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Abstract: - Time series forecasting is a critical aspect of data analysis, with applications ranging from finance
and economics to weather prediction and industrial processes. This review paper explores the evolution of time
series forecasting techniques, analyzing the progression from classical methods to modern approaches. It
synthesizes key advancements, discusses challenges, future directions and provides insights into emerging
trends. Traditional forecasting methods often struggle with capturing the complex patterns and dynamics present
in real-world time series data. This study explores the efficacy of cutting-edge models, such as long short-term
memory (LSTM) networks, and recurrent neural networks (RNNs), in capturing intricate temporal
dependencies. It also aims to guide researchers and practitioners in selecting appropriate methods for diverse
time series forecasting applications. We categorize existing approaches, discuss their strengths and limitations,
and highlight emerging trends in the field.
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I. INTRODUCTION

Time series forecasting is a branch of predictive analytics that involves predicting future values of a
variable based on its past observations or measurements. In a time series, data points are collected, recorded, or
observed over time, and the goal of forecasting is to make predictions about future values. Time series
forecasting finds applications in various fields, including finance [1][2], economics [3][4], weather forecasting
[5]]6], stock market analysis [7][8][9], energy consumption prediction [10][11], and more.

Key components and concepts in time series forecasting play important role in forecasting. Time Series
Data is a series of data points indexed or ordered chronologically. Examples include daily stock prices, monthly
sales figures, hourly temperature readings, etc. Trend is a long term changes in the data, like values rising or
falling over time. Seasonality is repeating patterns or cycles that occur at regular intervals, often influenced by
factors like seasons, holidays, or days of the week. Noise is random fluctuations or irregularities in the data that
do not follow a specific pattern.

Various mathematical models and algorithms are used for time series forecasting, including autoregressive
integrated moving average (ARIMA) [12], exponential smoothing methods [13][14], and machine learning
techniques like Long Short- Term Memory (LSTM) [15][16] networks and recurrent neural networks (RNN)
[17]. Time series forecasting helps businesses anticipate future trends and make informed decisions, such as
inventory planning [18], resource allocation [19], and marketing strategies. Time series forecasting is a method
employed in the financial domain to predict financial metrics, including stock prices and fluctuations in currency
exchange rates [20], assisting investors and traders in making investment decisions. Forecasting demand for
products helps optimize inventory levels [21], reduce costs, and improve overall supply chain efficiency [22].
Predicting energy consumption [23] patterns aids in optimizing energy production and distribution, leading to
cost savings and sustainability. Time series analysis is crucial in meteorology for predicting weather conditions
[24], which is vital for agriculture, disaster management, and public safety.
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Table 1: Methods applied for various applications domain

Application Number of Methods Used
Business Regression Analysis, ARIMA, Exponential Smoothing, Machine Learning
Decision-Making Models (e.g., LSTM, Random Forest)
Financial Time Series Analysis, GARCH Models, Autoregressive Models, Neural
Markets Networks, Monte Carlo Simulation
Supply Chain Seasonal Decomposition, Holt-Winters Exponential Smoothing, Long
Management Short-Term Memory (LSTM), Prophet
Energy Autoregressive Integrated Moving Average (ARIMA), Support Vector
Management Machines (SVM), Deep Learning Models, Genetic Algorithms
Weather Numerical Weather Prediction Models, Time Series Regression, Ensemble
Forecasting Methods, Markov Models

Long Short-Term Memory (LSTM), Gaussian Processes, Bayesian

Healthcare Methods, Hidden Markov Models
Traffic Time Series Clustering, Dynamic Time Warping, Recurrent Neural
Management Networks (RNN), Kalman Filters

Forecasting can be applied to predict disease outbreaks [25], patient admission rates, and resource
requirements in healthcare systems. Predicting traffic patterns [26] helps optimize transportation systems, reduce
congestion, and enhance overall urban planning. Table 1 shows various methods used for forecasting in various
application areas.

Il. TIME SERIES FORECASTING METHODS

Time series forecasting methods can be broadly categorized into traditional statistical approaches, modern
machine learning techniques, deep learning approaches and hybrid methods.

