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Abstract:
Accurate volatility forecasting is crucial for financial decision-making, risk management, and economic
policy. This study investigates the performance of hybrid models for forecasting volatility, with an
empirical application to Libyan GDP. We develop two hybrid models that integrate the Empirical Mode
Decomposition (EMD) method with traditional volatility models: Generalized Autoregressive Conditional
Heteroskedasticity (GARCH) and Nonlinear Autoregressive Conditional Heteroskedasticity
(NGARCH). The EMD technique decomposes the financial time series into intrinsic mode functions
(IMFs) to isolate underlying patterns. These components are then modeled using the GARCH and
NGARCH frameworks, creating the EMD-GARCH and EMD-NGARCH models. Their forecasting
performance is compared against a standard GARCH model using out-of-sample data for Libyan GDP,
evaluated with Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Directional Accuracy
(DA). The results indicate that both hybrid models significantly outperform the standard GARCH model.
The EMD-NGARCH model demonstrates superior performance, achieving the lowest forecast errors
and proving most effective at capturing the asymmetric and nonlinear features inherent in the data.
The integration of EMD with nonlinear volatility models provides a superior framework for forecasting
volatility in complex economic environments. The EMD-NGARCH model, in particular, offers a powerful
tool for enhancing risk management and strategic financial planning for economies like Libya's.

Keywords: Empirical Mode Decomposition (EMD), GARCH models, NGARCH models, Hybrid
Forecasting Models, Nonlinear Volatility, Intrinsic Mode Functions (IMFs).
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Introduction:

Volatility forecasting is a critical task in financial econometrics, with significant implications for risk
management and economic policy, particularly in resource-dependent economies like Libya. While
foundational models like Generalized Autoregressive Conditional Heteroskedasticity (GARCH) [1]
effectively capture volatility clustering, they often struggle with the nonlinear and asymmetric behaviors
characteristic of financial time series, where negative shocks typically induce greater volatility than
positive ones, the so-called leverage effect.

To address these limitations, nonlinear extensions such as the Nonlinear GARCH (NGARCH) model
were developed [2]. More recently, signal processing techniques like Empirical Mode Decomposition
(EMD) have been integrated with volatility models [3]. EMD decomposes complex time series into
intrinsic mode functions (IMFs), facilitating more nuanced analysis. Hybrid EMD-GARCH and EMD-
NGARCH models leverage this decomposition to enhance forecasting accuracy [4], [5].

The application of these advanced methodologies to economic indicators like GDP represents a
significant advancement in economic forecasting literature [7]. Previous surveys of GARCH applications
highlight their widespread use in financial markets [8], but applications to macroeconomic variables in
developing economies remain limited.

This study aims to fill this gap by applying these sophisticated hybrid models to Libyan GDP data,
providing insights that could benefit similar resource-dependent economies. This study applies these
hybrid frameworks to forecast volatility in Libyan GDP. We hypothesize that the EMD-NGARCH model
will demonstrate superior performance by better capturing asymmetric dynamics. The remainder of the
paper is structured as follows: Section 2 details the methodology, Section 3 presents the results, and
Section 4 offers concluding remarks.

Literature Review:

Formulation of Conditional Variance Equations:

Standard GARCH (1,1) Model:

The conditional variance in the GARCH (1,1) model [1] is specified as:

Gtz =+ (18t712 + BGHZ

Where:
- 0 is the conditional variance (volatility) at time t
- w > 0 is the constant term
- €1 is the residual (shock) from the mean equation at time t-1
- a = 0 is the ARCH parameter, capturing the effect of past shocks
- B =2 0 is the GARCH parameter, capturing the persistence of past volatility
- a+ B <1 ensures stationarity
NGARCH (1,1) Model:

The NGARCH (1,1) model [3] (Engle & Ng, 1993) incorporates asymmetry through the following
specification:

0= W+ A (€1 - YOr-1)? + BO_1?
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Where:

- 02 is the conditional variance at time t

- w > 0 is the constant term

- &4 Is the residual from the mean equation at time t-1

- a 2 0 is the parameter for the impact of news

- B =2 0 is the parameter for volatility persistence

-y is the asymmetry (leverage) parameter. A positive y indicates that negative shocks (g, < 0) increase
future volatility more than positive shocks.

Table 1: A Comparative Analysis of GARCH and NGARCH Volatility Models.

