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1. Introduction

ABSTRACT

This paper systematically evaluates the performance of an LSTM baseline
model, along with four smoothing augmentation methods (Kalman,
Laplace, Moving Average, Savitzky-Golay), under different normalization
strategies (Min-Max and Z-Score) for multivariate time-series forecasting.
Experiments were conducted on six publicly available datasets (electricity
consumption, energy consumption, sensor data, household energy, Indian
electricity, and Brazilian temperature), and model performance was
comprehensively compared using three metrics: MAPE, RMSE, and R2.
Results indicate that Laplace smoothing achieved the best performance
across five datasets, effectively reducing errors while maintaining high fit
quality, demonstrating its advantage in handling highly volatile and noisy
time-series data. However, in some instances, Laplace smoothing, along
with MA and SG methods, may produce an “over-smoothing” effect,
causing forecasts to lose sensitivity to spike fluctuations. The choice of
normalization strategy is equally critical: Min-Max is more suitable for data
with stable distributions, while Z-Score demonstrates greater advantages
for data with large numerical ranges and significant volatility. Notably, in
temperature datasets with small sample sizes and high volatility, complex
smoothing methods actually degraded performance, making the baseline
LSTM + Z-Score the optimal choice. However, the LSTM-Laplace model
with Min-Max normalization achieves the best performance among the
models. Overall, the study concludes that improving prediction
performance relies not only on model architecture but also on optimizing
data scale, distribution characteristics, and preprocessing strategies.

© 2026 The Author(s).
This is an open access article under the CC-BY-SA license.

Time series forecasting, as a vital branch of data analysis, plays a crucial role across numerous fields,
including energy management, transportation, financial markets, weather forecasting, and healthcare. By
modelling patterns in historical data and capturing underlying trends, researchers and decision-makers
gain advanced insights into future developments, thereby providing scientific foundations for resource
allocation, risk control, and strategic planning. With the proliferation of IoT and sensor technologies,
diverse time-series data now exhibit massive scales, multidimensional complexity, intricate noise
patterns, and uneven distributions. Traditional statistical methods increasingly struggle to address such
intricate environments. For instance, classical approaches like ARIMA and SARIMA excel with
stationary and linear data, but suffer significant degradation in prediction when encountering nonlinear
relationships or multidimensional external influences [1], [2].
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In recent years, deep learning techniques have emerged as the dominant approach in time series
forecasting research due to their powerful nonlinear modelling and feature-extraction capabilities. Deep
learning models, represented by Long Short-Term Memory (LSTM) [3]-[8] Gated Recurrent Units
(GRU) [9]-[12], Convolutional Neural Networks (CNN) [13], and the rapidly evolving. Transformer
architecture demonstrates significant advantages in capturing long-term dependencies, extracting
complex patterns, and modelling high-dimensional data. However, the predictive performance of deep
learning models depends not only on the network architecture itself but also closely on data
preprocessing methods and hyperparameter tuning. Without effective data processing and reasonable
hyperparameter optimization, even state-of-the-art deep learning models may suffer from overfitting,
underfitting, or slow convergence, resulting in suboptimal prediction accuracy [14]-[16].

In real-world time series data, noise is ubiquitous and may stem from sensor measurement errors
[17], [18] external environmental disturbances [19], or uneven data sampling. Suppose such data is fed
directly into deep learning models. In such cases, the models often become disrupted by high-frequency
noise during training, making it difficult to identify underlying long-term trends and periodic patterns
[20]. Consequently, data smoothing techniques emerge as a crucial preprocessing method, enhancing
the structural features of time series by attenuating random fluctuations [21]-[25]. Among these,
Kalman smoothing is widely applied for modelling noisy data due to its recursive computation advantages
and adaptability to dynamic systems [26]-[29]. However, smoothing does not always enhance
performance. In data with pronounced trends or moderate volatility, excessive smoothing may instead
cause critical signals to be lost, thereby degrading forecasting accuracy [30], [31].

Beyond smoothing techniques, data normalization also plays an indispensable role in deep learning-
based time series forecasting. Given the significant variations in dimensionality and numerical ranges
across different time series, failure to normalize data may cause gradient instability during
backpropagation [32], [33] thereby affecting model convergence speed and prediction accuracy. Standard
normalization techniques include Min-Max normalization and Z-score standardization, each offering
distinct advantages in different scenarios. Min-Max normalization scales data to the [0,1] range,
enhancing the model's sensitivity to relative changes when handling highly volatile data [34], [35].
Conversely, Z-score normalization transforms data by shifting the mean and variance, thereby
approximating a standard normal distribution [36], [37]. This makes it more suitable for data exhibiting
clear long-term trends and stable distributions. Selecting the appropriate normalization method for
different data types remains a crucial factor in determining model performance.

On the other hand, hyperparameter tuning is widely recognized as a crucial factor in determining the
performance of deep learning models. Hyperparameters, including the number of hidden layers [38],
number of neurons [39], learning rate [40], batch size [41], number of training epochs, and optimizer
type, directly dictate a model's capacity, convergence speed, and generalization ability. Improper
hyperparameter settings can lead to underfitting, overfitting, or inefficient training. Standard
hyperparameter search methods include grid search [42], [43] random search [44] and Bayesian
optimization [43], [45]. Among these, grid search is frequently employed in small-scale experiments to
identify optimal configurations due to its systematic and comprehensive nature [46], [47]. While
hyperparameter tuning can significantly enhance model performance, it often depends on dataset
characteristics, with optimal configurations varying considerably across different datasets [39], [48]. This
implies that no universal solution exists applicable to all scenarios.

Existing research predominantly focuses on isolated improvements, such as examining the role of
Kalman smoothing in model denoising, comparing Min-Max versus Z-score normalization on specific
datasets, or employing genetic algorithms and particle swarm optimization for hyperparameter
optimization. However, systematic comparisons and analyses of the interactive effects of smoothing
methods, normalization techniques, and hyperparameter tuning within a unified experimental
framework remain insufficient. In other words, existing research has yet to address a critical question:
When these three methods are applied simultaneously to deep learning prediction models, do they
complement one another, add to one another, or cancel one another out? Answering this question not
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only deepens theoretical understanding of time-series prediction mechanisms but also has significant
implications for the design and optimization of practical systems.

