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Abstract—This paper presents a comparative analysis of the
PHM-MAX-XGBoost-LSTM-SVM hybrid model for time series
forecasting, evaluated against traditional statistical, machine
learning, and deep learning methods. It addresses key challenges
in time series data, including noise, missing values, and non-
stationarity, and explores preprocessing techniques such as data
cleaning, transformation, and dimensionality reduction, with
mathematical foundations and domain-specific relevance. The
study benchmarks the hybrid model on various time series
types—univariate, multivariate, seasonal, and irregular—across
sectors like finance, energy, and healthcare. Strengths and lim-
itations of each approach are discussed, with an emphasis on
model performance, adaptability, and interpretability. Results
highlight the potential of hybrid architectures to outperform
standalone models. Future research directions include enhancing
preprocessing integration, handling sparse data, and advancing
real-time forecasting capabilities

Index Terms—Time Series, Data Preprocessing, Forecasting
Models, Predictive Analytics, Statistical Models, Machine Learn-
ing, Deep Learning

I. INTRODUCTION

Time series data, characterized by sequential observations
over time, is prevalent in domains such as finance (e.g., stock
prices), energy (e.g., load forecasting), healthcare (e.g., patient
monitoring), and meteorology (e.g., weather prediction). Ac-
curate forecasting relies on effective preprocessing to handle
issues like noise, missing values, and non-stationarity, fol-
lowed by robust modeling techniques. This review synthesizes
preprocessing methods and forecasting models, focusing on
their applicability to diverse time series data types.

The paper is structured as follows: Section II discusses the
basic concepts related to time series. Section III discusses
the different types of time series. Section IV discusses pre-
processing techniques with mathematical foundations. Section
V reviews forecasting models and their applications. Section
VI discusses the proposed architecture. Section VIII compares
forecasting techniques. Section IX concludes with future re-
search directions.

II. BASIC CONCEPTS

This section introduces the fundamental concepts of time
series analysis, which are essential for understanding and
modeling time-dependent data.

A. Trend

The trend represents the long-term movement or direction
in a time series, indicating a consistent increase, decrease, or
stability over time.

o Definition: A persistent upward or downward pattern in
the data over an extended period.

« Examples: Population growth, economic expansion, or
gradual climate changes.

o Analysis: Trends are often modeled using linear regres-
sion, moving averages, or polynomial fits.

B. Seasonality

Seasonality refers to regular, predictable patterns that repeat
at fixed intervals, often tied to calendar periods.

o Definition: Periodic fluctuations in a time series that
occur at consistent intervals, such as daily, monthly, or
yearly.

« Examples: Retail sales peaking during holidays, temper-
ature variations across seasons.

o Analysis: Seasonal components can be isolated using de-
composition methods or modeled with seasonal ARIMA
(SARIMA).

C. Cyclicality

Cyclicality involves fluctuations that occur over longer,
irregular periods, often driven by economic or external factors.

o Definition: Long-term oscillations that are not fixed in
duration, typically spanning multiple years.

« Examples: Business cycles with periods of growth and
recession.

o Analysis: Cyclical patterns are analyzed using spectral
analysis or econometric models.

D. Stationarity

Stationarity is a property of time series where statistical
characteristics remain constant over time.

o Definition: A time series is stationary if its mean, vari-
ance, and autocorrelation structure do not change over
time.

o Types: Strict stationarity (all statistical properties con-
stant) and weak stationarity (constant mean and variance).
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o Importance: Many forecasting models, like ARIMA,
assume stationarity, achieved via differencing or trans-
formations.

E. Noise

Noise represents random, unpredictable variations in a time
series that cannot be attributed to trend, seasonality, or cycli-
cality.

o Definition: Irregular, stochastic fluctuations often mod-

eled as white noise with zero mean and constant variance.
o Examples: Random market fluctuations, measurement
ITOrS.

o Analysis: Noise is typically modeled as the residual
component after extracting trend, seasonality, and cyclical
effects.

III. TYPES OF TIME SERIES
Types of Time Series by Variable Count
A. Univariate Time Series

A univariate time series involves a single variable observed
over time. For example, monthly temperature readings in a city
represent a univariate series. Analysis focuses on identifying
patterns such as trends, seasonality, or cycles within this single
variable. Univariate models, such as ARIMA, are commonly
used for forecasting [1].

B. Multivariate Time Series

In contrast, a multivariate time series involves multiple
variables observed simultaneously over time. An example is
the daily recording of temperature, humidity, and wind speed.
These series require models that account for interdependen-
cies between variables, such as Vector Autoregression (VAR)
models [2].

Types of Time Series by Statistical Properties
C. Stationary Time Series

A stationary time series exhibits a constant mean, variance,
and autocorrelation over time. White noise constitutes an ideal
stationary example. Any differenced economic indicator is
also a stationary time series. Modelling stationary series is
relatively easy due to these properties [3].

D. Non-stationary Time Series

Non-stationary time series feature statistical parameters that
vary over time, mainly due to underlying trends or seasonal
effects. Stock prices, for instance, are examples. Applying
a transformation to a time series, usually differencing or
detrending, makes it stationary so it can be studied further

[1].
E. Seasonal Time Series

Seasonal time series exhibit repeated patterns at precise time
intervals, either daily, monthly, or yearly. Retail sales would be
a good example since they peak during the holidays. Seasonal
differencing or decomposition methods can be implemented
in such cases [2].

F. Cyclic Time Series

Cyclic time series show patterns that repeat at irregular
intervals, often tied to economic or business cycles. For
instance, business cycles with booms and recessions fall into
this category. Unlike seasonal series, the periodicity is not
fixed [3].

Types of Time Series by Data Collection
G. Continuous Time Series

Continuous time series are recorded continuously over time,
often at fine intervals. Examples include heart rate monitoring
or real-time sensor data. These series typically require signal
processing techniques for analysis [2].

H. Discrete Time Series

Discrete time series are recorded at fixed, discrete intervals,
such as hourly or daily. Daily stock prices or monthly unem-
ployment rates are examples. These are the most common in
statistical modeling [1].

1. Panel Time Series

Panel time series combine data across multiple entities over
time, such as GDP across several countries. Analysis must
account for both temporal and cross-sectional variations, often
using specialized econometric models [3].

