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Abstract: This study evaluates kernel-specific hyperparameter tuning in Support
Vector Regression (SVR) for time series forecasting using a simulated dataset. Four
SVR kernels Linear, Sigmoid, Radial Basis Function (RBF), and Polynomial were
systematically tested under individually optimized configurations. For each kernel, key
hyperparameters including C, epsilon, gamma (used in RBF, Polynomial, and Sigmoid),
degree (used only in Polynomial), and coef0 were tuned to enhance predictive accuracy.
Performance was assessed using RMSE, MSE, R?, AIC, and BIC metrics. Results
indicate that the Linear kernel yielded the best overall performance, demonstrating
superior generalization and stability. The findings underscore that careful selection and
tuning of kernel-specific hyperparameters significantly improve SVR model
effectiveness in capturing temporal patterns and reducing forecast error.
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INTRODUCTION

Support Vector Regression (SVR) is a powerful supervised learning technique derived from
Support Vector Machines (SVM), designed to handle regression tasks by mapping input data into
high-dimensional feature spaces using kernel functions [1]. Its strength lies in its ability to
generalize well even with limited data, making it particularly suitable for time series forecasting
where patterns may be nonlinear, seasonal, and noisy [2].

In time series modeling, kernel selection plays a pivotal role in SVR performance. Each kernel
linear, radial basis function (RBF), polynomial, and sigmoid transforms the input space differently,
influencing the model’s ability to capture underlying trends and fluctuations. Linear kernels are
often favored for their simplicity and interpretability, especially when the data exhibits smooth and
structured behavior. In contrast, nonlinear kernels like RBF and polynomial are capable of
modeling complex relationships but require careful tuning to avoid overfitting or instability [3].
Recent studies emphasize that while nonlinear kernels offer flexibility, their performance is highly
sensitive to hyperparameter configurations such as gamma, degree, and coef0, which can
significantly affect generalization and computational efficiency [1]. Moreover, sigmoid kernels,
though theoretically versatile, have shown erratic behavior in practical applications, often leading to
unreliable predictions unless tightly constrained [3].

This paper presents a comparative analysis of Support Vector Regression (SVR) models across four
kernel types Linear, RBF, Polynomial, and Sigmoid applied to a simulated seasonal time series
dataset. The objective is to evaluate each kernel’s predictive accuracy, stability, and model
complexity using a suite of performance metrics, including Root Mean Squared Error (RMSE),
Mean Squared Error (MSE), Coefficient of Determination (R?), Akaike Information Criterion
(AIC), and Bayesian Information Criterion (BIC). By systematically tuning hyperparameters and
analyzing trade-offs across these metrics, the study aims to provide actionable insights into kernel
selection for structured forecasting tasks.

The findings contribute to a broader understanding of SVR kernel behavior and offer practical
guidance for researchers and practitioners seeking to balance model interpretability, predictive
precision, and computational efficiency in real-world time series applications.

1%: MATERIALS AND METHODS:
1- SUPPORT VECTOR REGRESSION (SVR)

The main goal of SVR is to find a function that approximates the underlying relationship between
input variables and continuous output values. This function should ideally fit the data within a
specified margin of error, denoted by a threshold called €. The regression function is generally
represented as [4]:

fG) =[w,¢()]+b (D

where:

w is the weight vector that determines the importance of each feature.

@d(x) is a kernel function that maps the input features into a higher-dimensional space to facilitate
the modeling of complex relationships.

b is the bias term that adjusts the function output.
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A. THE REGULARIZATION PARAMETER CIN SUPPORT VECTOR REGRESSION
(SVR)

The parameter C in SVR controls the balance between model complexity and the tolerance for
errors beyond the e-insensitive margin. It determines how strongly deviations outside the
€ threshold are penalized. A larger value of C enforces stricter penalties on errors, leading the
regression function to fit the training data more closely but with increased risk of overfitting. In
contrast, a smaller C allows more flexibility within the margin, promoting smoother functions that
may generalize better but at the cost of higher training error [5].

B. THE e-INSENSITIVE LOSS IN SUPPORT VECTOR REGRESSION (SVR)

The parameter epsilone defines the width of the einsensitive tube, within which errors are not
penalized. A small e-makes the model sensitive to minor variations, improving accuracy but
increasing the risk of overfitting. A larger € ignores small deviations, leading to simpler models
with better generalization but reduced precision [6].