2.1. Classical Methods

Time series forecasting involves predicting future values based on historical data. Simple Moving Average
(SMA) calculates the average of a fixed humber of recent data points. Johnston & Boyland [27] discussed SMA
properties in their study. Exponential Moving Average (EMA) gives more weight to recent observations,
allowing the model to adapt to changes faster. Klinker [28] compared EMA with moving averages.
Autoregressive Integrated Moving Average (ARIMA) combines auto regression (AR), differencing (1), and
moving averages (MA). Shumway and stoffer [29] used this technique in time series forecasting. Seasonal
Decomposition of Time Series (STL) decomposes the time series into seasonal, trend, and remainder
components. It helps in analyzing and forecasting each component separately. Seasonal-Trend decomposition
using LOESS (STL-LOESS) is similar to STL but uses locally weighted regression (LOESS) for smoother trend
and seasonal components [30]. Holt-Winters Exponential Smoothing incorporates trends and seasonality in the
data and includes three smoothing parameters (a, B, v) for level, trend, and seasonality [31]. SARIMA (Seasonal
ARIMA) is the extension of ARIMA that considers seasonality [32]. It involves additional seasonal parameters
similar to ARIMA. Theta Method is a simple exponential smoothing method with a parameter called theta (0)
and can be seen as a generalization of the exponential smoothing methods [33]. Prophet is developed by
Facebook; Prophet is designed for forecasting with daily observations that display patterns on different time
scales [34]. It can handle missing data and outliers well. Box-Jenkins Methodology is a systematic approach to
time series analysis and forecasting developed by George Box and Gwilym Jenkins [35][36]. It involves model
identification, parameter estimation, and diagnostic checking.
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2.2. Machine Learning Approaches

Time series forecasting methods based on machine learning leverage algorithms to analyses historical data
patterns and make predictions about future values. Regression-based methods, including linear regression [37],
polynomial regression [38], and time series decomposition [39], are widely used for forecasting. These
techniques model the connection or association between the characteristics provided as input and the outcome
variable, making them simple and interpretable. However, they may struggle to capture non-linear patterns and
complex dependencies. Decision trees are versatile models capable of capturing non-linear relationships.
Spiliotis [40] used decision tree to forecast time series data. Ensemble methods, such as bagging and boosting,
enhance the predictive performance by combining multiple decision trees. Random Forests is an ensemble of
decision trees. Hristos and Georgia [41] assessed the performance of random forests in one-step forecasting
using two large datasets of short time series with the aim to suggest an optimal set of predictor variables. Lin
and Wang [42] suggest forests-based extreme learning machine ensemble for multi-regime time series
prediction. Random Forests provide robustness and are less prone to over fitting [43] compared to individual
trees. Support Vector Machines [44][45] are effective in time series forecasting, particularly in situations with
high dimensionality. SVMs try to locate a hyper plane that best divides data points in feature space. While they
may require careful tuning and pre-processing, SVMs can handle complex relationships in time series data.
Random Forests [46], an ensemble method discussed earlier, deserve special attention due to their effectiveness
in capturing complex relationships and providing robust predictions. They excel in handling large datasets and
are less sensitive to noise in the data. Gradient Boosting algorithms, such as XGBoost [47] and Light GBM [48],
have become popular for time series forecasting. These algorithms build a strong predictive model by iteratively
combining weak learners. They are known for their high accuracy and ability to handle missing data.

2.3. Deep Learning Approaches

Time series forecasting methods based on deep learning leverage neural networks, such as recurrent neural
networks (RNNs) and long short-term memory networks (LSTMs), to model complex temporal dependencies in
sequential data. These methods excel in capturing patterns, trends, and seasonality in time series data, offering a
powerful approach for predicting future values. RNNs [49] are foundational deep learning models for sequential
data. However, they suffer from the vanishing and exploding gradient problems, limiting their effectiveness in
capturing long-range dependencies. Despite these limitations, RNNs serve as the building blocks for more
advanced architectures. LSTM networks [50][51] address the vanishing gradient problem by introducing
memory cells that can store and retrieve information over long sequences. LSTMs have demonstrated superior
performance in capturing temporal dependencies and are widely applied in time series forecasting tasks. GRUs
[52] is a variant of RNNs designed to simplify the architecture while retaining the capability to capture long-
range dependencies. They have shown comparable [53] performance to LSTMs in various applications and are
computationally more efficient. Originally designed for natural language processing tasks, Transformer
architectures, such as the Attention [54] is All You Need model, have been adapted for time series forecasting.
These models use self-attention mechanisms to capture dependencies across different time steps simultaneously,
enabling parallel processing and scalability.

