the model architecture.
The complex Transformer model, with its attention mechanism, was able to capture the
subtle characteristics of the data smoothed by the SMA filter to achieve its peak performance.
In contrast, the R-Linear model, which is unable to leverage such complex characteristics to
the same degree due to its simple linear structure, showed a complex pattern: it responded
more favorably to data where outliers were effectively removed (as with the Median
and Kalman filters) for short-term predictions, yet for long-term predictions, the SMA
filter demonstrated superior performance. Second, the Kalman filter, despite its advanced
design, was consistently outperformed by the much simpler SMA filter in terms of both
peak performance and predictive stability. Third, this study confirmed the existence of
an optimal context window. The 360 min window yielded superior results to the longer
720 min window, confirming that more historical data is not always better.

The results of this study underscore for Industrial Al practitioners the importance
of a ‘data-centric’ optimization strategy over a purely model-centric one. Our findings
show that significant performance gains can be achieved by thoughtfully selecting an
appropriate, often simple, pre-processing technique and an optimal input data length,
based on an understanding of the data’s inherent characteristics. Therefore, establishing a
robust baseline with an interpretable and efficient method like SMA is a highly practical
and effective approach. This study also underscores that predictive stability, validated
through repeated experiments, is an indispensable requirement in industrial settings where
reliability is paramount.

Finally, our findings suggest several promising directions for future research. First, to
verify the generalizability of our findings—particularly the surprising effectiveness of the
simple SMA filter—the experimental framework should be applied to diverse industrial
datasets from other domains and to a wider range of deep learning architectures. Second,
future work should focus on developing a systematic methodology for selecting the optimal
preprocessing technique based on the characteristics of the time-series data and the chosen
model architecture. Our results strongly indicate that there is no one-size-fits-all solution;
for instance, while this study highlights the effectiveness of the SMA filter, its optimal
parameters would likely need tuning for the specific noise characteristics of different
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industrial environments. Finally, future research should investigate hybrid approaches at
both the preprocessing and model architecture levels. For instance, combining different
models to leverage their unique strengths may be a promising avenue for enhancing
predictive performance. Similarly, hybrid pre-processing techniques, which could combine
the robust trend-smoothing of SMA with the specific short-term advantages of other filters
(e.g., Median or Kalman), are expected to yield additional performance improvements by
adapting to different prediction horizons.
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