C. THE KERNEL PARAMETER y IN SUPPORT VECTOR REGRESSION (SVR)

The parameter y controls the influence of individual training samples in kernel-based SVR,
particularly when using the radial basis function (RBF) kernel. A small y value produces a
smoother decision function with broader influence, which may underfit the data. In contrast, a large
y value makes the model focus narrowly on specific training points, capturing complex patterns but
with a higher risk of overfitting [7].

D. THE DEGREE PARAMETER IN POLYNOMIAL KERNEL SVR

The degree parameter is relevant when SVR uses a polynomial kernel. It specifies the degree of the
polynomial function applied to the input features. A higher degree allows the model to capture more
complex nonlinear relationships, but it may also lead to overfitting and increased computational
cost. In contrast, lower degree values produce simpler decision functions that may underfit the data
if the underlying relationship is highly nonlinear [8].

E. THE COEFFICIENT PARAMETER COEFO0 IN SVR

The parameter coef0 is used in polynomial and sigmoid kernels to control the influence of higher-
order versus lower-order terms in the kernel function. A larger coef0 increases the impact of
higher-order terms, allowing the model to capture more complex patterns, while a smaller value
emphasizes linear behavior. Proper tuning of coef0 is therefore important to balance model
complexity and generalization performance [9].

2- LOSS FUNCTION

SVR employs the e-insensitive loss function, defined as:

Le i f(x)) = {0 if lyi — f ()l
<e€e |lyy—flx)|l— € otherwise ..(2)

This loss function allows for a margin of tolerance, meaning that small deviations within the €
margin are not penalized, which helps in focusing on more significant errors [10].

3- SVR MODEL TUNING

In this study, four SVR kernels linear, RBF, polynomial, and sigmoid were evaluated. A grid search
was applied to optimize the hyperparameters within the following ranges: C € {0.1,1,10}, € €
{0.01,0.05,0.1},y € {scale,0.001,0.01,0.1}, degree € {2,3,4} for the polynomial kernel, and
coef0 € {0.0,0.1,0.5,1.0} for the polynomial and sigmoid kernels. Model selection was based on
the lowest Root Mean Squared Error (RMSE), with the linear kernel emerging as the best-
performing SVR variant.
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4- TRAINING THE MODEL

The experimental setup employed a consistent framework for all models to ensure fair comparison.
Input sequences for both SVR and Transformer models were constructed using a window size of
10. The dataset was split into training and testing subsets in an 80/20 ratio. Model performance was
evaluated using the Root Mean Square Error (RMSE), which served as the primary metric for
assessing predictive accuracy and generalization.

Hyperparameter optimization was conducted via grid search for both SVR and Transformer models.
For the hybrid ensemble, a stacking approach was adopted, with a linear regression model serving
as the meta-learner to combine base model predictions. All models were trained and evaluated on
the same dataset splits, with RMSE computed on the test set to ensure a consistent and unbiased
performance comparison.

5- MAKING PREDICTIONS

After training, the model can predict new outputs using the learned parameters:

Flx) = Z i =In In (a; — B;) K(x %) + b -~ (3)

This equation allows for the generation of predictions based on the input features and the learned
support vectors.

6- EVALUATE PRECISION OF FORECASTING MODELS

To test the accuracy and the performance of the proposed model used, some statistical tests and
measurements, including, mean square error, root of mean square error [11].

A. MEAN SQUARE ERROR (MSE)

Mean Squared Error (MSE) is a widely used metric for assessing the accuracy of a predictive
model. It measures the average of the squares of the errors that is, the average squared difference
between the actual values and the values predicted by the model [12]:

n

1
MSE==>" (=90 (4

t=1

where:
n is the number of observations.
Y 1s the actual value.

y; is the predicted value.
A lower MSE indicates a better fit of the model to the data, as it suggests that the predictions are
closer to the actual values. however, MSE can be sensitive to outliers, because it squares the errors,
which can disproportionately affect the overall score [12].