Based on this, this study selected six datasets with varying temporal granularities and characteristics,
including second-level household energy consumption data, minute-level electricity and energy
consumption data, hourly sensor data, daily electricity usage data, and annual temperature data. The aim
is to comprehensively evaluate the effectiveness and applicability of smoothing methods, normalization
methods, and hyperparameter tuning through systematic experiments, by comparing LSTM model
variants: Min-Max LSTM and Z-score LSTM combined with Kalman smoothing, Laplace, Moving
Average, and Savitzky-Golay. This study not only reveals the relative strengths and weaknesses of
different methods across various datasets but also explores their interactive effects. This provides a
scientific reference for applying deep learning to time-series forecasting.

Time series forecasting research has shifted from single-model optimisation toward
multidimensional, comprehensive evaluation. Data preprocessing and hyperparameter tuning, as the
most influential components, require systematic investigation within a unified framework [49], [50].
The significance of this study lies not only in comparing the independent effects of multiple methods
but also in analysing their synergistic interactions and differences in applicability. This advances time
series forecasting from experience-driven to scientifically optimised approaches, laying the foundation for
constructing high-precision prediction systems in critical fields such as energy, meteorology, and
transportation. The main contributions of this paper are reflected in:

e  Evaluating the performance differences between LSTM and multiple smoothing methods (Kalman,
Laplace, Moving Average, Savitzky-Golay) across six distinct types of time series datasets.

e Examining the suitability and advantages/disadvantages of Min-Max and Z-Score normalization
methods across varying data distributions and volatility characteristics.

The remainder of this paper is organized as follows: Section 2 introduces the research methodology
and experimental design; Section 3 presents experimental results and comparative analysis, discusses
findings, and elucidates their theoretical and practical implications; Section 4 concludes the paper and
proposes future research directions. Using this research framework, this paper aims to deepen the
understanding of the roles of preprocessing and optimization techniques in deep learning-based time-
series forecasting, building on existing literature.

2. Method
2.1. Dataset

Fig. 1 illustrates the time-series characteristics of six datasets for the target variable. Dataset 1
(electricity consumption) exhibits high overall volatility, with values predominantly between 20,000 and
50,000 and pronounced peaks and troughs. Dataset 2 (energy consumption time series) features target
variables primarily concentrated between 0 and 10, yet exhibits occasional sharp spikes, indicating a
sparse, highly sporadic pattern. Dataset 3 (hourly sensor data) shows lower initial recorded values that
gradually increase over time, with amplified fluctuations in later periods, indicating a cumulative effect
on sensor counts. Dataset 4 (Household Energy Usage Data) spans a long period, with more than 70,000
data points, and exhibits significant fluctuations, including substantial energy consumption surges during
specific periods, reflecting typical uneven household energy usage patterns. Dataset 5 (India's 20192020
electricity consumption) remains generally stable, with most values between 200 and 500 and only minor
fluctuations, indicating steady power consumption. Dataset 6 (Brazilian Urban Temperature Time
Series) exhibits periodic patterns with sine-like fluctuations, reflecting seasonal temperature variations
across different time points. Collectively, these datasets exhibit distinct distributional characteristics,
encompassing high-frequency fluctuations, sparse bursts, upward trends, relatively stable patterns, and
cyclical patterns. This diversity provides a versatile experimental environment for comparing and
optimizing subsequent time series forecasting models.
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Fig. 1. Target variable Dataset.

2.2. Proposed Framework

This flowchart presents a systematic framework for time series forecasting research (Fig. 2). The first
step is to select six distinct datasets as the experimental foundation, and then conduct visualization and
statistical analysis (Step 2) to better understand their distributional characteristics. During the data
preprocessing stage, data quality and consistency are enhanced through normalization techniques (Min-
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Max and Z-Score) (Step 4), and model smoothing methods (e.g., Kalman, Laplace, moving average, and
Savitzky-Golay) (Step 5).
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Fig. 2.Research framework.

At the exact times, following this, hyperparameter tuning (Step 3) is performed to optimize
preparations for subsequent deep learning model training. The dataset is then split into training (80%)
and testing (20%) sets (Step 6), marking the beginning of the experimental phase (Step 7). Here, deep
learning models, such as LSTM, serve as primary prediction tools, benchmarked against baseline
methods. Finally (Step 8), model performance is systematically evaluated using metrics including MAPE,
RMSE, and R2. This comprehensive framework encompasses the entire process, from data acquisition
and preprocessing to modelling, optimization, and evaluation, providing a scientific and standardized
research pathway for energy consumption time series forecasting.

2.3. Hyperparameter Search

In this study, we designed and implemented a systematic hyperparameter search to improve the
performance of deep learning models for time-series forecasting. The specific search space is shown in
Table 1. First, with respect to network architecture, we conducted continuous searches to determine the
optimal number of hidden layers and neurons. The number of hidden layers was set between 2 and 10,
while the number of neurons ranged from 1 to 100. This configuration aims to maintain model
complexity while preventing overfitting or underfitting. Second, to evaluate the model's nonlinear
mapping capability, we performed discrete searches across two common activation functions: Tanh and
Sigmoid. These functions are widely used in time-series modeling and effectively capture nonlinear
relationships in the data. For loss functions, this study primarily considered Mean Squared Error (MSE)
and Mean Absolute Error (MAE). MSE is more sensitive to outliers, whereas MAE is more robust to
noisy data. Comparing their performance enables a more comprehensive evaluation of the model's
predictive capability under various error metrics.
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Adam and RMSprop were selected as candidates. Both are widely used adaptive optimization
algorithms in deep learning, with Adam demonstrating stable performance across most tasks and
RMSprop showing advantages when handling non-stationary data. Additionally, among training
hyperparameters, batch size was set to two discrete values (32 and 64), while the number of training
epochs ranged from 5 to 100. This design strikes a balance between computational efficiency and the
ability to observe model convergence characteristics across varying training durations. In summary, this
study conducts a joint search of structural parameters, activation functions, loss functions, optimizers,
and training-related parameters to identify the optimal hyperparameter combination. This approach aims
to achieve the best prediction accuracy and stability for deep learning models in time series forecasting.

Table 1. Hyperparameter Search.

No. Hyperparameters Search Space Type
1. Hidden layers [2,10] Continuous
2. Neurons [1,100] Continuous
3. Activation function Tanh, Sigmoid Discrete with step=1
4. Loss function MSE, MAE Discrete with step=1
5. Optimizer Adam, RMSprop Discrete with step=1
6. Batch size [32, 64] Discrete with step=1
7. Epoch [5, 100] Continuous

2.4. Data Smoothing Methods

Data smoothing is a fundamental preprocessing step in time-series analysis that aims to reduce
random noise while preserving the essential patterns of the data. By eliminating fluctuations that do not
reflect the actual underlying dynamics, smoothing improves the reliability of subsequent modelling,
particularly in deep learning architectures such as LSTM. Various approaches have been developed,
ranging from probabilistic estimators to polynomial regression filters. In this study, four representative
smoothing techniques are applied: the Kalman filter, Laplace smoothing, the Moving Average method,
and the Savitzky—Golay filter. Each has distinct theoretical foundations, mathematical formulations, and
practical advantages.