HIERARCHICAL TIME SERIES

Hierarchical time series involve data organized in a hierar-
chical structure, where observations at different levels (e.g.,
total, regional, or individual) are aggregated or disaggregated.
These are common in business and retail, such as sales data
across countries, regions, and stores. Two primary approaches
for forecasting hierarchical time series are bottom-up and top-
down [4].

J. Bottom-Up Approach

In the bottom-up approach, forecasts are first generated for
the lowest level of the hierarchy (e.g., individual stores). These
forecasts are then aggregated to produce forecasts for higher
levels (e.g., regions or total sales). This method preserves
detailed information at the lowest level but may struggle with
noise in disaggregated data [4].

K. Top-Down Approach

The top-down approach starts with forecasting at the highest
level of the hierarchy (say, total sales), with higher-level fore-
casts being disaggregated into lower levels based on historical
proportions or any other allocation methods. This is a more
straightforward forecasting method and will be less noisy, but
it will potentially sacrifice accuracy at lower levels because of
forecasting on aggregated data [4].



FUZZY TIME SERIES

Fuzzy time series methods extend the traditional time series
method by involving fuzzy set theory to handle uncertainty and
imprecision in the data. Unlike crisp time series where values
are exact numbers, the fuzzy time series assign observations-
fuzzy sets acting as linguistic variables (e.g., ’high” or "low”).
For example, if some observations of a system were vague
or incomplete in finance or weather forecasting, the method
would prove beneficial. The Forecasting process includes
defining fuzzy sets and relations and the defuzzification of
results to yield crisp forecasts [5].

IV. DATA PREPROCESSING TECHNIQUES

Preprocessing ensures high-quality time series data by re-
moving noise, filling up missing data, and addressing issues
such as non-stationarity [6]. This section deals with cleaning,
transformation, and reduction methods. Data preprocessing on
AirPassenger and Nifty 50 datasets is shown in Figure 1 and 2.

A. Data Cleaning

Another crucial preprocessing step in data analysis is data
cleaning, which includes various procedures that upgrade the
data quality and badly influence the analysis. Noise constitutes
random errors or unwanted fluctuations in the data. In contrast,
outliers are the extreme points of data that are away from
probable patterns on account of times arising from erroneous
measurements, mistakes in data entry, or uncommon inci-
dences. Missing values exist when information is incomplete,
which may influence dependent analysis if it is not treated
accordingly. Cleaning trains the data for implementing any
further analysis, such as time series forecasting, wherein
dirty data will reduce the efficiency and robustness of the
model. The following sections present the noise and outlier
removal techniques, with a slight emphasis on their methods,
application areas, and drawbacks.

1) Box Plot Method: Description and Methodology: The
box plot method works to identify outliers and was devised by
Tukey (1977), with outliers identified by the interquartile range
(IQR). IQR denotes the difference between third quartile (Q3)
and first quartile (Q1) values, i.e., IQR = Q3 — Q1. Outliers
are considered every data point falling outside of

[Q1 — 1.5 x IQR, Q3 + 1.5 x IQR]. (1)

Data points identified outside the expected range are poten-
tial outliers, which may be removed or flagged for further
investigation. The box plot method constructs a box plot,
where the “box” shows the interquartile range (IQR), and
a line inside it represents the median; whiskers extend to
Q1 —1.5xIQR and @3 + 1.5 x IQR.

Applications: This method is most suitable for datasets
from the financial sector, such as stock prices and trading
volumes, where data distributions tend to be skewed but can
still benefit from the quartile-based analysis. It is the most
famous method in practical applications due to its straightfor-
ward interpretation, thus forming its presence in exploratory
data analysis.

Limitations: The box plot method assumes a relatively sym-
metric data distribution, which may not hold for highly skewed
or multimodal datasets. Additionally, the fixed multiplier (1.5)
may not be optimal for all datasets, potentially leading to false
positives or missed outliers in complex time series [7].

2) Z-Score Method: Description and Methodology: The
Z-score method identifies outliers by measuring how far a data
point deviates from the mean in terms of standard deviations.
The Z-score for a data point z is calculated as:

z=""F 2)
o

where p is the mean and o is the standard deviation of
the dataset. Data points with |Z| > 3 are typically flagged
as outliers, as they lie beyond three standard deviations from
the mean, corresponding to the tails of a normal distribution
where less than 0.3% of data points are expected.

Applications: This method is effective for datasets that ap-
proximate a normal distribution, such as temperature readings
or sensor data in environmental monitoring. It is computation-
ally efficient and widely used in statistical quality control and
anomaly detection.

Limitations: The Z-score method assumes that the data
follows a normal distribution, which may not be true for non-
Gaussian or time-varying data. In such cases, the method may
incorrectly flag valid data points as outliers or fail to detect
true anomalies. Additionally, it is sensitive to the presence
of outliers in the dataset, as they can inflate the standard
deviation, reducing the method’s effectiveness [8].

3) Moving Interquartile Range (MIQR) Method: Descrip-
tion and Methodology: The Moving Interquartile Range
(MIQR) method adapts the box plot approach to non-stationary
time series by applying a sliding window to compute local IQR
thresholds. For each window of data, the IQR is calculated as
IQR = @3 — Q1, and outliers are identified as points outside
the range [Q1 — 1.5 x IQR, Q3 + 1.5 x IQR]. The window
slides across the time series, allowing the method to adapt to
local trends and variations in the data.

Applications: MIQR is particularly suited for non-
stationary datasets, such as energy consumption or network
traffic, where statistical properties change over time. By using
a sliding window, MIQR captures local patterns, making it
more robust to trends and seasonality compared to the global
box plot method [9].

Limitations: The effectiveness of MIQR depends on the
choice of window size, which must balance sensitivity to local
changes with stability in statistical estimates. A small window
may lead to overfitting to noise, while a large window may
miss local anomalies. Additionally, MIQR requires more com-
putational resources than static methods due to the repeated
calculation of IQR across windows.

Missing Value Handling

Missing values in time series data can arise from various
sources, such as sensor failures, data transmission errors, or
incomplete data collection. These gaps can distort statistical
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Fig. 1: Preprocessing of AirPassanger Dataset.

analyses and degrade the performance of forecasting models if
not addressed properly. Imputation methods estimate missing
values based on available data, ensuring continuity and con-
sistency in the dataset. The following subsubsections detail
two common imputation techniques: Linear Interpolation and
K-Nearest Neighbors (KNN).