B. SQUARE ROOT OF MEAN SQUARE ERROR (RMSE)

The Root Mean Square Error (RMSE) is a commonly used metric to evaluate the accuracy of a
predictive model, providing a measure of the model's prediction error. It represents the square root
of the average squared differences between predicted and actual values, making it easier to interpret

than the Mean Squared Error (MSE) because it is expressed in the same units as the original data
[13]:
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1 n
MSE= |- (=90 - (5)

t=1

7- DATA DESCRIPTION

In this study, a simulated time series dataset was constructed to emulate the structural patterns
commonly observed in real-world forecasting scenarios. The sample consists of 500 time points,
each representing a sequential observation influenced by three key components: a deterministic
trend, a seasonal cycle, and stochastic noise. These elements were deliberately chosen to reflect the
complexity and variability often encountered in domains such as economics, environmental
monitoring, and epidemiological modeling.

data(t) = 0.05t + 10 - sin (%) + noise ... (6)
Trend: linear growth (0.05 * t)
Seasonality: sinusoidal (nonlinear, periodic)

Noise: random Gaussian

The response variable in this dataset is the synthesized signal, which captures the combined effect
of long-term progression, periodic fluctuations, and random disturbances. This signal is not derived
from empirical measurements but is generated through mathematical modeling to ensure full
control over its underlying structure.

e Trend: The trend component represents a gradual linear increase over time, simulating
phenomena such as population growth, technological adoption, or cumulative disease spread. It is
modeled as 0.05t, where t is the time index. This steady upward trajectory provides a baseline for
long-term change.

e Seasonality: Superimposed on the trend is a sinusoidal seasonal pattern with a fixed period of 50
time steps. This component mimics cyclical behaviors such as seasonal demand, climate cycles, or
biological rhythms. The amplitude of 10 units ensures that the seasonal effect is pronounced and
easily distinguishable.

e Noise: To introduce realistic variability, Gaussian noise with zero mean and a standard deviation
of 2 is added to the signal. This stochastic element reflects unpredictable fluctuations that may arise
from measurement errors, external shocks, or latent variables not captured by the model.

Together, these components form a composite signal that challenges predictive models to
disentangle and learn both the deterministic and random aspects of the data. The dataset is
particularly suitable for benchmarking regression algorithms, time series models, and hybrid
architectures that aim to capture temporal dependencies and structural patterns.

Although the dataset is synthetic, its design is grounded in principles of time series analysis and
statistical modeling, making it a valuable tool for testing methodological robustness and
generalization performance.

2"; RESULTS AND DISCUSSIONS

To assess the predictive performance of Support Vector Regression (SVR) models, a series of
experiments were conducted using four distinct kernel types: linear, radial basis function (RBF),
polynomial, and sigmoid. The evaluation focused primarily on Root Mean Square Error (RMSE) as
a measure of accuracy, with each model undergoing systematic hyperparameter tuning to identify
its optimal configuration. The discussion below interprets the comparative results and highlights
key insights into kernel behavior and model reliability. The tables that follow summarize the best-
performing hyperparameter settings for each kernel, providing a clear view of how tuning
influenced prediction outcomes.
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1- LINEAR KERNEL

Figure 1 illustrates the performance of SVR models using the linear kernel across an extensive grid
of hyperparameter combinations. The results show remarkable stability in RMSE values,
particularly under low regularization (C = 0.1), where RMSE consistently remained at 2.8133
regardless of changes to gamma or coef0—parameters that are functionally irrelevant in linear
kernel formulations. As the regularization strength increased to C = 10, the model achieved its best
performance with C = 10, ¢ = 0.05, and y = 'scale', yielding an RMSE of 2.7332, alongside
improvements in MSE (7.4706), R? (0.8541), AIC (971.08), and BIC (1971.46). These results
suggest that higher regularization combined with moderate error tolerance enables the SVR to better
capture underlying temporal patterns while maintaining generalization. Coef0 variations had no
measurable impact across trials, reaffirming their irrelevance in this context. Additionally,
narrowing the & range from 0.1 to 0.05 provided marginal but consistent gains across all metrics.
Overall, the linear kernel demonstrated robust, interpretable, and computationally efficient
behavior, making it a strong candidate for time series forecasting with smooth and structured
signals.
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Figure (1): Metric results for models (linear Kernel)

ISSN:2222-2995 E-ISSN:3079-3521 Vol. 15 No. 4 Part (2) 368



I R H g I University of Kirkuk Journal For Administrative

Academic Sclentific Joumnals and Economic Science (2025) 15 (4) Part (2): 363-375