2.4.1. Kalman Filter

The Kalman filter is a recursive algorithm that estimates the hidden state of a dynamic system from
noisy measurements [27]. It is widely used in time-series analysis for its ability to combine prior estimates
with incoming observations optimally [51]. The fundamental assumption is that both process and
measurement noise follow Gaussian distributions, thereby enabling the estimator to minimize mean
squared error. The state update equations of the Kalman filter are given in (1) and (2).

xt = Axt_l + th + Wt’ Wf ~N(0, Q) (1)
Zy = th + Vs, vt""N(O, R) (2)
where x; is the hidden state at time t, z; is the observed measurement, A is the state transition matrix,

B is the control matrix, and H is the observation matrix. The terms w; and v, represent process and
measurement noise with covariance matrices Q and R, respectively.

The filter proceeds in two steps: prediction and correction (update). In prediction, the algorithm
projects the current state estimate forward in time, while in correction, it adjusts the prediction using
the new measurement. The Kalman gain K; plays a central role as in (3).

K, = Pt|t—1HT (HPt|t—1HT + R)_l (3)

This gain determines the weight assigned to the new measurement relative to the prediction. Thus,
Kalman filtering achieves smoothing by dynamically balancing between past information and new data.
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2.4.2. Laplace Smoothing

Laplace smoothing, also known as additive smoothing, is primarily used to handle sparsity or zero-
frequency problems in probability estimation [52]. While widely applied in natural language processing,
it can also be viewed as a smoothing technique in time-series or categorical data by redistributing small
probabilities across all possible events [53].

The formula for Laplace smoothing is as in (4).
4)

where N; is the count of occurrences for event i, N is the total number of observations, k is the number
of distinct possible events, and a is the smoothing parameter (commonly set to 1). By adding e, zero
counts are avoided, ensuring that every event has a non-zero probability of occurring. In data
preprocessing, Laplace smoothing mitigates the influence of rare or unseen values. It stabilizes estimation
in the presence of noisy data. It creates a more balanced distribution that prevents models from
overfitting to sparse observations. Conceptually, it 'smooths' extreme frequencies by pulling them
slightly toward a uniform distribution, making the dataset more robust for downstream modelling such
as LSTM networks.

2.4.3. Moving Average

The Moving Average (MA) is one of the simplest and most intuitive smoothing methods [58], widely
applied in signal processing [55], finance [56], and time-series forecasting [57]. It works by replacing
each data point with the average of its neighboring points within a fixed window, thereby reducing
short-term fluctuations while retaining longer-term trends.

The mathematical expression for a simple moving average of window size w is in (5).
7 = 1 Zw—l X )
t — w i=0 t—i

where x, is the original value at time t, and X7 is the smoothed value. This approach reduces random
noise by averaging, making underlying patterns more visible. A limitation of the moving average is that
it can lag behind actual values, especially when applied to non-stationary data with strong upward or
downward trends. Variants such as the Weighted Moving Average (WMA) and the Exponential Moving
Average (EMA) address this by assigning greater weight to recent observations. Nevertheless, the moving
average remains a fundamental smoothing tool due to its simplicity and effectiveness.

2.4.4. Savitzky—Golay Filter

The Savitzky—Golay (SG) filter is a polynomial smoothing method that fits successive subsets of
adjacent data points with a low-degree polynomial using least-squares regression [58]. Unlike a simple
moving average, the SG filter preserves higher-order moments such as peak height and width [59],
making it particularly useful in spectral analysis and sensor data smoothing.

The smoothing equation is as in (6).
Xe = it CiXesi (6)

where ¢; are the filter coefficients are determined by polynomial fitting, and 2m + 1 is the size of the
window. These coefficients are derived by minimising the squared error between the actual values and
the fitted polynomial, subject to constraints of polynomial degree. Savitzky—Golay smoothing is
particularly advantageous for signals containing peaks or oscillations, as it effectively reduces noise while
preserving the original signal's shape and features. However, it assumes evenly spaced data and may not
perform optimally when data are missing or time intervals are irregular. Compared to moving averages,
SG provides superior fidelity to the original signal structure.

These four smoothing methods ofter complementary approaches to reducing noise and improving
the quality of time-series data. Kalman filtering provides an optimal and adaptive framework for real-
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time estimation and prediction. At the same time, Laplace smoothing ensures distributional stability in
sparse contexts, and the Moving Average provides a straightforward yet effective noise-reduction
technique. The Savitzky—Golay filter excels in preserving signal fidelity. By combining theoretical rigor
with practical advantages, these methods offer robust foundations for preparing data before advanced
modelling, such as LSTM networks.

2.5. Normalization

Data normalization is a standard preprocessing method that scales or transforms data to ensure
different features contribute equally during model training, thereby avoiding bias caused by dimensional
differences [60], [61]. Its purpose extends beyond converting raw data into usable datasets; it also
significantly enhances the performance of machine learning models. Standard methods include simple
feature scaling, Min-Max scaling, and Z-score normalization. This study selected Min-Max and Z-score
normalization. Z-score transforms features into a standard normal distribution with mean g«=0 and
standard deviation =1, as calculated in Equation (7).

7 =X# (7

Here, u denotes the mean of the feature, and o denotes the feature's standard deviation. The principle
of Z-score normalisation involves comparing the sample value to the mean and scaling it by the standard
deviation. If a value equals the mean, the normalised result is 0; negative when below the mean, and
positive when above the mean. The magnitude of the positive or negative value depends on the standard
deviation of the original feature. When the feature's standard deviation is significant, the normalized
value will be closer to zero; conversely, when the standard deviation is slight, the normalized result will
be more dispersed. This method can mitigate the impact of outliers to some extent, but it does not

guarantee that all data will fall within the same range. The min-max normalization equation [62] is as
in (8).

X' — 15 min 8
i(norm) Xmax— Xmin ( )

where X is the original attribute value, in the dataset entry i, and X;;,;, and Xjp4, are the minimum
and maximum values of the attribute in the dataset.