4) Linear Interpolation: Description and Methodology:
Linear interpolation estimates missing values by assuming a
linear trend between known data points. For a missing value
at time x, with known values y; at time x; and y, at time x5,
the imputed value y is calculated as:

Y=y + (@ —z1)(y2 —y1) 3)
X9 — I

This method connects two adjacent known points with a
straight line and estimates the missing value based on its
position along that line. Linear interpolation is computationally

simple and effective when the data exhibits smooth, linear
trends.

Applications: Linear interpolation is particularly suitable
for time series with gradual changes, such as weather data
(e.g., temperature or humidity readings), where short-term
trends are often approximately linear. It is widely used in
environmental monitoring and other domains where data gaps
are small and trends are stable [1].

Limitations: The method assumes linearity between data
points, which may not hold for datasets with abrupt changes
or non-linear patterns. In such cases, linear interpolation can
introduce bias, especially for larger gaps or highly dynamic
time series.

5) K-Nearest Neighbors (KNN): Description and Method-
ology: The K-Nearest Neighbors (KNN) imputation method
estimates missing values by averaging the values of the K
nearest neighbors in the dataset. For a missing value at time
t, the imputed value y; is computed as:
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where N (t) represents the set of K nearest neighbors
based on a distance metric (e.g., Euclidean distance) in the
feature space. Neighbors are typically selected based on tem-
poral proximity or similarity in feature values.

Applications: KNN imputation is effective for datasets with
non-linear patterns, such as healthcare data (e.g., patient vital
signs), where local patterns can be leveraged to estimate
missing values. It is particularly useful when the data has
complex, non-linear relationships that linear methods cannot
capture [10].

Limitations: KNN imputation requires careful selection of
K, as a small K may lead to overfitting to noise, while a
large K may smooth out important variations. The method is
also computationally intensive for large datasets, as it requires
calculating distances to identify neighbors.

Smoothing

Smoothing techniques help eliminate noise in time-series
data while preserving underlying trends, resulting in data
ready for analysis and forecasting. Noise tends to cover
the presence of patterns and causes models to overfit. The
smoothing technique transforms the data to filter out high-
frequency fluctuations and allow low-frequency trends to pass.
The following are descriptions of the two commonly used three
smoothing techniques: Simple Moving Average (SMA) and
Exponential Moving Averages (EMA).

6) Simple Moving Average (SMA): Description and
Methodology: The Simple Moving Average (SMA) smooths
a time series by averaging the data points within a fixed-size
window. For a time series x; and a window size n, the SMA
at time ¢ is calculated as:

(&)

This method computes the arithmetic mean of the previous
n observations, producing a smoothed value that reduces the
impact of short-term fluctuations.

Applications: SMA is commonly used in financial data
analysis, such as smoothing stock prices or trading volumes,
to identify long-term trends. Its simplicity makes it a popular
choice for initial data exploration and visualization [4].

Limitations: SMA treats all observations in the window
equally, which can lead to a lag in responding to rapid changes
in the data. This makes it less effective for time series with
sudden shifts or high volatility, as the smoothed series may
not reflect recent trends accurately.

7) Exponential Moving Average (EMA): Description and
Methodology: The Exponential Moving Average (EMA)
smooths a time series by applying exponentially decreasing
weights to older observations, giving more importance to
recent data. The EMA at time ¢ is calculated recursively as:

EMAt = ar; + (1 — Oé)EMAt_l, (6)

where o (0 | « | 1) is the smoothing factor that controls
the weight of the current observation. A higher o makes the
EMA more responsive to recent changes.

Applications: EMA is well-suited for time series with
dynamic trends, such as energy consumption data, where
recent changes are more relevant for forecasting. It is widely
used in algorithmic trading and real-time monitoring systems
due to its responsiveness [4].

Limitations: The choice of « significantly affects the
EMA’s performance. A high @ may make the series overly
sensitive to noise, while a low « may result in excessive
smoothing, missing important short-term variations. Tuning o
requires domain knowledge or optimization techniques.

B. Data Transformation

Data transformation techniques modify the scale, distribu-
tion, or structure of time series data to make it more suitable
for analysis and modeling. These methods address issues such
as varying scales across features, non-normal distributions,
and non-stationarity, which can affect the performance of
machine learning algorithms. Transformations ensure that data
meets the assumptions of statistical models and improves
their interpretability and predictive power. The following sub-
subsections detail three common transformation techniques:
Normalization, Log Transformation, and Differencing.

1) Normalization: Description and Methodology: Nor-
malization scales data to a fixed range, typically [0, 1], to
ensure that features with different scales contribute equally
to the analysis. For a data point x, the normalized value z’ is
calculated as:

2 = L — Tmin 7 )
LTmax — Lmin

where z,i, and T, are the minimum and maximum
values in the dataset, respectively. This linear transformation
preserves the relative relationships between data points while
mapping them to a standardized range.

Applications: Normalization is essential for multivariate
datasets, such as sensor readings from IoT devices, where
features like temperature, pressure, and humidity may have
different units and scales. It is widely used in machine learn-
ing algorithms, such as neural networks and support vector
machines, which are sensitive to feature scales [10].

Limitations: Normalization assumes that the minimum and
maximum values are representative of the data’s range. Out-
liers can skew the normalization process, compressing most
data points into a narrow range. Additionally, the method is
sensitive to the choice of zpy, and xp,x, which may not be
stable in dynamic datasets.

2) Log Transformation: Description and Methodology:
Log transformation stabilizes variance and reduces skewness
in data by applying a logarithmic function. For a data point
x, the transformed value 2’ is computed as:

2’ =log(x + ¢), (8)
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Fig. 2: Preprocessing of Nifty 50 Stock Dataset.

where c is a small constant (e.g., 1) added to avoid issues
with zero or negative values. This transformation compresses
large values and expands small ones, making the data distri-
bution more symmetric and closer to normal.

Applications: Log transformation is particularly useful for
skewed datasets, such as sales figures, income distributions, or
biological measurements, where extreme values are common.
It is widely applied in time series analysis to stabilize variance
in financial or economic data, improving the performance of
models like ARIMA [1].