2.4. Hybrid Approaches

Hybrid approaches for time series prediction aim to leverage the strengths of classical methods, machine
learning (ML) techniques, and deep learning (DL) approaches to improve the accuracy and robustness of
predictions. Here are some common hybrid approaches. Classical methods like ARIMA or Exponential
Smoothing can be used to generate traditional time series features. These features can then be fed into machine
learning methods like random forests and decision trees [55], or gradient boosting machines [56]

Combining the forecasts of classical methods with those of ML models through ensemble methods like
bagging or boosting can often result in more accurate predictions. ML models can be employed to extract
features and selection before inputting the data into deep learning models. This can help capture important
patterns and reduce the dimensionality of the input space [57][58].

Pre-trained ML models can be used as feature extractors for deep learning models. The knowledge gained
by the ML model on one task can be transferred to the deep learning model for better performance [59] Using
classical methods to generate initial predictions and then refining them with machine learning models, followed
by deep learning models, can create a cascade of models [60] that progressively refines the predictions at each
stage. It’s an approach of creating models that have both classical and deep learning components [61], for
example, using a neural network to learn the residuals from an ARIMA model.
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Method is to combine predictions from different types of models into a model for the ultimate forecast [62].
This can include stacking the outputs of classical models, machine learning models, and deep learning models.
Idea is to assign different weights [63] to the predictions from classical, ML, and DL models based on their
historical performance or confidence levels. Table 2 summarizes various methods and their characteristics for
their applicability.

Table 2: Forecasting methods and their characteristics

Method Characteristics
Classical Methods
- Moving Averages -Simple trends and seasonality
- Exponential Smoothing Short-term forecasting, minimal noise
General-purpose forecasting, linear
- ARIMA .
trends, and seasonality
- SARIMA Time series with strong seasonality
Machine Learning Methods
- Linear Regression - Linear trends and seasonality
- Decision Trees - Non-linear patterns, multiple variables
- Random Forests - Non-linear patterns, ensemble learning

. - Non-linear patterns, small to medium-

- Support Vector Machines .
sized datasets

Deep Learning Methods
- Sequential patterns, long-term
dependencies
- Improved handling of long-term
dependencies
- GRU - Similar to LSTM, simpler architecture
- Sequence-to-sequence modelling,
attention mechanisms

- RNNs

-LSTM

- Transformer-based Models

Hybrid Methods

- ARIMA-X - Incorporates external factors
- Separates time series into trend,

-STL . .
S seasonality, and remainder
- Improves accuracy by combinin
- Ensembling p yy g
multiple models
- Daily observations with strong
- Prophet

seasonal patterns

[1l.  Challenges in Time Series Forecasting

Time series forecasting poses several challenges, including the presence of seasonality and trends, making it
difficult to discern underlying patterns. Additionally, handling missing or irregularly spaced data points can
complicate model training and prediction accuracy. The dynamic nature of many real-world time series data
further adds complexity, as models must adapt to changing patterns over time.

3.1. Data-related Challenges

Data related challenges in time series forecasting often revolve around issues such as missing values,
irregular sampling intervals, and the presence of outliers, which can complicate the training of accurate models
and hinder the extraction of meaningful patterns from the temporal data.

A. Noisy Data and Outliers
Noisy data [64] refers to random fluctuations or errors in the time series that do not contribute to the

underlying patterns. Outliers [65], on the other hand, are data points significantly deviating from the general
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pattern. Noisy data and outliers can distort the learning process of forecasting models, leading to inaccurate
predictions.