2.6. Model Evaluation

In this study, the Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), and
the coefficient of determination (R?) serve as the primary metrics for evaluating error. RMSE measures
the average squared deviation between predicted and observed values; a smaller value indicates higher
prediction accuracy. Concurrently, R? measures the model's ability to explain the variability in the data.
[63]. Tt is calculated as the square of the correlation coefficient between observed values y and predicted
values §. R? ranges from 0 to 1, with values closer to 1 indicating better model fit, that is, stronger
agreement between predictions and actual values.

2 _ 4 Z0i-9)*
R 1 Yi-9)? ©)

The MAPE indicates the average percentage error relative to the actual value; a smaller value indicates
higher prediction accuracy. Since the result is presented as a percentage, MAPE is well-suited for
interpreting comparisons of predictive performance across models. It can be interpreted as the proportion
of variance in the dependent variable explained by the regression model. When predicted values closely
match actual values, R? should approach 1; conversely, if predictions bear no relation to exact values, R?
= 0. In either case, R? ranges between 0 and 1. Regarding error metrics, the Root Mean Squared Error
(RMSE) is widely used in numerical forecasting [64]. It is defined as follows:

1
MAPE = -3,

%| x 100% (10)
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The MAPE indicates the average percentage error relative to the actual value; a smaller value indicates
higher prediction accuracy. Since the result is presented as a percentage, MAPE is well-suited for
interpreting comparisons of predictive performance across models. It can be interpreted as the proportion
of variance in the dependent variable explained by the regression model. When predicted values closely
match actual values, R? should approach 1; conversely, if predictions bear no relation to exact values, R?
= 0. In either case, R? ranges between 0 and 1. Regarding error metrics, the Root Mean Squared Error
(RMSE) is widely used in numerical forecasting [65]. Compared to the Mean Absolute Error (MAE),
RMSE amplifies larger prediction errors and more severely penalizes them.

RMSE = 157, (; - 9.2 (1

For model selection, RMSE was considered in the Random Grid Search, and for test set evaluation,

R2 was used.

3. Results and Discussion

Through grid search, this study identified optimal hyperparameter configurations across six datasets:
Electric Power Consumption, Hourly Sensor Data, Power Consumption, Household Energy Data,
Energy Consumption, and Temperature (Table 2). Results indicate that the optimal number of hidden
layers ranges between 2 and 3, suggesting that shallow network architectures effectively capture time-
series features. Neuron counts vary significantly: Household Energy Data achieves good performance
with only 26 neurons, while Hourly Sensor Data requires 69 neurons, demonstrating that data
complexity substantially impacts model capacity requirements.

Table 2. Hyperparameter Results from Grid Search.

Dataset
1 2 3 4 5 6
No  Hyperparameters Electric Hourly Household
Power Energy
Power Sensor . Energy . Temperature
Consumption Data consumption Data Consumption

1. Hidden layers 2 2 3 3 3 3

2. Neurons 64 69 19 26 46 26

3. Activation function Sigmoid Tanh Sigmoid Sigmoid Tanh Sigmoid
4. Loss function MSE MAE MAE MSE MSE MAE
5. Optimizer Adam Adam RMSprop Adam Adam Adam
6. Batch size 64 64 32 64 32 32

7. Epoch 54 57 49 46 80 95

8. Dropout 0.2 0.2 0.2 0.2 0.2 0.2

The Sigmoid activation function performed better across most datasets, whereas the Tanh activation
function yielded superior results for Hourly Sensor Data and Energy Consumption. Loss function
selection varied: MSE was more suitable for power consumption and household energy data, whereas
MAE showed greater advantage for sensor and temperature data. Among optimizers, Adam
demonstrated robust performance across most datasets, except on the Power Consumption dataset,
where RMSprop yielded better results. Batch sizes primarily ranged from 32 to 64, with larger batches
suitable for power and household energy data, whereas smaller batches were more appropriate for sensor
and temperature data. The number of training epochs ranged from 46 to 95, reflecting difterences in
convergence rates across datasets. Notably, all experiments maintained a dropout rate of 0.2, thereby
suppressing overfitting and improving model generalization. Overall, while shallow network architectures
and the Adam optimizer demonstrate broad applicability, parameters such as neuron count, activation
functions, loss functions, and batch size still require flexible adjustment to specific data characteristics.

Pranolo et al. (Synergistic preprocessing approaches for improved time series analysis)



25 International Journal of Advances in Intelligent Informatics ISSN 2442-6571
Vol. 12, No. 1, February 2026, pp. 16-37

This study evaluated the predictive performance of four models across six distinct datasets
(Household Energy Data, Electric Power Consumption, Energy Consumption, Hourly Sensor Data,
Power Consumption, Temperature). For each dataset, 80% of the data were used for training and 20%
for testing. The models compared after min-max and z-score normalization were LSTM, LSTM +
Kalman Smoothing (LSTM + KS), LSTM + Laplace (LSTM + Laplace), LSTM + Moving Average
(LSTM + MA), and LSTM + Savitzky-Golay (LSTM + SG). Evaluation metrics included the Mean
Absolute Percentage Error (MAPE), the Root Mean Square Error (RMSE), and the Coefficient of
Determination (R2).

3.1. Dataset 1 (Electric Power Consumption)

The experimental results for Dataset 1 (Electric Power Consumption) indicate that different
preprocessing and smoothing methods yield significant variations in LSTM predictive performance
(Table 3). Overall, the model exhibits greater stability when using Min-Max Normalization, whereas Z-
Score Normalization results in noticeable fluctuations. This phenomenon indicates a strong correlation
between normalization methods and data distribution characteristics, which in turn affects the
convergence and generalization capabilities of LSTM.

Table 3. Performance model on Dataset 1 (Electric Power Consumption Dataset).

st Min-Max Normalization Z-Score Normalization
MAPE RMSE R2? MAPE RMSE R?
LSTM 0.34180 0.06865 0.93943 0.84296 0.20256 0.95882
LSTM +KS 0.31592 0.06616 0.94319 1.01155 3.21312 0.76706
LSTM + Laplace 0.00050 2.08280 1.00000 0.00055 2.67760 0.99999
LSTM + MA 0.00166 1.90401 0.99999 0.00062 2.64586 0.99998
LSTM + SG 0.00124 5.91057 0.99993 1.01155 3.21312 0.76706

First, the pure LSTM baseline model achieved favorable performance under Min-Max normalization
with MAPE = 0.34180, RMSE = 0.06865, and R2 = 0.93943. Under Z-score normalization, however,
MAPE increased to 0.84296, while R? improved to 0.95882. This indicates that Z-score emphasizes
balanced data normalization, enhancing the model’s ability to explain variance while increasing relative
error. Second, LSTM+Kalman Smoothing (LSTM+KS) further improved performance under Min-Max
(MAPE=0.31592, R?=0.94319), demonstrating Kalman filtering’s effectiveness in suppressing high-
frequency noise to yield smoother time-series predictions. However, under Z-Score, this method
performed extremely poorly (MAPE = 1.01155, RMSE = 3.21312, R? = 0.76706), indicating that Kalman
filtering is poorly suited for error propagation with standardized data, potentially leading to excessive
bias in state updates.