Limitations: Log transformation is not applicable to
datasets with zero or negative values unless an appropriate
constant ¢ is chosen. It may also distort linear relationships in
the data, making interpretation more complex. The choice of
c can affect results and requires careful consideration.

3) Differencing: Description and Methodology: Differ-
encing removes trends in a time series to achieve stationarity,
a property where the mean, variance, and autocorrelation

structure are constant over time. The first-order differenced
series x} is calculated as:

©)

where z; is the value at time ¢ and x;_ is the value at the
previous time step. Higher-order differencing can be applied
for more complex trends.

Applications: Differencing is commonly used in economic
time series, such as GDP or stock indices, where trends and
seasonality can obscure underlying patterns. It is a standard
preprocessing step for models like ARIMA, which require
stationarity [4].

Limitations: Differencing reduces the length of the time
series by one observation per order, which can be problematic
for short datasets. It may also amplify noise in datasets
with low signal-to-noise ratios, requiring additional smoothing
techniques.

/
Ty = Tt — Tt-1,



C. Data Reduction

Data reduction methods aim to simplify the data by reduc-
ing dimensionality or complexity while preserving relevant
information. The processing time for such high-dimensional
datasets is high, so these types of data bring about inefficiency
in computation, overfitting, and noise in the models created
for prediction. Data reduction brings in better performance
and lower computational costs as it is based on just those
features or representations that matter. The next subsubsections
will discuss two standard data reduction techniques: Principal
Component Analysis and Feature Selection.

1) Principal Component Analysis (PCA): Description and
Methodology: The PCA reduces dimensionality by project-
ing the data onto a lower-dimensional space defined by the
orthogonal principal components. For a data matrix X, the
transformed data Z is obtained as:

Z=XW, (10)

In this context, W represents the matrix of eigenvectors cor-
responding to the largest eigenvalues of the data’s covariance
matrix. These eigenvectors define the principal components,
which indicate the directions of maximum variance in the data.

Applications: PCA is applied in numerous low- and high-
dimensional datasets, such as sensor data in industrial systems
or imaging applications, where numerous features could be
correlated. It reduces the data dimensionality while preserving
most of its variability desired preprocessing technique for most
machine learning tasks [11].

Limitations: PCA assumes linear relationships between
variables and may not capture non-linear patterns effectively.
The principal components are linear combinations of original
features, which can make interpretation challenging. Addi-
tionally, PCA is sensitive to outliers, which can distort the
covariance matrix.

2) Feature Selection: Description and Methodology:
Feature selection identifies and retains the most relevant
features in a dataset, discarding redundant or irrelevant ones.
Common methods include correlation analysis, where features
with low correlation to the target variable or high correlation
with other features are removed, and wrapper methods, which
evaluate feature subsets based on model performance.

Applications: Feature selection is critical in financial
forecasting, where datasets may include numerous indicators
(e.g., stock prices, trading volumes, economic indices), but
only a subset is predictive. By reducing the number of
features, it decreases model complexity and training time
while improving interpretability [12].

Limitations: Feature selection methods like correlation
analysis may overlook complex interactions between features.
Wrapper methods can be computationally expensive, espe-
cially for large datasets, as they require training multiple
models to evaluate feature subsets. The choice of selection
criteria can also introduce bias.

V. TIME SERIES FORECASTING MODELS

This section presents a comprehensive overview of forecast-
ing models, organized by their methodological approach and
applicability to different types of time series data (univariate,
multivariate, seasonal, and irregular). Each model is discussed
in terms of its methodology, strengths, limitations, and appro-
priate use cases. For implementation details and source code,
please refer to the GitHub' repository.

A. Traditional Statistical Models

Statistical models are widely used for their interpretability
and computational efficiency, particularly for linear and
stationary time series [4].

1) ARIMA: Description: Autoregressive Integrated Moving
Average (ARIMA) models are designed for stationary uni-
variate time series data. ARIMA combines three components:
autoregression (AR), differencing (I) to achieve stationarity,
and moving average (MA). The model is expressed as:

¢(B)(1 — B)?z, = 0(B)e, (11)

where ¢(B) and 6(B) are the AR and MA polynomials, B
is the backshift operator, d is the differencing order, x; is the
time series, and €; is white noise. ARIMA is widely used for
forecasting stock prices and economic indicators [1].

Advantages:

o Interpretable: Parameters directly relate to the time

series’ autocorrelation structure.

« Efficient: Computationally lightweight, suitable for small

datasets.

o Robust: Performs well on stationary, linear data with

clear patterns.

Limitations:

« Stationarity Requirement: Non-stationary data requires

preprocessing (e.g., differencing), which can be complex.

o Linear Assumption: Struggles with non-linear patterns

or complex dependencies.

o Univariate Focus: Not suitable for multivariate time

series without extensions.

Suitable Datasets:

o Univariate, stationary time series (e.g., stock prices, tem-

perature records).

o Small to medium-sized datasets with linear patterns.

o Example: Daily stock price data or monthly economic

indicators.

2) SARIMA: Description: Seasonal ARIMA (SARIMA)
extends ARIMA to handle seasonal patterns in univariate time
series. It incorporates seasonal AR, differencing, and MA
components, expressed as:

#(B)®(B*)(1 — B)Y(1 — B*)Pz, = 0(B)O(B%)e;, (12)

where ®(B*) and ©(B?) are seasonal AR and MA polynomi-
als, s is the seasonal period, and D is the seasonal differencing

Thttps://github.com/bishwajitprasadgond/timeseries
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order. SARIMA is effective for data with recurring seasonal
patterns, such as retail sales [4].
Advantages:

« Seasonality Handling: Explicitly models seasonal pat-
terns, improving accuracy for periodic data.

« Flexible: Can be tuned for various seasonal periods (e.g.,
daily, monthly).

o Interpretable: Like ARIMA, parameters are directly
interpretable.

Limitations:

o Complexity: Requires identifying both non-seasonal and
seasonal parameters, increasing model complexity.

o Stationarity: Assumes stationarity after differencing,
which may not always hold.

o Univariate: Limited to single time series without exten-
sions.

Suitable Datasets:

o Univariate time series with clear seasonality (e.g.,
monthly retail sales, quarterly GDP).

o Medium-sized datasets with consistent seasonal patterns.

o Example: Monthly airline passenger data or seasonal
electricity consumption.