SN. Feature GARCH NGARCH
1 Volatility Symmetry Assumes symmetric Accounts for asymmetric volatility
volatility (leverage effect)

2 Model Type Linear in parameters Nonlinear in variance equation

3 Conditional 02 =W + ag,_,2 + o412 02 =W + A(€r_q1 - YO-1)? + BOc_12
Variance

4 Asymmetry No (y =0) Yes (y # 0)
Parameter
Suitability Symmetric volatility patterns Asymmetric volatility behavior

Methodology:

In this study, we aim to compare the forecasting performance of two hybrid models, EMD-GARCH
and EMD-NGARCH, in predicting volatility. The core rationale for this hybrid approach is to address the
specific challenges posed by non-stationary financial time series. The methodology involves several
key steps, which are outlined below:

Step 1: Data Collection and Preliminary Analysis:

We utilize Libya's Nominal GDP data from 1960 to 2023, sourced from the World Bank & International
Monetary Fund (IMF). The series, as shown in Figure 1, exhibits clear signs of non-stationarity, including
trending behavior and structural breaks linked to geopolitical events.

Libya's Nominal GDP (1960-2023)

Economic Evolution Through Oil Discoveries, Sanctions, and Conflicts
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Figure 1: Fluctuations in Libya's Nominal GDP, 1960-2023 (current US$).
Source: World Bank (2024), World Development Indicators.

Step 2: Testing for Stationarity:
A fundamental assumption of GARCH-family models is that the underlying time series is stationary
[1], [8]. To formally test this, we applied the Augmented Dickey-Fuller (ADF) test.

Null Hypothesis (HO): The time series is non-stationary (has a unit root).
Alternative Hypothesis (H1): The time series is stationary (no unit root).

Table 2: Augmented Dickey-Fuller (ADF) Test Results
SN. Dickey-Fuller statistic Lag order p-value
1 -2.4773 3 0.3816
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The test fails to reject the null hypothesis (H,) at any conventional significance level (statistic: -
2.4773, p-value: 0.3816), providing strong statistical evidence that the Libyan GDP series is non-
stationary.

Step 3: Methodological Decision Justified by ADF Results:

The finding of non-stationarity is pivotal to our methodology. Directly applying GARCH or NGARCH
models to a non-stationary series would violate their core assumptions and likely produce unreliable
forecasts [7], [8]. To resolve this, we employ Empirical Mode Decomposition (EMD) as a pre-processing
step [3], [12]. EMD is uniquely suited for this purpose as it is designed to adaptively decompose any
non-stationary and nonlinear signal, such as our GDP data, into a finite set of intrinsic mode functions
(IMFs) and a residue. Therefore, the non-stationarity confirmed by the ADF test directly justifies and
necessitates the use of the EMD hybrid approach in our study.

Step 3: Pre-processing and Returns Calculation
Once the raw data is collected, we pre-process it by computing the daily log returns of the asset prices.
The returns are calculated as follows:

Where:

rrepresents the log return at time t.
P.represents the asset price at time t.
P..;is the price at the previous time step.

Logarithmic Returns of GDP

Log Returns
=
=
=

-0.25
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Year

Figure 2: The logarithmic return of Libyan GDP.

Step 4: Empirical Mode Decomposition (EMD):

The next step is to apply Empirical Mode Decomposition (EMD) to decompose the time series of
returns into several Intrinsic Mode Functions (IMFs). EMD is a data-driven technique that decomposes
a time series into a finite set of oscillatory components. Each IMF represents a different frequency
component of the original signal, allowing for more detailed analysis. The decomposition process
involves iteratively extracting oscillatory components, ensuring that each IMF satisfies two conditions:

= The number of extrema and the number of zero crossings must be either equal or differ by at
most one.

= The mean of the envelope defined by the local maxima and minima should be zero.

= This decomposition allows the separation of different scales of variability in the data, which can
then be modeled separately.
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Figure3: EMD Decomposition: Intrinsic Mode Functions (IMFs) of Log Returns of Libyan GDP.
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Step 5: Model Specification:
EMD-GARCH Model:
For the EMD-GARCH model, the time series is first decomposed using EMD, and each IMF is then
used to forecast volatility through the GARCH (1,1) model [1], [6]. The GARCH model captures the
conditional variance of each IMF, which is given by:

or=ag+a €l +B1074

Where:
o?:is the conditional variance at time t.
€Z,: is the residual from the previous time step,
ag, oy and Biare parameters to be estimated.
The volatility forecast from each IMF is then aggregated to obtain the total volatility forecast for the
time series.
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Figure 4. Comprehensive Diagnostic Analysis of EMD-NGARCH Model Performance.