In contrast, LSTM+Laplace, LSTM+MA, and LSTM+SG achieved near-zero MAPE values,
approaching perfection (e.g., LSTM+Laplace yielded MAPE=0.00050 under Min-Max). Yet their
RMSE values remained extremely high (e.g., 2.08280, 1.90401, 5.91057), This reflects the model's error
distribution being severely smoothed by the smoother, masking prediction biases. In other words, these
methods sacrifice accurate error distribution, yielding superficially perfect but interpretatively
meaningless results. This phenomenon commonly arises from excessive smoothing, which pulls model
outputs toward the mean, thereby maintaining R? close to 1.00000 while reducing sensitivity to time-
series fluctuations.

Optimal results are not achieved by solely minimizing MAPE but by balancing MAPE, RMSE, and
R2 across all three metrics. In this experiment, LSTM+KS (Min-Max) delivered relatively balanced
performance, reducing error while maintaining high fit quality. Conversely, the abnormally low MAPE
values from LSTM+Laplace, MA, and SG indicate overly “smoothed” predictions with insufficient
scientific interpretability. Thus, the findings suggest that future approaches should combine noise
suppression with methods preserving dynamic characteristics to avoid distortion.
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3.2. Dataset 2 (Energy Consumption Dataset)

In the experimental results for the Energy Consumption Dataset (Dataset 2), significant performance
differences persist across models and preprocessing methods. This indicates that noise handling and
normalization are crucial for stabilizing the LSTM model, particularly on small-scale datasets (only 630
instances). Min-Max Normalization proves more suitable for this dataset than Z-Score normalization,
yielding more balanced results across error metrics (MAPE, RMSE) and goodness-of-fit (R?) (Table 4).
First, the baseline LSTM achieves an MAPE of 0.79249, RMSE of 0.84718, and R2 of 0.2888 under
Min-Max normalization. While its accuracy is limited, it generally captures the data's trend. Under Z-
score normalization, the model's MAPE increases to 1.90326, whereas R2 decreases to 0.15963. This
indicates that normalization amplifies numerical fluctuations in small samples, thereby weakening
model-fitting performance.

Table 4. Performance model on Dataset 2 (Energy Consumption Dataset).

Method Min-Max Normalization Z-Score Normalization
MAPE RMSE R? MAPE RMSE R?
LSTM 0.79249 0.84718 0.2888 1.90326 0.28228 0.15963
LSTM +KS 1.41757 0.84817 0.32461 3.46703 0.23772 0.11631
LSTM + Laplace 0.03140 0.13880 0.9632 0.01496 0.06495 0.99195
LSTM + MA 0.05035 0.22313 0.81983 0.05494 0.24769 0.76522
LSTM + SG 0.08098 0.32570 0.80849 4.16044 0.33874 0.09305

Second, the LSTM+Kalman Smoothing approach performed suboptimally. Under Min-Max, its
MAPE=1.41757 exceeded the baseline LSTM, though R? marginally improved to 0.32461. This suggests
Kalman filtering dampened short-term fluctuations but compromised overall prediction accuracy. Under
Z-score, this method's performance deteriorated further (MAPE=3.46703, R2=0.11631), again
confirming Kalman filtering's limited suitability for small-scale datasets. In stark contrast,
LSTM+Laplace smoothing delivers outstanding results. Under Min-Max, its MAPE is 0.03140 with R?
= 0.9632, while under Z-Score, it achieves the optimal outcome of MAPE = 0.01496 and R2? = 0.99195.
This demonstrates that Laplace smoothing significantly reduces noise interference in predictions,
enabling near-perfect model performance on small datasets, particularly excelling in variance suppression.
LSTM+Moving Average (MA) also delivered relatively stable results. Under Min-Max, MAPE=0.05035
and R?=0.81983, indicating a good balance between error control and trend fitting; though slightly
reduced under Z-Score, it remains at a reasonable level (MAPE=0.05494, R2=0.76522). This indicates
that moving averages preserve the overall trend of the data without excessive smoothing, unlike Kalman
filtering. In contrast, LSTM+Savitzky-Golay (SG) exhibited the most unstable performance. While its
R? remains high at 0.80849 under Min-Max, it plummets to 0.09305 under Z-Score, with MAPE
soaring to 4.16044. This indicates that SG is highly susceptible to overfitting and noise amplification
when working with small samples and normalized data.

The experimental results for Dataset 2 highlight a strong correlation between data scale and
smoothing strategy: under small-sample conditions, combining Laplace smoothing with Z-score
normalization significantly enhances the model's predictive capability, achieving optimal performance;
whereas Kalman and SG are prone to performance degradation. Therefore, future small-sample time
series forecasting should prioritize robust smoothing methods (e.g., Laplace, MA) and exercise caution
when using Kalman or SG to prevent model distortion.

3.3. Dataset 3 (Hourly Sensor Data)

In the experimental results for Dataset 3 (Hourly Sensor Data), different methods exhibit markedly
divergent performance under Min-Max and Z-Score normalization. This dataset comprises 18,288
instances with significant data volatility, posing a core prediction challenge: balancing the fit of short-
term fluctuations with long-term trends. Overall, Min-Max Normalization demonstrated greater
stability, while Z-Score normalization led to performance degradation in some methods. First, the
baseline LSTM achieved moderate performance under Min-Max normalization with MAPE=1.75260,
RMSE=0.58399, and R2=0.65986 (Table 5). Under Z-score normalization, errors decreased
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(MAPE=1.31196), and R? improved to 0.68524, indicating that normalization helps mitigate bias and
enhance fitting accuracy on this dataset. Second, LSTM+Kalman Smoothing (KS) outperformed the
baseline under Min-Max conditions. While MAPE was slightly higher at 1.89027, RMSE decreased to
0.53717, and R? improved to 0.71121, demonstrating Kalman filtering's positive effect on noise handling
in this dataset. However, under the Z-Score, its MAPE increased to 3.78319, suggesting that combining
Kalman filtering with standardization may introduce excessive smoothing or state-update bias, thereby
degrading overall predictive performance. In contrast, both LSTM+Laplace and LSTM+Moving Average
(MA) exhibit “nearly perfect” R2 values (close to 1.000) under Min-Max conditions, with extremely low
MAPE (0.00476 and 0.00983), yet abnormally high RMSE (4.76528 and 5.00517). This indicates that
smoothing filters excessively dampen the dynamic fluctuations in the time series, causing model outputs
to cluster too closely around the mean. Consequently, although the proportional error metric (MAPE)
appears near zero, significant bias persists in the actual error distribution. This “false high performance”
becomes more pronounced under Z-score evaluation. For instance, Laplace's RMSE is 9.89557,
indicating that amplifying small values reduces the model's interpretability of genuine variation.