3) Exponential Smoothing (ETS): Description: Exponen-
tial Smoothing (ETS) models forecast time series by assigning
exponentially decreasing weights to past observations. The
simple ETS model is:

13)

it-‘,—l = Q¢ + (1 — Oé).ft,

where « is the smoothing parameter (0 | o j 1), xy is the
observed value, and Z; is the forecast. ETS can be extended
to include trends and seasonality, making it versatile for short-
term forecasting, such as energy demand [13].

Advantages:

« Simplicity: Easy to implement and computationally effi-
cient.

o Flexible: Variants handle trends and seasonality (e.g.,
double or triple exponential smoothing).

¢ Robust: Performs well for short-term forecasts with
stable patterns.

Limitations:

« Short-Term Focus: Less effective for long-term forecast-
ing due to reliance on recent data.

o Linear Assumption: Struggles with non-linear or com-
plex patterns.

o Parameter Tuning: Requires
smoothing parameters.

Suitable Datasets:

o Univariate time series with or without trends and season-
ality.

o Short-term forecasting tasks (e.g., daily energy consump-
tion, weekly sales).

« Example: Hourly electricity load data or short-term retail
demand.

careful selection of

4) Holt-Winters: Description: The Holt-Winters method
extends exponential smoothing to explicitly model level, trend,
and seasonality. It uses three smoothing equations for level,
trend, and seasonal components, making it suitable for time
series with both trends and seasonal patterns, such as retail
demand forecasting [13].

Advantages:

o Comprehensive: Captures level, trend, and seasonality
simultaneously.

« Practical: Widely used in business applications due to its
balance of simplicity and accuracy.

o Adaptable: Can handle additive or multiplicative season-
ality.

Limitations:

o Seasonal Period: Requires a fixed, known seasonal pe-
riod.

o Complexity: More parameters to tune than simple ETS,
increasing computational cost.

o Linear Patterns: Limited in capturing non-linear dynam-
ics.

Suitable Datasets:

o Univariate time series with trends and seasonality (e.g.,
retail sales, inventory levels).

e Medium-term forecasting tasks with consistent seasonal
patterns.

o Example: Monthly retail sales or quarterly demand for
consumer goods.

B. Machine Learning Models

Machine learning models excel at capturing non-linear
patterns and are suitable for complex time series [10].

1) Support Vector Regression (SVR): Description: SVR
applies support vector machines to regression tasks, finding
a function that predicts continuous values within a margin of
tolerance. It is defined as:

n
f@) =S ( — af)K(a,z;) + b,

i=1

(14)

where K (x,x;) is a kernel function (e.g., RBF), «;, o are
Lagrange multipliers, and b is the bias. SVR is effective for
energy load forecasting due to its ability to handle non-linear
relationships [14].
Advantages:
o Non-Linearity: Captures complex, non-linear patterns
via kernel functions.
« Robustness: Insensitive to outliers due to the margin-
based approach.
« Flexible: Kernel choice allows adaptation to various data
types.
Limitations:

« Scalability: Computationally expensive for large datasets
due to kernel computations.

o Parameter Tuning: Requires careful selection of kernel
and regularization parameters.



o Interpretability: Less interpretable than statistical mod-
els.

Suitable Datasets:
e Univariate or multivariate time series with non-linear

patterns.

o Medium-sized datasets (e.g., energy load, financial met-
rics).

o Example: Hourly electricity demand or stock volatility
data.

2) Random Forest: Description: Random Forest is an en-
semble method that builds multiple decision trees and aggre-
gates their predictions. It handles non-linear relationships and
feature interactions, making it suitable for financial forecasting
[15].

Advantages:

« Robust: Reduces overfitting through ensemble averaging.

o Feature Handling: Effectively processes multivariate

data with many predictors.

o Non-Linear: Captures complex patterns without assum-

ing linearity.

Limitations:

o Computationally Intensive: Requires significant re-

sources for large datasets.

o Black-Box: Limited interpretability compared to statisti-

cal models.

o Time Series Adaptation: Requires feature engineering

(e.g., lagged variables) for time series.

Suitable Datasets:

o Multivariate time series with non-linear patterns.

« Financial or economic datasets with multiple predictors.

o Example: Stock market forecasting with technical indi-

cators or macroeconomic data.

3) XGBoost: Description: XGBoost is a gradient boosting
framework that builds an ensemble of decision trees optimized
for performance. It minimizes a loss function through iterative
tree construction, making it effective for large-scale time series
like traffic flow [16].

Advantages:

o High Performance: Optimized for speed and accuracy,

suitable for large datasets.

« Flexible: Handles multivariate data and missing values

effectively.

o Feature Importance: Provides insights into predictor

importance.

Limitations:

o Complexity: Requires significant tuning of hyperparam-

eters (e.g., learning rate, tree depth).

« Overfitting Risk: Can overfit without proper regulariza-

tion.

« Interpretability: Less interpretable than statistical mod-

els.

Suitable Datasets:

o Large-scale multivariate time series with complex pat-
terns.

« Datasets with multiple predictors (e.g., traffic flow, energy
consumption).

o Example: Real-time traffic data or large-scale sensor
networks.

C. Deep Learning Models

Deep learning models are designed to capture complex, non-
linear dependencies in large datasets [17].

1) LSTM: Description: Long Short-Term Memory (LSTM)
networks are a type of recurrent neural network (RNN) de-
signed to model long-term dependencies in sequential data.
The LSTM cell is defined as:

ht = o; © tanh(et), (15)

where h; is the hidden state, o; is the output gate, and c; is
the cell state. LSTMs are widely used in healthcare monitoring
for their ability to capture temporal dependencies [18].
Advantages:
o Long-Term Dependencies:
quences with long lags.
o Flexible: Suitable for both univariate and multivariate
time series.
o Robust: Handles noisy data with proper training.

Effectively models se-

Limitations:

« Computational Cost: Requires significant resources for

training.

o Overfitting: Risk of overfitting on small datasets without

regularization.

o Complexity: Difficult to tune and interpret compared to

statistical models.

Suitable Datasets:

o Univariate or multivariate time series with long-term

dependencies.

e Sequential data in healthcare or finance (e.g., patient

vitals, stock prices).

o Example: ECG signals or daily financial time series.