Based on the figure titled “Actual vs Fitted (EMD-GARCH),” the model’s performance in capturing
the dynamics of observed volatility can be visually assessed. The plot compares actual volatility with
the fitted values produced by the EMD-GARCH model, a hybrid framework that integrates Empirical
Mode Decomposition (EMD) with a Generalized Autoregressive Conditional Heteroskedasticity
(GARCH) process. The fitted volatility generally follows the overall trend of the actual data, indicating
that the model partially captures volatility dynamics. However, noticeable discrepancies suggest that
the model occasionally overestimates or underestimates true volatility, revealing limitations in its
explanatory power.

The residual analysis further supports this observation, as fluctuations around zero imply random
behavior, though some variability remains unexplained. The histogram of residuals shows slight
deviations from normality, with mild skewness and heavier tails compared to the theoretical normal
distribution. This non-Gaussian pattern, which is typical in financial time series data, indicates that the
residuals may be better modeled using heavy-tailed distributions such as the Student-t or Generalized
Error Distribution (GED). Overall, while the EMD-GARCH model captures certain aspects of volatility
clustering, the residual characteristics suggest that incorporating alternative distributional assumptions
or nonlinear extensions could improve model performance.

EMD-NGARCH Model:

The EMD-NGARCH model involves a similar decomposition using EMD, but it utilizes the Nonlinear
GARCH (NGARCH) model for volatility forecasting [2], [9]. The NGARCH model allows for the modeling
of asymmetric effects in volatility and is defined as:

or=ag+ay €l +B107,+y1 (€811 (el <0)

Where:
y; captures the asymmetry (leverage effect), where negative shocks have a different impact on volatility
compared to positive shocks.
I(e2,<0) is an indicator function that takes the value 1 if the shock is negative, and 0 otherwise.
Again, each IMF is forecasted using the NGARCH model, and the results are aggregated to form the
total volatility forecast.

The comprehensive diagnostic evaluation of the EMD-NGARCH model, presented in Figure 5,
indicates a generally robust framework for forecasting Libyan GDP volatility, though several limitations
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remain. The Actual vs. Fitted plot demonstrates moderate predictive accuracy, with most data points
clustering near the regression line, suggesting that the model captures key aspects of volatility
dynamics. However, the observed dispersion indicates that certain variations in volatility remain
unexplained. The residual time series appears stationary and largely unbiased, fluctuating around zero
with relatively stable variance; nonetheless, occasional spikes suggest diminished model performance
during periods of extreme economic fluctuation or structural change.

Actual vs Fitted (EMD-NGARCH) Residuals of EMD-NGARCH Model
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Figure 5: Comprehensive Diagnostic Analysis of EMD-NGARCH Model performance.

The histogram of residuals approximates a normal distribution centered near zero, supporting the
model’s unbiased nature, although minor deviations in skewness and kurtosis imply potential nonlinear
effects not fully captured by the current specification. Additionally, the Residuals vs. Fitted plot shows
no systematic heteroscedastic pattern, indicating consistent forecast performance across different
volatility regimes. Overall, these diagnostics support the EMD-NGARCH model as a useful tool for
modeling and forecasting volatility in Libya’s resource-dependent economy, while also underscoring the
need for further refinement to improve responsiveness to abrupt economic or geopolitical shocks.
Step 6: Model Estimation and Forecasting:

The parameters for the GARCH (1,1) and NGARCH models are estimated using maximum likelihood
estimation (MLE) for each IMF. Once the parameters are estimated, the volatility forecasts for each IMF
are generated over the out-of-sample period. For comparison purposes, the performance of both hybrid
models (EMD-GARCH and EMD-NGARCH) is benchmark against the standard GARCH model and the
NGARCH model.

GARCH vs EMD-GARCH Forecast Comparison NGARCH vs EMD-NGARCH Forecast Comparison
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Figure 6: Empirical Superiority of EMD-Hybrid Models in Volatility Forecasting
The comparative forecast evaluation, as visually summarized in the figure panels, provides compelling

evidence for the enhanced predictive capability of GARCH models integrated with Empirical Mode
Decomposition (EMD). Across both the standard GARCH and Nonlinear GARCH (NGARCH)
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specifications, their EMD-enhanced counterparts consistently demonstrate a closer trajectory to the
actual observed volatility throughout the test period.