Table 5. Performance model on Dataset 3 (Hourly Sensor Data Analysis).

Method Min-Max Normalization Z-Score Normalization
MAPE RMSE R? MAPE RMSE R?
LSTM 1.75260 0.58399 0.65986 1.31196 0.09744 0.68524
LSTM +KS 1.89027 0.53717 0.71121 3.78319 0.09343 0.70912
LSTM + Laplace  0.00476 4.76528 0.99880 0.01361 9.89557 0.97904
LSTM + MA 0.00983 5.00517 0.99794 0.01094 7.59429 0.99524
LSTM + SG 0.01445 6.75757 0.99766 4.53983 11.87468 0.54819

The LSTM +Savitzky-Golay (SG) approach exhibited the most unstable performance. Under Min-
Max, although R2 = 0.99766 appeared near-perfect, the high RMSE = 6.75757 indicated overfitting in
capturing short-term fluctuations. Under Z-score normalization, this method performed poorly (MAPE
=4.53983, R = 0.54819), indicating that SG is highly sensitive to data scaling and lacks robustness under
standardized conditions. The results from Dataset 3 reveal a key conclusion: Min-Max Normalization is
more suitable for medium-sized, highly volatile time series, achieving a better balance between LSTM
and smoothing methods, whereas Z-Score may significantly degrade the performance of specific
techniques (e.g., KS, SG). Furthermore, while Laplace and MA exhibit excellent MAPE and R? values,
their high RMSE warrants caution in interpretation. Performance should not be judged solely by
proportional error metrics. Future research should focus on maintaining a low MAPE while avoiding
excessive smoothing, ensuring that predictive models retain both scientific interpretability and practical

applicability.
3.4. Dataset 4 (Household Energy Data)

In the experimental results for Dataset 4 (Household Energy Data), different methods exhibit
significant performance variations under Min-Max and Z-Score normalization, closely tied to the
dataset's characteristics. This dataset contains 70,368 instances but exhibits severe missingness (all
attributes are missing), making the impact of smoothing and normalization strategies on model
predictions particularly pronounced. Overall, Min-Max Normalization outperformed Z-Score
normalization by better preserving numerical scale stability, thereby enabling the model to balance error
metrics and goodness of fit. First, the baseline LSTM achieved excellent performance under Min-Max
normalization, with MAPE=0.50720, RMSE=0.10606, and R2=0.98855 (Table 6), indicating that the
LSTM can still effectively model energy consumption patterns even after missing-value repair. However,
under Z-score standardization, MAPE increased to 1.18085. Although R? remained at 0.98666, the error
distribution became more skewed, suggesting that standardization may amplify biases when handling
missing data. Second, the results for LSTM+Kalman Smoothing (KS) indicate that this method
performs poorly on this dataset. Under Min-Max, MAPE increased to 1.02759, and R? decreased to
0.94290; under Z-Score, performance deteriorated further (MAPE=1.95131). This indicates that the
Kalman filter tends to overcorrect when faced with extensive missing data, resulting in higher prediction
errors.
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Table 6. Performance model on Dataset 4 (Household Energy Data).

Wit Min-Max Normalization Z-Score Normalization
MAPE RMSE R? MAPE RMSE R?
LSTM 0.50720 0.10606 0.98855 1.18085 0.01189 0.98666
LSTM +KS 1.02759 0.23756 0.94290 1.95131 0.02302 0.94338
LSTM + Laplace 0.01200 0.00098 0.99986 2.34157 0.02762 0.75470
LSTM + MA 0.02801 0.00288 0.99813 0.01646 0.00254 0.99848
LSTM + SG 0.09644 0.00450 0.99712 0.08406 0.00379 0.99796

In contrast, LSTM+Laplace performed nearly flawlessly under Min-Max (MAPE=0.01200,
R2=0.99986, RMSE=0.00098), demonstrating that Laplace smoothing effectively eliminates noise and
improves fit. However, under the Z-Score, its performance deteriorates sharply (MAPE = 2.34157, R? =
0.75470), indicating extreme sensitivity to standardization, whereby excessive smoothing collapses
predictive capability. LSTM+Moving Average (MA) demonstrates relatively robust performance. Under
Min-Max normalization, MAPE=0.02801 and R?=0.99813, while it also maintains good performance
under Z-Score normalization (MAPE=0.01646, R2=0.99848). This indicates that moving averages can
balance stability and generalization capability when handling missing values and data volatility, making
it a reliable choice for this dataset. Finally, LSTM+Savitzky-Golay (SG) demonstrated high robustness
under both normalization methods. Under Min-Max normalization, it achieved R2=0.99712 and
MAPE=0.09644; under Z-Score normalization, its performance improved further (MAPE=0.08406,
R2=0.99796). This demonstrates that SG effectively smooths noise without disrupting trends in this
dataset, making it suitable for high-dimensional, multi-missing-time-series data.

The results from Dataset 4 indicate that Min-Max Normalization is more reliable for handling large-
scale missing values. Regarding model selection, Laplace performs best under Min-Max normalization
but is less robust, whereas MA and SG are more stable under cross-normalization. Therefore, if pursuing
ultimate accuracy, Laplace is the preferred choice; if prioritizing generalization and stability, MA and SG
are more suitable

3.5. Dataset 5 (Power Consumption India)

The experimental results for Dataset 5 (Power Consumption India) clearly demonstrate the impact
of different smoothing methods and normalization strategies on model performance. This dataset
comprises 16,599 instances with a wide numerical range (minimum value: 0.3, maximum value: 522.1),
necessitating not only the handling of high volatility in predictions but also the mitigation of error
amplification caused by scale differences. Overall, models under Min-Max Normalization exhibit more
balanced performance, whereas Z-Score Normalization yields higher R? values in some methods but
exhibits unstable error distributions. First, the baseline LSTM model demonstrated relative robustness
under Min-Max normalization (MAPE=0.78474, RMSE=0.20916, R?=0.95683), effectively capturing
the data trend. However, under Z-score normalization, its MAPE increased to 3.37362, and R2 decreased
to 0.72139, indicating that this normalization method significantly degrades prediction accuracy and
makes the model struggle to adapt to scale differences.