Several techniques can be used to mitigate these issues, such as data cleaning [66], which involves
identifying and removing outliers from the data to lessen the impact of noisy data; smoothing [67], which
involves applying moving averages or other smoothing methods to reduce noise; and using robust models [68],
which include robust regression or ensemble methods, which are less prone to anomalies.

B. Missing Values
Time series data often contain missing values due to various reasons, such as sensor malfunctions, human

errors, or system failures. Missing values can disrupt the temporal patterns crucial for forecasting models.

Mitigation measures include imputation approaches, which estimate missing values based on neighboring
data by applying techniques like mean imputation [69], forward-fill [70], or advanced methods like k-nearest-
neighbors (KNN) imputation [71], interpolation [72]. Synthetic data points [73] are created in data augmentation
to improve model training and make up for missing variables.

C. Non-Stationary

Non-stationary refers to a time series where statistical properties, such as mean and variance, change over
time. Many time series forecasting models assume stationary, and violating this assumption can lead to
inaccurate predictions.

One solution to these problems is to use differencing. A non-stationary time series can be made stationary
by using certain methods [74]. By employing de-trending techniques like polynomial fitting [75] or moving
averages, trend components are eliminated. To properly manage non-stationary data, time series are decomposed
into trend, seasonal, and residual components using seasonal decomposition [76].

3.2. Model-related Challenges

Model related challenges include the selection of appropriate algorithms for different types of time series,
determining optimal model hyper parameters, and addressing the sensitivity of models to changes in the training
data, as well as the need for continuous model updating to adapt to evolving patterns in the time series.

A. Model Complexity and Interpretability

Time series forecasting models often face the trade-off between model complexity and interpretability.
Complex models, such as deep neural networks, may achieve high accuracy but lack interpretability, making it
challenging to understand and trust the predictions.

One of the mitigation strategies is to use simpler models. For interpretability, more straightforward models
like Exponential Smoothing or Autoregressive Integrated Moving Average (ARIMA) are taken into
consideration. Utilizing interpretability techniques, such as SHAP (Shapley Additive explanations) [77] values,
to measure the influence of input features on predictions in order to interpret the model. Using ensemble
approaches, predictions from several interpretable models are pooled to improve accuracy without
compromising interpretability.

B. Over fitting and Under fitting

Over fitting and under fitting are common challenges in time series forecasting, where models may perform
well on training data but fail to generalize to unseen data.

Cross-validation is used as part of mitigation technique; for example, time series are separated to evaluate
model performance over several time periods.

Regularization techniques, such as L1 or L2 regularization [78], work by penalizing large coefficients in the
model in order to prevent overfitting. In order to avoid overfitting, early stopping is an option, which involves
tracking the model's performance on a validation set during training and halting the process when performance
reaches a plateau [79].

C. Hyper parameter Tuning

Selecting optimal hyper parameters is crucial for achieving optimal model performance. Poorly tuned hyper
parameters can lead to suboptimal forecasts.

To overcome these challenges grid search and random search cam be applied where systematically hyper
parameter space is explored using grid search or random search [80] to find the combination that yields the best
performance. We can utilize Bayesian optimization [81] techniques to efficiently search for optimal hyper

579



J. Electrical Systems 20-2s (2024): 575-586

parameters, reducing the computational cost. Automated hyper parameter tuning can be done i.e. to leverage
automated hyper parameter tuning tools like Hyper opt to streamline the process and discover optimal hyper
parameters. Using robust validation techniques, such as time series cross-validation, to ensure hyper parameter
tuning decisions are based on reliable performance estimates can be done.

3.3. Temporal Challenges

Temporal challenges involve the dynamic nature of time series data, encompassing issues like seasonality,
trend shifts, and abrupt changes in the underlying patterns, making it crucial for forecasting models to adapt and
capture these temporal variations accurately.