2) Transformers: Description: Transformers use attention
mechanisms to weigh the importance of different time steps,
making them effective for multivariate time series. They
rely on self-attention to capture dependencies across long
sequences, widely used in natural language processing and
time series forecasting [19].

Advantages:

o Attention Mechanism: Captures complex dependencies

across long sequences.

o Scalable: Handles multivariate data efficiently with par-

allel processing.

« Flexible: Adapts to various time series patterns.

Limitations:

o Resource Intensive: Requires large computational re-

sources and data.

o Interpretability: Complex architecture reduces inter-

pretability.

o Training Complexity: Requires careful tuning of atten-

tion layers and parameters.



Suitable Datasets:

o Multivariate time series with complex dependencies.

o Large datasets with multiple features (e.g., sensor net-
works, financial markets).

o Example: Multi-sensor industrial data or multivariate
economic indicators.

3) TCN: Description: Temporal Convolutional Networks
(TCNi5s) use dilated convolutions to capture long-term patterns
in time series, particularly irregular ones. TCNs are designed
to be computationally efficient while modeling temporal de-
pendencies [20].

Advantages:

« Efficiency: Faster training than RNNs due to convolu-
tional architecture.

« Long-Range Dependencies: Dilated convolutions cap-
ture extended temporal patterns.

« Robust: Effective for irregular or noisy time series.

Limitations:

o Fixed Receptive Field: Limited by the size of the
convolutional kernel.

o Complexity: Requires careful design of network archi-
tecture.

« Data Requirements: Performs best with large datasets.

Suitable Datasets:

o Irregular or noisy time series with long-term patterns.

o Univariate or multivariate data (e.g., IoT sensor data,
event-based time series).

o Example: Network traffic data or irregular sensor read-
ings.

D. Hybrid Models

Hybrid models combine multiple approaches to leverage
their strengths for improved accuracy.

1) CNN-LSTM: Description: CNN-LSTM combines con-
volutional neural networks (CNNs) for feature extraction
with LSTMs for sequence modeling. CNNs extract spatial
or temporal features, which are then fed into LSTMs to
capture sequential dependencies, making it suitable for energy
forecasting [21].

Advantages:

o Feature Extraction: CNNs reduce dimensionality and
extract relevant patterns.

o Sequential Modeling: LSTMs capture temporal depen-
dencies effectively.

o Versatile: Handles complex, multivariate time series.

Limitations:

o Computational Cost: Combines the resource demands
of CNNs and LSTMs.

o Complexity: Requires tuning of both CNN and LSTM
layers.

« Data Hungry: Needs large datasets for optimal perfor-
mance.

Suitable Datasets:

o Multivariate time series with spatial and temporal pat-

terns.

e Energy or environmental data with complex dependen-

cies.

o Example: Smart grid energy consumption or weather-

related time series.

2) ETS-LSTM: Description: ETS-LSTM combines the sta-
tistical robustness of exponential smoothing with the sequence
modeling capabilities of LSTMs. ETS preprocesses the data to
capture trends and seasonality, while LSTMs model residual
non-linear patterns, often used in sales forecasting [?].

Advantages:

o Hybrid Strength: Combines interpretability of ETS with

LSTM’s non-linear modeling.

« Improved Accuracy: Captures both linear and non-linear

patterns.

« Flexible: Suitable for seasonal and non-linear time series.

Limitations:

« Complexity: Requires expertise to integrate and tune both

components.

o Computational Cost: Higher than standalone ETS or

LSTM models.

« Data Requirements: Needs sufficient data for LSTM

training.

Suitable Datasets:

« Univariate or multivariate time series with seasonality and

non-linear patterns.

o Sales or demand forecasting datasets.

o Example: Retail sales with seasonal trends and promo-

tional effects.

E. Domain-Specific Techniques

Domain-specific techniques incorporate expert knowledge
to enhance forecasting performance.

1) Physically Guided Deep Learning: Description: Physi-
cally Guided Deep Learning integrates domain-specific phys-
ical models (e.g., weather equations) into deep learning ar-
chitectures. This approach constrains neural networks with
physical laws, improving accuracy in domains like weather
forecasting [22].

Advantages:

o Domain Knowledge: Incorporates physical constraints

for realistic predictions.

o Improved Accuracy: Reduces errors in domains with

known physical models.

« Robust: Performs well in data-scarce scenarios by lever-

aging domain expertise.

Limitations:

o Domain Dependency: Requires accurate physical mod-

els, which may not always exist.

o Complexity: Integrating physical models with neural

networks is challenging.

¢ Computational Cost: Can be resource-intensive due to

hybrid nature.
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Suitable Datasets:

o Time series governed by physical laws (e.g., weather,
climate, fluid dynamics).

o Datasets with limited observations but strong domain
knowledge.

o Example: Weather forecasting or hydrological time series.

2) Bayesian Networks: Description: Bayesian Networks
model probabilistic relationships among variables using di-
rected acyclic graphs. They are used in healthcare to forecast
outcomes based on probabilistic dependencies, such as patient
health metrics [23].

Advantages:

« Probabilistic Modeling: Captures uncertainty and depen-

dencies effectively.

o Interpretable: Graphical structure provides insights into

relationships.

o Flexible: Suitable for multivariate and causal forecasting

tasks.

Limitations:

o Scalability: Computationally expensive for large net-

works.

« Data Requirements: Needs sufficient data to estimate

probabilities accurately.

o Complexity: Designing and learning network structures

can be challenging.

Suitable Datasets:

o Multivariate time series with probabilistic relationships.

« Healthcare or social science datasets with causal depen-
dencies.

o Example: Patient health monitoring or epidemiological
time series.

VI. PROPOSED ARCHITECTURE

The proposed PHM-MAX-XGBoost-LSTM-SVM  hybrid
model is designed for forecasting univariate time series data,
adapting the methodology from [24] by using XGBoost Re-
gressor and Long Short-Term Memory (LSTM) neural net-
works to model the linear component, and a Support Vector
Machine (SVM) with a Gaussian (RBF) kernel for the nonlin-
ear component. The architecture assumes the time series y; is
a sum of a linear component L, and a nonlinear component
N, as defined by y; = L; + N;. The model processes the
data through a series of steps, including normalization, par-
allel modeling, maximum selection, residual calculation, and
nonlinear modeling, to produce final forecasts ; = L, + N,.
The architecture is detailed below and visualized in Figure 4.