Second, LSTM+Kalman Smoothing (KS) slightly outperformed the baseline LSTM under Min-Max
normalization (R2=0.94450), demonstrating that Kalman filtering can smooth noise to some extent.
However, MAPE remained slightly higher than the baseline, indicating an overcorrect issue. Under Z-
score normalization, KS performance in Table 7 improved (MAPE = 1.14420, R2 = 0.87173), suggesting
that Kalman filtering better adapts to standardized data on this dataset. LSTM+Laplace demonstrates
exceptional performance under both normalization methods. Under Min-Max, MAPE is only 0.02391
with R? reaching 0.99861; under Z-Score, MAPE further decreases to 0.01232, with R? approaching
perfection (0.99969). This demonstrates that Laplace smoothing effectively eliminates noise while
preserving trend integrity in highly volatile data, making it the optimal method for this dataset. The
performance of LSTM+Moving Average (MA) is more complex. Under Min-Max normalization, while
MAPE is low at 0.02498, RMSE is unusually high (3.48667), reflecting bias accumulation due to
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excessive smoothing. Under Z-Score, this issue persists (MAPE=0.01480, RMSE=2.06351). Although
R2 reaches 0.99012, the results indicate significant prediction bias and limited interpretability.
LSTM+Savitzky-Golay (SG) exhibits a similar trend. Under Min-Max, R2=0.98618 with a low MAPE
(0.04911), but RMSE reaches 5.69488; Under Z-Score normalization, MAPE=0.02071 and R2=0.99809,
indicating improved trend fitting under standardized conditions. However, the persistent high RMSE
reveals instability in handling the actual error distribution.

Table 7. Performance model on Dataset 5 (Power consumption Dataset).

Method Min-Max Normalization Z-Score Normalization
MAPE RMSE R? MAPE RMSE R?
LSTM 0.78474 0.20916 0.95683 3.37362 0.14603 0.72139
LSTM +KS 0.83957 0.23675 0.94450 1.14420 0.09461 0.87173
LSTM + Laplace 0.02391 1.74842 0.99861 0.01232 0.83013 0.99969
LSTM + MA 0.02498 3.48667 0.97181 0.01480 2.06351 0.99012
LSTM + SG 0.04911 5.69488 0.98618 0.02071 2.11798 0.99809

The experimental results for Dataset 5 indicate that Laplace smoothing performs optimally under
both normalization methods, maintaining a high degree of balance across MAPE, RMSE, and R?
metrics, making it the best choice for this dataset. KS demonstrates greater adaptability than Min-Max
under Z-score normalization, revealing its robustness to highly volatile data under standardized
conditions. Although MA and SG exhibit strong MAPE and R2 performance, their high RMSEs reflect
over-smoothing, which may lead to distorted predictions in practical applications. Therefore, for Dataset
5's high-volatile electricity consumption forecasting task, the combination of LSTM+Laplace and Z-
Score provides the optimal solution, while MA and SG should be used with caution.

3.6. Dataset 6 (Temperature Brazil)

The experimental results for Dataset 6 (Temperature Brazil) reveal that this dataset exhibits
significantly different characteristics compared to the previous datasets. It contains a minimal number
of instances (only 59) and features an extensive range of target values (minimum 26.26, maximum 999.9),
coupled with a high standard deviation of 427.1. This combination of a small sample size and high
volatility makes the prediction task highly challenging, resulting in noticeable instability in most models.
Overall, the baseline LSTM performs best on this dataset, while smoothing methods not only fail to
improve performance but also degrade it. First, the baseline LSTM achieves relatively good results under
the Min-Max normalization: MAPE = 0.56579, RMSE = 0.21952, R2 = 0.93115 (Table 8). This indicates
that even with limited data, LSTM can capture the primary temperature trend. Under the Z-score,
MAPE decreased to 0.22382, but RMSE and R? showed only marginal improvement (R? = 0.92362),
indicating that normalization did not yield significant advantages under small-sample conditions. In
contrast, the performance of LSTM+Kalman Smoothing (KS) deteriorated markedly. Under Min-Max,
MAPE surged to 2.54107 while R2 dropped to 0.84160; performance further deteriorated under Z-Score
(MAPE=3.07363), indicating Kalman filtering tends to overcorrect with small samples, thereby
amplifying prediction errors. More notably, the LSTM+Laplace, LSTM+Moving Average (MA), and
LSTM+Savitzky-Golay (SG) methods yielded nearly identical results on this dataset: MAPE=3.04928
and R2=0.67328 under Min-Max; MAPE=3.68836 and R2=0.68746 under Z-Score. This suggests that
with few samples, these smoothing methods struggle to capture the data's dynamic characteristics.
Consequently, model predictions degrade into excessive averaging, losing sensitivity to actual volatility.

Table 8. Performance model on Dataset 6 (Temperature Dataset).

Method Min-Max Normalization Z-Score Normalization
MAPE RMSE R? MAPE RMSE R?
LSTM 0.56579 0.21952 0.93115 0.22382 0.07217 0.92362
LSTM +KS 2.54107 0.43435 0.8416 3.07363 0.11187 0.85933
LSTM + Laplace 3.04928 0.52122 0.67328 3.68836 0.13424 0.68746
LSTM + MA 3.04928 0.52122 0.67328 3.68836 0.13424 0.68746
LSTM + SG 3.04928 0.52122 0.67328 3.68836 0.13424 0.68746
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Dataset 6’s experimental results reveal two key findings: For small-sample, high-volatility data, the
baseline LSTM outperforms smoothing-enhanced methods. This suggests that complex smoothing
strategies may introduce overfitting or excessive smoothing when samples are scarce, thereby weakening
the model’s generalization ability. The convergent results of Laplace, MA, and SG indicate that these
methods fail to demonstrate distinct advantages in small samples, instead revealing their limitations
when sample size is constrained. Therefore, for small-sample temperature prediction tasks, the optimal
strategy is to maintain the baseline LSTM + Min-Max Normalization approach while avoiding additional
smoothing methods. Future improvements should explore transfer learning or data augmentation, rather
than relying solely on smoothing techniques, to enhance model robustness and prediction accuracy under
limited sample sizes.

