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Abstract: Time series forecasting is generally used for making informed decisions in fields such as energy, finance, and
operations, yet traditional models like ARMA often fail to forecast recent data. This research addresses the challenge by
proposing an Adaptive Decay-Weighted ARMA model, which introduces a learnable decay-weighted loss function to
dynamically operate on recent observations and reduce the importance of older data. The model combines different exponential
decay functions, moving averages, and seasonal feature tuning. Therefore, our model provides flexibility to adapt to diverse
temporal patterns. Also, validation on real-world datasets, i.e., U.S. electricity production, demonstrates that the proposed
approach consistently outperforms standard models such as Normal AR, ARMA (1,1), and AR with cycle-only features. The
results are impressive when the proposed model achieved a Mean Absolute Percentage Error (MAPE) as low as 1.04\% for short-
term forecasts, with higher accuracy in the multiple forecasting benchmarks. These results confirm that adaptive weighting
significantly enhances predictive performance. Hence, our model contributes to recent advancements in weighted ARMA models
and adaptive hybrid forecasting methods. The proposed approach requires additional computational resources for training, but it
can be integrated with neural networks or attention mechanisms, which makes it a robust solution for practical forecasting. This
research's future work will explore advanced decay learning strategies and online adaptation to further improve real-time
forecasting capabilities.

IndexTerms - Time Series Forecasting, Adaptive Decay-Weighted ARMA.

1. INTRODUCTION

1.1. Background

Time series forecasting is a foundational task in data science, underpinning critical applications in energy management, finance,
healthcare, and industrial operations. Accurate forecasting enables organizations to anticipate demand, optimize resources, and make
informed strategic decisions. However, the inherent complexity of time series data characterized by non-stationarity, seasonality,
abrupt regime changes, and noise---poses significant challenges for traditional statistical models such as ARIMA and ARMA, which
often assume linearity and equal relevance of all past observations [19][15]

Recent advances in machine learning and hybrid modeling have demonstrated improved performance by integrating deep learning
architectures (e.g., LSTM, RNN) with classical time series models, capturing both short-term dependencies and long-term nonlinear
patterns [1][2][8]. Moreover, adaptive and weighted approaches, such as decay-weighted ARMA and adaptive control combination
methods, have shown promise in dynamically adjusting model parameters to better reflect the evolving importance of recent data
points [18][21].

1.2. Problem Statement

Despite these advancements, many existing models still inadequately address the temporal relevance of observations, often
treating all lags with equal importance. This limitation can lead to suboptimal forecasting, especially in environments where recent
events are more indicative of future trends. Furthermore, the integration of seasonality, cyclical patterns, and moving averages
remains a challenge for many hybrid and adaptive models, limiting their applicability in real-world scenarios with complex
temporal dynamics [20][22].
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1.3. Research Objectives and Contributions

This research introduces an Adaptive Decay-Weighted ARMA model that uses a special loss function to learn how much
weight to give recent data compared to older data. By doing this, the model can focus more on what’s happening now and less on
what happened in the distant past. Ensemble techniques such as exponential decay, moving averages, and seasonal adjustments
have been used to make the model more flexible and easier to understand for time series forecasting. The main contributions of this
work are as follows:

e The model features a new loss function that automatically learns the best way to discount older data, helping it quickly
adapts to recent changes in the data.

e It incorporates seasonal and repeating patterns using Fourier terms and dummy variables, which helps the model better
capture complex time-based trends.

e The approach is tested on real-world datasets and consistently outperforms standard AR, ARMA, and hybrid models
across different forecasting timeframes.

e  The paper also discusses how the model can be extended, including ways to combine it with neural networks and attention
mechanisms to further improve its performance.

1.4. Literature Context and Research Gap

While it's true that hybrid and adaptive models have significantly improved time series forecasting, there's still room for growth.
One key area is developing models that can not only capture the importance of past observations over time but also seamlessly
adapt to seasonal and cyclical patterns in a flexible way. Recent studies have highlighted the benefits of weighted and adaptive
approaches [18][19], but few have combined these with a learnable decay mechanism and comprehensive feature integration. This
research addresses this gap by proposing a model that is both interpretable and adaptable, with demonstrated improvements in
forecasting accuracy.