The time series data is loaded from a CSV file, with
the target variable specified in a user-defined column (e.g.,
’value’), and split into training (60%), validation (20%), and
test (20%) sets. The in-sample data (training + validation)
is normalized using the min-max normalization technique
to scale values between O and 1. The normalized data is
processed by two parallel models: XGBoost Regressor and
LSTM. The XGBoost model is configured with 100 trees,
a learning rate of 0.05, and a maximum depth of 3, using

25 lagged features (adjustable, e.g., 11 for yearly data). The
LSTM model consists of a single LSTM layer with 50 units
(ReLU activation) followed by a dense output layer, trained for
100 epochs with the Adam optimizer, using 25 lagged features
reshaped into a 3D tensor (samples, timesteps, features).

The forecasts from XGBoost and LSTM are combined
by selecting the maximum value at each time step to form
the normalized linear component forecasts ﬁ,’f These are
denormalized to obtain the linear forecasts ﬁt. The residual
series, representing the nonlinear component, is computed as
Ny = yp — ﬁt. The residuals are normalized using min-max
normalization and modeled using an SVM with a Gaussian
kernel to capture nonlinear patterns. The resulting nonlinear
forecasts are denormalized to obtain N;. Finally, the linear and
nonlinear forecasts are combined to produce the final forecasts
9¢ = Ly + Ny.

VII. RESULT ANALYSIS

A. AirPassengers Dataset

Conducting an in-depth analysis of the forecasting models
applied to the AirPassengers dataset reveals a comprehensive
evaluation of their predictive capabilities. This dataset, which
tracks the number of international airline passengers from
1949 to 1960, exhibits a clear upward trend with seasonal
patterns, but notably lacks exogenous variables, meaning the
forecasts rely solely on the historical passenger count data. The
ARIMA model effectively captures the underlying trend and
seasonal components, as visually confirmed by the forecast
graph, achieving a mean absolute error (MAE) of 161.38,
a mean squared error (MSE) of 32268.35, and a root mean
squared error (RMSE) of 179.63. These metrics suggest a
moderate level of accuracy, with the model adeptly handling
the dataset’s time series structure. In contrast, the Support
Vector Regression (SVR) model, while capable of capturing
general trends, demonstrates higher prediction errors, with
an MAE of 240.63, an MSE of 63759.08, and an RMSE
of 252.51, indicating a less precise fit to the historical data.
The Random Forest model improves upon this with an MAE
of 170.67, an MSE of 34983.72, and an RMSE of 187.04,
reflecting its ability to manage the dataset’s variability through
ensemble techniques. Similarly, the XGBoost model offers
a slight enhancement with an MAE of 167.89, an MSE of
34041.25, and an RMSE of 184.50, showcasing its robust-
ness in handling non-linear patterns. The Long Short-Term
Memory (LSTM) model stands out with the lowest error
metrics, recording an MAE of 59.18, an MSE of 5924.53,
and an RMSE of 76.97, underscoring its superior capability in
modeling temporal dependencies and capturing long-term pat-
terns in the data. The Hybrid (XGBoost-LSTM-SVM) model,
integrating the strengths of its constituent models, achieves a
balanced performance with an MAE of 115.44, an MSE of
16756.83, and an RMSE of 129.45, providing a competitive
alternative that leverages the diverse predictive powers of the
individual approaches.
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Fig. 5: Models prediction on AirPassanger Dataset.

B. Nifty 50 Stock Dataset

The analysis of forecasting models on the Nifty 50 stock
dataset, which spans financial data from 2016 to 2024, offers
a contrasting perspective due to the presence of exogenous
variables. This dataset includes selected columns such as
’Date’, *Open’, "High’, "Low’, ’Close’, ’Shares Traded’, and
*Turnover (Rs Cr)’, with the time series constructed from
the ’Turnover (Rs Cr)’ column and exogenous variables
derived from ’Open’, ’High’, ’Low’, ’Close’, and ’Shares
Traded’. The inclusion of these exogenous factors—market
indicators that influence turnover—adds complexity to the
forecasting process, requiring models to account for external
economic and trading dynamics. The ARIMA model provides
a reasonable forecast, achieving an MAE of 8247.85, an
MSE of 93267316.42, and an RMSE of 9657.50, indicat-
ing its suitability for capturing long-term trends despite the
added variables. The SVR model, however, underperforms
with an MAE of 14584.37, an MSE of 258528652.91, and

an RMSE of 16078.83, suggesting limited effectiveness in
handling the dataset’s volatility and exogenous influences.
The Random Forest model improves significantly with an
MAE of 5466.34, an MSE of 46332231.80, and an RMSE of
6806.78, demonstrating its strength in managing the financial
data’s variability through ensemble learning. The XGBoost
model further refines this with an MAE of 5230.07, an MSE
of 47995624.81, and an RMSE of 6927.89, highlighting its
robustness in addressing non-linear patterns and exogenous
effects. The LSTM model, however, exhibits poor performance
with an MAE of 2683570.34, an MSE of 92247486633317.92,
and an RMSE of 9604555.51, likely due to overfitting or inad-
equate tuning to accommodate the exogenous variables and the
dataset’s high volatility. The Hybrid (XGBoost-LSTM-SVM)
model also struggles, recording an MAE of 14204096411.84,
an MSE of 857127021723722055680.00, and an RMSE of
29276731745.94, possibly due to the integration of the poorly
performing LSTM component overwhelming the hybrid ap-



TABLE I: Model Performance Metrics

Model MAE MSE RMSE
AirPassengers Dataset
ARIMA 161.38 32268.35 179.63
SVR 240.63 63759.08 252.51
Random Forest 170.67 34983.72 187.04
XGBoost 167.89 34041.25 184.50
LSTM 59.18 5924.53 76.97
Hybrid (XGBoost-LSTM-SVM) 115.44 16756.83 129.45
Nifty 50 Stock Dataset
ARIMA 8247.85 93267316.42 9657.50
SVR 14584.37 258528652.91 16078.83
Random Forest 5466.34 46332231.80 6806.78
XGBoost 5230.07 47995624.81 6927.89
LSTM 2683570.34 92247486633317.92 9604555.51

Hybrid (XGBoost-LSTM-SVM)  14204096411.84

ARIMA-XGBoost Hybrid 7683.21

857127021723722055680.00  29276731745.94

83040358.83 9112.65

proach. In contrast, the ARIMA-XGBoost Hybrid model offers
a synergistic improvement with an MAE of 7683.21, an MSE
of 83040358.83, and an RMSE of 9112.65, effectively com-
bining the trend-capturing ability of ARIMA with XGBoost’s
handling of exogenous variables. Presenting the quantitative
comparison of all models across both datasets in Table I format
for clarity.