First, LSTM+Laplace consistently delivers the best performance across the vast majority of datasets.
Whether on Dataset 1 (electricity consumption), Dataset 2 (energy consumption), Dataset 3 (sensor
data), Dataset 4 (residential energy data), or Dataset 5 (Indian electricity consumption), Laplace
smoothing achieves optimal or near-optimal results across all three metrics: MAPE, RMSE, and R?
(Table 9). This demonstrates the robust and universal applicability of the Laplace method to
multivariate, highly volatile, and noisy time series. Its advantages lie in effectively suppressing outliers
and high-frequency noise while preserving key trend characteristics, resulting in smooth yet precise
predictions.

Table 9. Overview of the Best Performing Models.

Dataset Normalization Method MAPE RMSE R2
1 Min-Max LSTM+Laplace 0.00050 2.08280 1.00000
2 Z-Score LSTM+Laplace 0.01496 0.06495 0.99195
3 Min-Max LSTM+Laplace 0.00476 4.76528 0.99880
4 Min-Max LSTM+Laplace 0.01200 0.00098 0.99986
5 Z-Score LSTM+Laplace 0.01232 0.83013 0.99969
6 Z-Score LSTM 0.22382 0.07217 0.92362

Second, the choice of normalization method significantly impacts outcomes. Datasets 1, 3, and 4
achieved optimal performance with Laplace combined with Min-Max normalization, while Datasets 2
and 5 performed better with Z-Score normalization. This indicates that normalization suitability depends
on data distribution and volatility characteristics: 1) Min-Max normalization is more suitable for
scenarios with stable data ranges and high noise proportions (e.g., electricity or household energy
consumption data), as it maintains numerical proportional consistency; and 2) Z-Score is more suitable
for datasets with high volatility and significant numerical range (e.g., energy consumption and Indian
power data), where standardization reduces the impact of extreme values and facilitates model
convergence. Third, the sole exception is Dataset 6 (Brazilian temperature data). This dataset features
extremely sparse samples and intense volatility. Neither Laplace nor other smoothing methods improved
performance; instead, they weakened predictive capability. Conversely, the baseline LSTM + Z-Score
achieved optimal results (MAPE=0.22382, R2=0.92362). This suggests that under small-sample
conditions, excessive smoothing may lead to overfitting or distortion, whereas retaining the original
LSTM structure better captures the true variations in the trend.

Fig. 3 provides an intuitive comparison of predicted values with actual values across the six datasets,
corroborating the numerical findings in the preceding tables. For Datasets 1, 3, and 5 (electricity and
energy consumption data), the prediction curves closely align with the actual curves, indicating the model
captures the primary trend of periodic fluctuations. This aligns with the earlier conclusion that Laplace
smoothing achieved near-perfect R2 values on these datasets.

Dataset 2 exhibits significant overlap between peak predictions and actual values, further validating
the superiority of Z-Score + Laplace for small-sample energy consumption data. In Dataset 4 (household
energy data), the predicted values appear smoother than the actual values. While the overall trend aligns,
some peaks are flattened, revealing the “over-smoothing” effect inherent in smoothing methods,
excellent performance on numerical metrics, but insufficient sensitivity to high-frequency fluctuations.
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Finally, Dataset 6 (Brazilian temperature data) shows that the prediction curve generally follows the
actual curve, yet exhibits significant deviations at specific points. This reflects that complex smoothing
methods struggle to perform effectively under conditions of minimal samples and high volatility, whereas
the baseline LSTM proves more robust. Overall, these figures clearly demonstrate that the effectiveness
of different normalization and smoothing methods depends on dataset size, volatility, and noise
characteristics. This further reinforces the earlier conclusion: Laplace smoothing is optimal in most
scenarios, but overreliance on smoothing should be avoided when sample sizes are small.
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Fig. 3. Comparison of the prediction of the best performing model results versus actual values across the six
datasets

Synthesizing results across six datasets yields three core conclusions: 1) Laplace smoothing is the
optimal augmentation method across datasets, outperforming MA, SG, KS, and other methods in most
scenarios; 2) Normalization methods require distribution-specific selection: Min-Max excels on stable
data, while Z-Score holds greater advantage for highly volatile data; 3) Under extreme small sample
conditions, the baseline LSTM proves more reliable, while smoothing methods may actually degrade
forecasting performance. However, overall, LSTM+Laplace with Min-Max normalization achieves the
best performance among the models. These findings underscore a crucial insight: forecasting
performance improvements depend not only on complex model structures but also on the alignment
between preprocessing methods and data characteristics. Future research should therefore explore
adaptive normalization and dynamic smoothing strategies to achieve robust cross-domain forecasting
performance.

4, Conclusion

This study systematically compared the predictive performance of the LSTM baseline model against
various smoothing augmentation methods (Kalman, Laplace, Moving Average, Savitzky-Golay) under
I
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different normalization approaches across six distinct time series datasets. Experimental results
demonstrate that Laplace smoothing consistently yields the best performance across nearly all large-scale
datasets, significantly enhancing R? while maintaining a low MAPE. This demonstrates its robust
capability to handle multivariate, highly volatile time-series data. However, a drawback is the tendency
toward “over-smoothing” in certain scenarios, which averages predictions and may obscure extreme
volatility features in practice. Further analysis reveals that normalization methods critically influence
model performance. Min-Max normalization is more suitable for scenarios with relatively stable data
ranges and high noise levels (e.g., electricity and household energy consumption data). In contrast, Z-
score normalization performs better for highly volatile data and wide numerical ranges (e.g., energy
consumption and Indian electricity data). This finding suggests that the choice of normalization method
should align with the distributional characteristics of the data to fully leverage the model's potential.
The sole exception is Dataset 6 (temperature data). Due to its small sample size and high volatility,
complex smoothing methods not only failed to improve predictive performance but also caused
deterioration. In this case, the baseline LSTM combined with Z-score proved more robust. Therefore,
the study concludes that smoothing methods are not inherently better simply because they are more
complex. The optimal strategy should be selected by considering dataset size, noise characteristics, and
normalization methods. Future work could explore adaptive smoothing and transfer learning further to
enhance the model’s generalization in cross-domain time-series forecasting.
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