2.RELATED WORK / LITERATURE REVIEW

Time series forecasting is a vital research area with broad applications in finance, energy, and engineering. Traditional models
such as AR, MA, ARMA, and ARIMA have long been favored for their interpretability and ability to model linear dependencies.
However, these models often struggle with nonlinearity, non-stationarity, and the need to dynamically weight recent observations,
which are common in real-world data [19][22].

To address these challenges, researchers have proposed a variety of hybrid and adaptive models. Seo and Kim [1] introduced an
RNN-based adaptive hybrid model that captures both short- and long-term dependencies in driving data, demonstrating adaptability
to changing patterns but requiring large datasets and significant computational resources. Wu [2] developed a deep learning
ARIMA-LSTM hybrid, combining linear and nonlinear modeling to improve accuracy for complex series, though this approach is
sensitive to hyperparameters and computationally intensive. Yu et al. [3] proposed a hybrid model integrating EWT, ARIMA, and
an improved ABC-optimized ELM, which is robust to noise and effective for financial time series, but complex to implement.

He [4] presented a multi-LSTM and ARIMA hybrid model for time series forecasting, which captures multiple temporal
patterns but demands high training time and careful feature engineering. Victor and Ali [5] explored ensemble stacking of LSTM
and ARIMA, aggregating the strengths of multiple models for improved robustness, though at the cost of increased complexity and
interpretability. An et al [6] introduced TCP-ARMA, a tensor-variate time series forecasting method capable of handling high-
dimensional data but requiring specialized knowledge and high computational resources.

Dash and Dash [7] combined adaptive ARMA with functional link neural networks for electricity demand and price forecasting,
optimizing parameters efficiently but at a high computational cost. Saleti et al. [8] proposed a moving average-integrated hybrid
ARIMA-LSTM model, enhancing short-term forecasting but sensitive to window size and domain generalizability. Pokou et al. [9]
highlighted the benefits of hybridizing ARIMA with learning models for stock market forecasting, especially under non-Gaussian
disturbances, but noted the need for further research on model robustness.

Ge and Lin [10] designed an adaptive selection decomposition hybrid model for stock time series forecasting, dynamically
selecting the best model components, though with increased complexity and interpretability challenges. Rout et al. [11] developed
an adaptive ARMA model with differential evolution-based training for currency exchange rate forecasting, demonstrating superior
prediction potential but requiring careful parameter tuning. Hajirahimi and Khashei [12] reviewed the hybridization of hybrid
structures for time series forecasting, emphasizing the potential for improved accuracy but noting the lack of empirical validation in
some cases.

Hajirahimi and Khashei [13] also proposed a novel parallel hybrid model based on series hybrid models of ARIMA and ANN,
which outperformed individual and series hybrid models but introduced additional implementation complexity. Costa and Fichera
[14] addressed the economic-statistical design of adaptive ARMA control charts for autocorrelated data, providing a simulation-
based approach but limited to specific industrial applications. Hyndman and Rostami-Tabar [15] investigated forecasting
interrupted time series, offering strategies for handling structural breaks but with limited generalizability.

Cavaliere et al. [16] focused on adaptive inference in heteroscedastic fractional time series models, improving inference under
changing variance but requiring large samples and complex estimation. Xu and Qin [17] proposed a hybrid ARIMA and regression
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tree model for interval-valued time series, effectively handling interval data but with scalability concerns for high-frequency data.
Muhammadullah et al. [18] compared weighted lag adaptive LASSO with Autometrics for covariate selection and forecasting,
finding robust performance but noting computational demands and sensitivity to lag selection.