VIII. COMPARISON OF FORECASTING
TECHNIQUES

The term “time series forecasting” comprises a wide range
of techniques, each suited to particular data configurations
and application areas, with a trade-off existing among in-
terpretability, computational complexity, and predictive capa-
bility. For instance, statistical models of the ARIMA type
are suited for stationary time series in a univariate sense.
They provide explanatory results and are computationally
inexpensive, which is very useful for stock price forecasting.
Due to their linear limitations, they fail to identify complex
patterns [1]. SARIMA is an extended form of the ARIMA
model that adds a seasonal factor so that data with repeat
period fluctuations, such as retail sales, can be modelled while
remaining limited to linear dynamics [4]. In the same way,
Exponential Smoothing (ETS) presents a simple yet sufficient
method for univariate time series. Given its capacity to predict
level and trend components, it is commonly adopted for very
short-term energy forecasting. Again, its short-time horizons
might compromise its capacity for longer-term forecasting
[13]. Holt-Winters, another statistical method, enhances ETS
by explicitly capturing level, trend, and seasonality, making it
suitable for datasets like retail sales or inventory levels with

consistent seasonal patterns. However, it requires a predefined
seasonal period and struggles with non-linear trends, restrict-
ing its flexibility [13].

Machine learning models offer robust solutions for non-
linear and multivariate time series. Support Vector Regression
(SVR) excels in capturing non-linear relationships through
kernel functions, such as the radial basis function (RBF),
making it effective for load forecasting in energy systems.
Its robustness to outliers is a key strength, though scalability
issues and the need for careful kernel selection pose chal-
lenges [14]. Random Forest, an ensemble method, handles
multivariate data and non-linear patterns with high robustness,
ideal for financial forecasting with multiple predictors. Its
computational intensity and need for feature engineering, such
as lagged variables, are notable drawbacks [15]. XGBoost,
a gradient boosting framework, delivers high performance
for large-scale multivariate datasets, such as traffic flow or
energy consumption, by optimizing tree-based models and
providing feature importance insights. However, its complex
hyperparameter tuning and potential for overfitting require
careful configuration [16].

Deep learning models are designed for complex sequential
data. Long Short-Term Memory (LSTM) networks capture
long-term dependencies in sequential time series, making them
suitable for applications like healthcare monitoring and finan-
cial forecasting. Their ability to handle noisy data is a strength,
but high computational costs and data-intensive requirements
limit their use in smaller datasets [18]. Transformers, lever-
aging attention mechanisms, excel in multivariate time series
with long-range dependencies, such as sensor network data,
due to their scalable parallel processing. Their high compu-
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Fig. 6: Models prediction on Nifty 50 Stock Dataset.

tational demands and reduced interpretability are significant
challenges [19]. Temporal Convolutional Networks (TCNs)
use dilated convolutions to efficiently model long-range pat-
terns in irregular time series, like network traffic or IoT sensor
data, offering faster training than recurrent networks. Their
fixed receptive fields and need for large datasets are limitations
[20]. Hybrid models combine multiple approaches for en-
hanced accuracy. CNN-LSTM integrates convolutional feature
extraction with LSTM’s sequential modeling, ideal for energy
forecasting with complex spatial-temporal patterns, though it
requires complex training and large datasets [21]. ETS-LSTM
combines ETS’s interpretability for trends and seasonality with
LSTM’s non-linear modeling, making it effective for sales
forecasting with seasonal and promotional effects, but integra-
tion complexity increases computational costs [24]. Physically
Guided Deep Learning incorporates domain-specific physical
constraints, improving accuracy in data-scarce scenarios like
weather forecasting, but depends on accurate physical models

and is computationally intensive [22]. Bayesian Networks
model probabilistic relationships in multivariate data, offering
interpretable dependencies for healthcare monitoring. Their
scalability issues and data requirements limit their applicability
in large systems [23]. Each technique offers unique strengths,
with choices driven by data type, computational resources,
and forecasting objectives, ensuring flexibility across diverse
domains.

IX. CONCLUSIONS AND FUTURE WORK

The comparison of time series forecasting techniques re-
veals a diverse landscape of statistical, machine learning,
deep learning, hybrid, and probabilistic models, each offer-
ing unique strengths and trade-offs. Statistical models like
ARIMA, SARIMA, ETS, and Holt-Winters provide inter-
pretable and efficient solutions for univariate and seasonal
data but are limited by linear assumptions, making them less
suitable for complex, non-linear patterns. Machine learning
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models, including SVR, Random Forest, and XGBoost, excel
in capturing non-linear relationships and handling multivariate
data, though they require careful tuning and significant compu-
tational resources. Deep learning approaches, such as LSTM,
Transformers, and TCNs, are powerful for sequential and ir-
regular time series with long-term dependencies, but their data
and computational demands can be prohibitive. Hybrid models
like CNN-LSTM, ETS-LSTM, and Physically Guided Deep
Learning combine complementary strengths, improving accu-
racy for complex datasets, yet introduce integration challenges.
Bayesian Networks offer probabilistic insights for multivariate
data but face scalability issues. Selecting the appropriate model
depends on the dataset’s characteristics—such as stationarity,
seasonality, or multivariate complexity—and the forecasting
context, including available computational resources and in-
terpretability needs. For instance, financial forecasting may
favor Random Forest or XGBoost, while healthcare appli-
cations benefit from LSTM or Bayesian Networks. Future
advancements may focus on optimizing hybrid models, such as
the PHM-MAX-XGBoost-LSTM-SVM approach, to balance
accuracy and efficiency, leveraging domain knowledge to
enhance performance across diverse applications.
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