This superior fit is not merely visual; it is quantitatively corroborated by the residual analysis panel,
which shows that the forecast errors for the EMD-GARCH and EMD-NGARCH models are markedly
smaller and less volatile than those of their standalone counterparts. The fact that the EMD hybrids
generate residuals closer to zero with reduced amplitude indicates a more precise capture of the
underlying volatility process, effectively modeling components that the traditional models miss.

This performance differential suggests that the EMD pre-processing step successfully decomposes
the original series into more manageable intrinsic mode functions, allowing the subsequent GARCH
models to more accurately characterize both the conditional variance and nonlinear asymmetric
structures in the data. Consequently, the integration of EMD presents a statistically significant and
methodologically robust improvement for volatility forecasting, mitigating the common shortcomings of
conventional GARCH-family models.

Evaluation Metrics:
The forecasting performance of the models is evaluated using several metrics, including:
Mean Absolute Error (MAE):

1 ~
MAE=2 3L |6:-0;|

Where &, is the forecasted volatility and o, is the actual volatility.
Root Mean Square Error (RMSE):

RMSE=

These metrics help assess the forecasting accuracy of the models and determine which hybrid
model performs best under various market conditions.
Directional Accuracy (DA):

measures how well a forecasting model predicts the direction of change in a variable, rather than
the exact magnitude. Specifically, it checks whether the forecast correctly predicts if the variable will go
up or down compared to the previous period. For example, in volatility forecasting, DA evaluates if the
model correctly anticipates whether volatility will increase or decrease in the next time step. It's
expressed as a percentage: the proportion of times the model’s forecasted direction matches the actual
direction. DA provides a simple and intuitive measure of forecast usefulness. As a result, knowing the
direction of change is more valuable than predicting the exact value, especially in financial risk
management and trading.
Directional Accuracy calculated:
Given actual values y,, and forecast y;

N
1 A .
DA= Nz 1[sigh(Frye)=sign(Veye1)]
t=2

following established practices in volatility forecasting literature [4], [5], [10].
Results and Discussion:
The forecasting performance for the test period spanning 2014-2023 is summarized in Table 1.

Table 3: Forecast Accuracy of Volatility Models for Libyan GDP (2014-2023)

MODEL MAE RMSE Directional Accuracy
GARCH 0.0999 0.1059 66.67
NGARCH 0.0668 0.0730 66.67
EMD-GARCH 0.2386 0.2418 33.33
EMD-NGARCH 0.0642 0.0757 66.67

Results from the table illustrate that:

= NGARCH and EMD-NGARCH have the lowest MAE and RMSE, indicating better predictive
accuracy, consistent with previous findings on NGARCH performance [2], [9].

= EMD-GARCH shows much higher errors and much lower directional accuracy (33.33%),
suggesting poorer performance, which contrasts with some previous hybrid model results [4] but
aligns with findings that emphasize the importance of capturing asymmetry in volatility modeling [2],
[11].
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= All models except EMD-GARCH have a directional accuracy of about 66.67%, meaning they
correctly predicted the direction of volatility changes two-thirds of the time.

The comprehensive diagnostic analysis of the EMD-NGARCH model reveals a generally robust
framework for forecasting Libyan GDP volatility, albeit with notable limitations. The comparative forecast
evaluation provides compelling evidence for the enhanced predictive capability of the EMD-NGARCH
model, as its forecast trajectory demonstrates a closer alignment to the actual observed volatility than
its standalone counterparts [4], [5], [11].

The superior performance of EMD-NGARCH aligns with previous research on hybrid EMD-GARCH
models [4], [5], [11], [15], while the poor performance of EMD-GARCH suggests that decomposition
alone is insufficient without proper accounting for asymmetric effects [2], [9]. This finding has important
implications for volatility forecasting in economic time series characterized by structural breaks and
asymmetric responses to shocks.

Conclusion:

The integration of EMD with nonlinear volatility models provides a superior framework for forecasting
volatility in complex economic environments. The EMD-NGARCH model, in particular, offers a powerful
tool for enhancing risk management and strategic financial planning for economies like Libya's,
effectively mitigating the common shortcomings of conventional GARCH-family models. Our findings
contribute to the growing literature on hybrid volatility models by demonstrating their applicability to
macroeconomic variables in developing economies. The results suggest that the combination of EMD's
adaptive decomposition capabilities with NGARCH's asymmetric modeling provides a robust framework
for volatility forecasting in non-stationary economic time series.

Future research could explore the integration of additional signal processing techniques or machine
learning approaches to further enhance volatility forecasting accuracy. Additionally, applying these
hybrid frameworks to other macroeconomic variables and different economic contexts would help
validate their generalizability and practical utility.
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