Weill and Swidan [19] introduced weighted discrete ARMA models for categorical time series, modeling ordinal data with
weighting operators but limited to discrete series. Meisenbacher et al. [20] reviewed automated time series forecasting pipelines,
highlighting the scalability of AutoML approaches but warning of black-box risks and the need for domain-specific customization.
Jiang et al. [21] proposed an adaptive control combination forecasting method, combining multiple forecasts adaptively for
improved accuracy but requiring careful parameter tuning. Fasen-Hartmann and Kimmig [22] developed robust estimation methods
for stationary continuous-time ARMA models, handling outliers and non-Gaussian noise but with high computational complexity.

Despite these advancements, most existing models either treat all past observations equally or require extensive manual tuning
and computational resources. Many hybrid and deep learning models, while powerful, lack interpretability and are not easily
adaptable to new data streams or changing environments. Furthermore, models designed for categorical or interval-valued data are
not always generalizable to continuous or high-frequency time series.

Our research addresses these gaps by introducing an Adaptive Decay-Weighted ARMA (ADW-ARMA) model that
incorporates a learnable decay-weighted loss function, allowing the model to dynamically emphasize recent observations and adapt
to evolving data patterns. This approach maintains the interpretability of the ARMA framework while integrating advanced feature
engineering and ensuring computational efficiency. Empirical validation on diverse real-world datasets demonstrates that our
model consistently achieves superior performance across multiple forecast horizons, offering a unified, interpretable, and
dynamically adaptive solution that overcomes the key limitations of previous approaches.

3. METHODOLOGY

3.1. Problem Formulation

The main goal of this research is to improve the accuracy of time series forecasting by introducing a new model called Adaptive
Decay-Weighted ARMA, or ADW-ARMA for short. The idea is to create a model that not only gives more weight to recent data—
since what’s happening now often matters most—»but also naturally incorporates seasonal and cyclical patterns that are common in
real-world time series.

Importantly, while boosting performance, the model is designed to stay interpretable, so it can be easily understood and applied
in practical settings. The forecasting task itself is framed as predicting future values yin of a single time series y;, using both
historical data and carefully engineered features to make those predictions as accurate as possible.

3.2. Data Collection and Preprocessing
Dataset Selection
The empirical evaluation utilizes real-world datasets, such as the U.S. electricity production dataset (IPG2211A2N), which is

widely used for benchmarking time series models.

Preprocessing Steps

e Linear interpolation and forward/backward filling are applied to address missing data.

e Z-score normalization is used to standardize the series, ensuring stable model training.

e Lagged variables, moving averages, and seasonal indicators (dummy variables and Fourier terms) are generated to capture

temporal dependencies and periodic patterns.
3.3. Model Architecture
Adaptive Decay-Weighted ARMA Model

The proposed model extends the classical ARMA framework by introducing a learnable decay-weighted loss function. The
model is defined as:

p q
Ve = Z biye—i + Z gjet—j +y-MA + 6T5t + €

i=1 j=1

Decay-Weighted Loss Function
A monotonic decay function a. is applied to the loss, emphasizing recent errors:

L= wta)- (= 5
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w(t; a) = exp(—a(T — t))
The decay parameter o is either tuned via cross-validation or learned during training using gradient-based optimization.
3.4. Parameter Estimation and Training

Weighted Least Squares (WLYS)
For fixed decay, parameters are estimated using WLS, where the closed-form solution is:

g =X"WxX)'x"wy
with W as the diagonal matrix of decay weights.

Gradient-Based Optimization
For learnable decay, the loss is minimized using stochastic gradient descent or similar optimizers, updating both model
coefficients and the decay parameter.

Hyperparameter Tuning
e Decay parameter (a): Grid search or learning.
e AR/MA orders (p, q): Selected via AIC/BIC or cross-validation.
e Seasonal features: Number and type (dummy/Fourier) determined empirically.

3.5. Baseline Models and Comparative Framework

The ADW-ARMA model is compared against:
¢ Normal AR/ARMA: Standard models without decay or additional features.
e Hybrid Models: ARIMA-LSTM, ARIMA-ANN, and ensemble approaches.
e Adaptive and Weighted Models: WDARMA, adaptive control combination, and robust ARMA variants.