A. Handling Seasonality and Trends:
Frequent patterns in time series data, such as trends and seasonality, can have a big influence on forecasting

accuracy. Seasonal variations occur at regular intervals, while trends represent long-term patterns. To address
these challenges, several techniques can be employed:

Mitigating is possible using decomposition where time series is broken down into its trend, seasonality, and
residual components can assist in identifying patterns. This facilitates the application of forecasting models on
individual components, enhancing accuracy. In seasonal adjustment [82], differencing or seasonal
decomposition of time series (STL) is done which helps in removing seasonality, making it easier for models to
capture underlying patterns. Adaptive models can be applied [83] to automatically adjust to changing patterns in
the data helps in capturing evolving seasonality and trends.

B. Time Series with Irregular Intervals:
Many real-world time series datasets exhibit irregular intervals between observations, posing a challenge for

traditional forecasting models designed for equally spaced data points. Strategies to handle irregular intervals
include:

Interpolation techniques can be employed to fill in missing values [84] and regularize the time intervals,
making the data suitable for traditional forecasting models. Developing models that can handle events triggering
irregular observations, providing a more realistic representation of the underlying process can be done.
Resampling is another way to mitigate challenges such as aggregation or down sampling to convert irregular
intervals [85] into regular ones, facilitating the application of conventional time series forecasting techniques.

C. Dynamic and Evolving Patterns:
Time series data often exhibit dynamic and evolving patterns, making it challenging for static models to

capture changing behaviors. Mitigation strategies include:

To overcome these challenges adaptive learning can be implemented. Adaptive learning algorithms can be
used that can continuously update model parameters based on new data, allowing the model to adapt to changing
patterns over time. Leveraging ensemble methods, such as ensemble of models or model ensembling with
rolling forecasts [86], to combine the strength of multiple models and improve robustness in capturing dynamic
patterns. Employing incremental learning approaches to update models with new data efficiently, enabling the
model to evolve and instantly adjust to shifting trends can be done.

IV.EVALUATION METRICS

Evaluation metrics can be categorized as accuracy metrics, forecasting performance metrics, and coverage
probability.
4.1. Accuracy Metrics

Accuracy metrics in time series forecasting, such as Mean Absolute Error (MAE) or Root Mean Squared
Error (RMSE), quantify the difference between predicted and actual values over a period, providing a
quantitative measure of the model's performance in capturing temporal patterns and trends.

A. Mean Absolute Error (MAE)

MAE is a widely used metric that measures the average absolute difference between the predicted and
actual values. It is calculated as the mean of the absolute differences between predicted and actual values for
each observation in the time series. MAE is particularly useful for evaluating the amount of predicted mistakes
without taking direction into account.
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Where:

n is the number of observations.
yi is actual value at time i.

¥, is forecasted value at time i.

Mean Squared Error (MSE)
MSE computes the average of the squared differences between predicted and actual values. Squaring the

errors emphasizes larger errors and penalizes them more than smaller errors. MSE provides a measure of the
overall variance of forecast errors.

C.

n
N Rk 2)
Where:
n is the number of observations.
yi is actual value at time i.
¥, is forecasted value at time i.

Root Mean Squared Error (RMSE)
RMSE is the square root of the MSE and is often used to express errors in the same units as the original

time series data. It provides a more interpretable measure of the average forecast error.

4.2.

RMSE = jiz;m — 30 ®)

Where:

n is the number of observations.
yi is actual value at time i.

¥, is forecasted value at time i.

Forecasting Performance Metrics
Performance metrics quantitatively assess the accuracy of predictive models by measuring the difference

between predicted and actual values over a given time period.

A

Mean Absolute Percentage Error (MAPE)
MAPE is a percentage-based metric that calculates the average absolute percentage difference between

predicted and actual values. MAPE is useful for assessing the accuracy of forecasts relative to the scale of the
observed values.

B.

n
MAPE == E 1222 % 100 @)
n Vi
i=1

Where:

n is the number of observations.
yi is actual value at time i.

¥, is forecasted value at time i.

Forecast Bias:
Forecast Bias measures the systematic overestimation or underestimation of forecasts. It is the average of

the estimated and actual values, and it gives information about the general trend of forecast mistakes.
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Where:

n is the number of observations.
yi is actual value at time i.

¥, is forecasted value at time i.

V. FUTURE DIRECTION

Future directions in time series forecasting may involve the integration of advanced machine learning
techniques, such as deep learning and reinforcement learning, to enhance the accuracy and robustness of
predictions.