2- RADIAL BASIS FUNCTION (RBF) KERNEL

Figure 2 presents the performance of SVR models using the RBF kernel across a broad
hyperparameter grid. Unlike the linear kernel, the RBF kernel exhibited substantial variability in
RMSE values, ranging from 13.65 in the least effective configuration to 2.9924 in the best. This
wide spread underscores the RBF kernel’s sensitivity to hyperparameter tuning—particularly the
gamma parameter, which governs the influence of individual training samples. The optimal
configuration, achieved with C = 10, € = 0.1, and y = 0.01, yielded an RMSE of 2.9924, MSE of
8.9547, R? of 0.8251, and favorable AIC (980.83) and BIC (1970.88) scores, indicating a well-
balanced model with strong generalization. Lower gamma values (e.g., 0.001) consistently
produced higher error metrics, suggesting that overly broad kernels failed to capture localized
structure. Similarly, small regularization values (C = 0.1) led to underfitting, with RMSEs
exceeding 11 and negative R? values. Overall, while the RBF kernel demonstrated the capacity to
model nonlinear patterns, its performance was highly contingent on precise hyperparameter
selection. Compared to the linear kernel (Figure 1), the RBF kernel required more careful tuning
and still fell short in predictive accuracy, reinforcing the linear kernel’s robustness for this dataset.
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Figure (2): Metric results for models (RBF kernel)

ISSN:2222-2995 E-ISSN:3079-3521 Vol. 15 No. 4 Part (2) 369



I R H D I University of Kirkuk Journal For Administrative
Academic Scientific Journals and Economic Science (2025) 15 (4) Part (2): 363-375

3- POLYNOMIAL KERNEL

Figure 3 summarizes the performance of SVR models using the polynomial kernel across a diverse
grid of hyperparameter combinations. This kernel introduces added complexity through the degree
and coef0 parameters, which shape the curvature and offset of the decision boundary. Despite its
flexibility, model performance varied considerably depending on the tuning configuration. The
best-performing setup C = 10, ¢ = 0.1, y = 0.01, degree = 2, and coef0 = 1.0 achieved an RMSE of
2.9924, MSE of 8.9547, R? of 0.8251, AIC of 980.83, and BIC of 1970.88, closely matching the
optimal RBF configuration (Figure 2). This suggests that both kernels can effectively capture
nonlinear relationships when precisely tuned. Across the grid, lower values of C (e.g., 0.1)
consistently led to poor performance, with RMSEs exceeding 11.0 and negative R? values,
indicating underfitting due to excessive regularization. Similarly, extreme gamma values (e.g.,
0.001) produced RMSEs above 13.0 and inflated AIC/BIC scores, reflecting poor generalization.
The degree parameter was also pivotal—quadratic configurations (degree = 2) consistently
outperformed higher-degree polynomials, which likely introduced unnecessary complexity and
overfitting. Compared to the linear kernel (Figure 1), the polynomial kernel demonstrated
competitive performance only under optimal conditions. Its sensitivity to multiple interacting
hyperparameters makes it less robust for general use. Nonetheless, it remains a viable option when
the underlying data exhibits structured nonlinearities that simpler kernels may fail to capture.
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Figure (3): Metric results for models (POLY kernel)
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4- SIGMOID KERNEL

Figure 4 presents the performance of SVR models using the Sigmoid kernel, which introduces
nonlinearity via a hyperbolic tangent transformation. The results reveal highly erratic behavior
across hyperparameter combinations, with RMSE values ranging from 3.0109 to over 479.0,
indicating extreme sensitivity and instability. The best-performing configuration C=10,e=0.1,y=
0.01, and coef0 = 0.0 achieved an RMSE of 3.0109, MSE of 9.0656, R? of 0.8229, AIC of 980.04,
and BIC of 1967.50, placing it competitively alongside the optimal RBF and polynomial setups.
However, this result was achieved under narrowly tuned conditions. Most other configurations
particularly those involving large C values and gamma = 'scale' produced RMSEs exceeding 300,
with corresponding MSEs and AIC/BIC scores indicating severe overfitting or numerical
divergence. The kernel’s performance was especially volatile when gamma was set to 'scale' or 0.1,
often resulting in RMSEs above 200 or even 400, and R? values plunging deep into the negative
range. This behavior reflects the Sigmoid kernel’s tendency to saturate or misrepresent the input
space when parameters are misaligned with the data distribution. Compared to the other kernels, the
Sigmoid kernel demonstrated the least robustness and highest variance in performance. While
theoretically capable of capturing complex nonlinearities, its practical utility in this time series
context is limited by its sensitivity to hyperparameter interactions and lack of generalization
stability.
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Figure (4): Metric results for models (Sigmoid kernel)
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5- COMPARATIVE ANALYSIS AND SYNTHESIS

Across all four kernels, the linear kernel (Figure 1) emerged as the most stable and accurate,
achieving the lowest RMSE of 2.7332 with minimal tuning complexity. The RBF kernel (Figure 2)
showed strong performance under optimal conditions but required precise tuning of gamma and C
to avoid underfitting. The polynomial kernel (Figure 3) offered competitive results, particularly
with quadratic configurations, but was more sensitive to interactions among degree, gamma, and
coef0. In contrast, the sigmoid kernel (Figure 4) exhibited erratic behavior and extreme sensitivity,
making it the least reliable choice for this dataset.