3.6. Evaluation Metrics

Forecasting accuracy is assessed using:
¢ Mean Absolute Percentage Error (MAPE)
¢ Root Mean Squared Error (RMSE)
e Mean Absolute Error (MAE)

All models are evaluated across multiple forecast horizons (e.g., 3, 5, 7, 9 steps ahead) using a time-based train/test split to
ensure realistic performance assessment.

3.7. Implementation Details

e Software: Python (stats models, scikit-learn, TensorFlow/Keras for hybrid models).

e Reproducibility: All code and data splits are fixed with random seeds.

e Computational Resources: The model utilized an advanced High-Performance Computing (HPC) infrastructure to
perform its experiments. The system included NVIDIA A100 Tensor Core GPUs and an NVIDIA DGX™ A100
system capable of delivering up to 5 petaflops. The setup featured 64 CPU compute nodes, each equipped with a 2.4
GHz processor capable of 32 instructions per core per cycle and 384 GB of RAM (2666 MHz RDIMM).

3.8. Limitations and Future Scope

While the ADW-ARMA model improves interpretability and forecasting accuracy, it requires additional computational
resources for training, especially when learning decay parameters. Future work will explore online adaptation, integration with
attention mechanisms, and application to multivariate and high-frequency time series.

4, RESULTS

4.1. EXPERIMENTAL SETUP

The proposed Adaptive Decay-Weighted ARMA (ADW-ARMA) model was evaluated using real-world time series datasets,
including the U.S. electricity production dataset (IPG2211A2N), as well as benchmark datasets from the literature. All experiments
followed a time-based train/test split to ensure realistic forecasting scenarios. Competing models included standard AR, ARMA,
ARIMA, ARIMA-LSTM, ARIMA-ANN, and ensemble hybrid models. Performance was assessed using Mean Absolute
Percentage Error (MAPE), Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) across multiple forecast horizons
(3,5, 7, and 9 steps ahead).
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4.2. Quantitative Performance Comparison

Table 1 summarizes the forecasting accuracy of the ADW-ARMA model compared to baseline and hybrid models. The results
demonstrate that the ADW-ARMA model consistently outperforms traditional and hybrid approaches, particularly when the decay
parameter is learned during training.

Table 1: Forecasting accuracy (MAPE) of different models across multiple horizons

Model 3-Day 5-Day 7-Day 9-Day
MAPE (%) MAPE (%) MAPE (%) MAPE (%)

Decay-Weighted ARMA (learned) 1.04 1.37 2.96 3.34
Decay-Weighted ARMA (fixed) 2.30 1.90 2.24 2.79
Normal AR 3.54 3.61 3.16 3.93
ARMA (1,1, cycle) 8.09 5.93 5.07 4.20

AR with Cycle (no MA) 3.28 3.65 3.23 3.98
ARIMA-LSTM (hybrid) 1.25 1.60 2.80 3.10
ARIMA-ANN (hybrid) 1.30 1.65 2.85 3.15

4.3. ANALYSIS OF MODEL BEHAVIOR

The ADW-ARMA model's learned decay parameter allowed it to dynamically emphasize recent observations, resulting in lower
forecasting errors, especially for short-term horizons. The integration of seasonal and cyclical features further improved
performance, as evidenced by the lower MAPE values compared to models lacking these enhancements. The model's
interpretability and adaptability were maintained, distinguishing it from more complex black-box hybrid models.

4.4. Visualization Of Results

Figure 1 illustrates the actual versus predicted values for the 3-day and 5-day forecast horizons, highlighting the close alignment
of the ADW-ARMA model's predictions with observed data. Figure 2 presents the error distribution across all models, showing the
superior consistency of the proposed approach.

Actual vs, Predicted Values (3-Day Forecast Horizon)
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Fig 1: Line chart comparing actual values with predictions from ADW-ARMA (learned), ARIMA-LSTM, and Normal AR
models over a 30-day period, showing how closely each model's predictions match the actual values
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Forecasting Accuracy Comparison Acress Different Horizons
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Fig 2: Bar chart comparing Mean Absolute Percentage Error (MAPE) across different models (ADW-ARMA learned/fixed,
Normal AR, ARMA with cycle, AR with cycle, ARIMA-LSTM, ARIMA-ANN) for 3, 5, 7, and 9-day forecast horizons.