5.1. Explainable Al in Time Series Forecasting:

Future directions in time series forecasting include the integration of Explainable Al techniques to enhance
the transparency and interpretability of models, allowing users to understand and trust the predictions generated.
Interpretability becomes more important as machine learning models get more complicated. Time series
forecasting models' decision-making process must be understood and communicated through the use of
explainable Al (XAl) [87] approaches. Techniques such as SHAP (Shapley Additive explanations) and LIME
(Local Interpretable Model-agnostic Explanations) [88] can be employed to interpret black-box models,
providing insights into how specific input features contribute to the model's predictions. Trust in forecasting
models is crucial for their adoption in decision-making processes. Transparent and interpretable models help
stakeholders understand the reasoning behind predictions, fostering trust.

5.2. Incorporating Uncertainty:

The evolution of time series forecasting involves a focus on incorporating uncertainty measures, enabling
more realistic and probabilistic predictions that account for the inherent unpredictability in complex systems.
Traditional point-wise predictions may not capture the inherent uncertainty in time series data. Probabilistic
forecasting provides a richer understanding of uncertainty by generating probability distributions over future
values. Techniques like Gaussian Processes [89] and ensemble methods can be employed to provide
probabilistic forecasts, allowing decision-makers to evaluate the possibility of various results. Bayesian methods
offer a principled way to incorporate prior knowledge and update predictions [90].

5.3. Handling Big Time Series Data:

Addressing the challenges of handling big time series data is a crucial future direction, necessitating the
development of scalable algorithms and efficient processing techniques to analyze massive datasets with
increasing volume and complexity. As the volume of time series data continues to grow, scalability and
efficiency become critical challenges.

Implementing scalable algorithms and distributed computing frameworks, such as Apache Spark [91], can
enable efficient processing of large datasets, facilitating real-time forecasting and analysis. Leveraging parallel
and distributed computing architectures can accelerate model training and prediction tasks. Techniques like data
parallelism and model parallelism can be employed to distribute computation across multiple nodes, addressing
the computational demands of big time series data.

5.4. Advanced Feature Engineering

Advancements in time series forecasting will likely involve the exploration of advanced feature engineering
methods, leveraging domain knowledge and innovative techniques to extract relevant information and improve
the accuracy of predictive models. A key factor in time series forecasting models' performance is feature
engineering. Advanced techniques, such as time-domain and frequency-domain transformations [92], signal
processing, and dimensionality reduction methods, can help extract informative features from raw time series
data, enhancing the model's ability to capture underlying patterns. Understanding the importance of features aids
in model interpretation and decision-making is essential. Techniques like permutation importance [93] and
SHAP values can be used to measure how different features affect the predictions made by the model. This
information can guide feature selection and refinement, leading to more effective forecasting models.

VI. CONCLUSION
This survey paper has delved into the intricate realm of time series forecasting, shedding light on various
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methodologies and challenges prevalent in the field. The overview of existing methods has provided a
comprehensive understanding of the diverse approaches employed to predict future trends. However, the
identified challenges underscore the complexity of the task at hand, emphasizing the need for robust and
adaptive techniques.

Looking ahead, potential areas for future research have been highlighted, aiming to address the limitations
observed in current methodologies. These include the exploration of advanced machine learning algorithms,
incorporation of domain-specific knowledge, and the development of ensemble models to enhance predictive
accuracy. It is evident that the evolving landscape of time series forecasting demands continuous exploration
and adaptation to keep pace with the dynamic nature of data and real-world scenarios.

In closing, the significance of ongoing research and innovation in time series forecasting cannot be
overstated. As technological advancements and data availability continue to burgeon, the field must remain
agile, embracing novel techniques and refining existing ones. The continuous pursuit of excellence in time series
forecasting is paramount for informed decision-making, be it in finance, healthcare, or other domains where
accurate predictions are pivotal. By fostering collaboration, sharing insights, and embracing emerging
technologies, researchers can contribute to the advancement of this critical field, ensuring its relevance and
efficacy in an ever-changing world.
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