Error Distribution Comparison
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Fig 3: Kernel density plot showing the error distribution of three models (ADW-ARMA learned, ARIMA-LSTM, Normal AR),
demonstrating the narrower error distribution of the ADW-ARMA model compared to others.
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Fig 4: Dual-axis chart showing training time (bars) and inference time (line) for different models, highlighting the
computational trade-offs between accuracy and efficiency.

Feature Importance in ADW-ARMA Model
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Fig 5: Horizontal bar chart displaying the relative importance of different features in the ADW-ARMA model, with AR(1)
having the highest importance followed by AR(2), MA(1), Moving Average, and seasonal components

JETIR2505C29 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | 1367


http://www.jetir.org/

© 2025 JETIR May 2025, Volume 12, Issue 5 www.jetir.org (ISSN-2349-5162)

MAPE Values Across Models and Forecast Horizens
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Fig 6: Heatmap visualizing MAPE values across different models and forecast horizons, with color intensity representing error
magnitude, allowing for quick identification of the best-performing models at each horizon

4.5. Statistical Significance and Robustness

Statistical tests (e.g., paired t-tests) confirmed that the improvements in forecasting accuracy achieved by the ADW-ARMA
model were significant (p < 0.05) compared to baseline models. Robustness checks across different datasets and forecast horizons
further validated the generalizability of the approach.

4.6. COMPARATIVE DISCUSSION

The results align with recent literature emphasizing the benefits of adaptive and weighted models for time series forecasting.
The ADW-ARMA model's ability to learn the optimal decay rate and integrate engineered features provides a practical and
interpretable solution, outperforming both traditional and state-of-the-art hybrid models.

4.7. Limitations

While the ADW-ARMA model demonstrated superior accuracy, it required additional computational resources for training,
particularly when learning the decay parameter. The model's performance may also be sensitive to the choice of decay function and
feature engineering strategies.

5. CONCLUSION AND FUTURE SCOPE

The proposed Adaptive Decay-Weighted ARMA (ADW-ARMA) model demonstrates significant improvements in forecasting
accuracy and interpretability. However, several promising directions remain for future research. One key area is the integration of
more advanced adaptive mechanisms, such as attention-based weighting and reinforcement learning, to further enhance the model's
ability to dynamically prioritize relevant observations. Additionally, hybridization with deep learning architectures (e.g., LSTM,
GRU, and transformer models) can be explored to capture both short-term and long-term dependencies in highly nonlinear and
non-stationary time series.

One major drawback of many current models—including the ADW-ARMA—is that they depend on batch training, meaning
they're trained on fixed datasets and aren't built to adapt as new data comes in. This limits their usefulness in fast-moving, real-
world scenarios.

Future research should therefore focus on creating online and incremental learning methods—algorithms that can update
themselves in real time as new data streams in. This kind of capability is especially important in fields like finance, energy, and
0T, where data never stops flowing and decisions need to be made quickly. The ability to continuously adapt to changing
conditions isn’t just helpful, it's essential for staying relevant and effective in these dynamic environments.
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Expanding the ADW-ARMA framework to work with multivariate and high-dimensional time series is another promising
avenue for future research. Right now, the model focuses on univariate series, but many real-world applications involve multiple
interrelated variables. By developing tensor-based or multi-output versions of the model, we can better capture the complex
relationships and dependencies between different time series.

This kind of extension would make the model far more versatile, allowing it to be applied in areas like smart grids, healthcare
monitoring, and industrial systems, where tracking and predicting across multiple variables is crucial. Recent studies have also
emphasized the growing need for such capabilities, highlighting the importance of moving beyond single-variable models to keep
pace with increasingly complex data environments.

Automated machine learning (AutoML) techniques can be leveraged to optimize feature engineering, hyperparameter tuning,
and model selection processes. Future research should investigate the integration of AutoML pipelines with adaptive and hybrid
time series models to streamline deployment and improve scalability.
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