These findings suggest that for structured, moderately noisy time series data, simpler kernels like
the linear SVR not only outperform more complex alternatives but also offer greater interpretability
and robustness. While nonlinear kernels can capture intricate patterns, their performance is highly
contingent on careful hyperparameter selection and may not justify the added complexity in
scenarios where the underlying signal is smooth and well-behaved.

6- KERNEL PERFORMANCE EVALUATIONS

Figure 5 shows a comparative visualization of SVR kernel performance, it reveals that the Linear
kernel achieved the most favorable results across all evaluated metrics. With the lowest RMSE
(2.7332) and MSE (7.4706), it demonstrated superior predictive accuracy and minimal error
variance. Its R? value of 0.8541 further confirms strong explanatory power, indicating that the
model captures a substantial portion of the variance in the time series data. Additionally, the Linear
kernel yielded the lowest AIC (971.08) and BIC (1971.46), suggesting optimal model parsimony
and generalization. In contrast, the Sigmoid kernel exhibited the highest RMSE (3.0109) and MSE
(9.0656), along with the weakest R? (0.8229), reflecting reduced predictive reliability. The
Polynomial and RBF kernels performed moderately, with slightly higher error metrics and
complexity penalties. Overall, the results underscore the effectiveness of the Linear kernel when
paired with targeted hyperparameter tuning, making it the most robust choice for this simulated
time series forecasting task.
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Figure (5): Kernel performance evaluations
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7- PERFORMANCE OF THE BEST KERNEL (LINEAR) MODEL WITH THE BEST
HYPERPARAMETER

The best-performing SVR model used a linear kernel with optimized hyperparameters: C = 10,
epsilon = 0.05, and gamma = 'scale'. As shown in Figure 6 the graph, the model’s predictions align
closely with the actual time series across both training and test sets, capturing trend and seasonality
without overfitting. The smooth overlap especially in the test segment demonstrates strong
generalization and predictive stability. These hyperparameters struck a balance between bias and
variance: C = 10 allowed flexible fitting without excessive sensitivity to noise, epsilon = 0.05
encouraged precision, and gamma = 'scale' ensured consistent scaling. Together, they enabled the
linear SVR to model the structured signal effectively while maintaining interpretability.

30 4

SVR Predictions (Linear Kernel)

—— Actual Values
=== SVR Prediction (test dataset)
—=—=- SVR Prediction (train dataset)

Value

20 A
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—-10 4

T T T T T
100 200 300 400 500
Time

Figure (6): SVR Predictions (Linear Kernel)

Figure 7 illustrates the residuals versus predicted values for the linear SVR model, offering a
diagnostic view of its performance. The residuals defined as the difference between actual and
predicted values are scattered symmetrically around the zero line, with no discernible pattern or
curvature. This indicates that the model does not systematically overestimate or underestimate
across the prediction range, and that it has captured the underlying structure of the time series

without introducing bias.

The absence of funnel shapes or -clustered errors suggests

homoscedasticity, meaning the variance of the residuals remains consistent across different output
levels. Overall, the plot confirms that the linear SVR model, with its tuned hyperparameters (C =
10, epsilon = 0.05, gamma = 'scale’), generalizes well and maintains predictive stability across the
full signal.
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Figure 8 illustrates the RMSE comparison across four SVR kernels Linear, RBF, Polynomial, and
Sigmoid. The Linear kernel achieved the lowest RMSE (2.7332), indicating the best predictive
accuracy among the models tested. The Sigmoid kernel showed the highest RMSE (3.0109),
suggesting weaker performance. Overall, the chart highlights how kernel choice significantly
impacts SVR model precision

RMSE Comparison Across SVR Kernels

2.9924 3.0109
3.0 |
2.7332 27839
2.5
2.0
0
Z 1.5
1.0
0.5
0.0 T T T T
Linear RBF Poly Sigmoid
Figure (8): RMSE Comparison Across SVR Kernels
CONCLUSION

This study conducted a comprehensive benchmarking of Support Vector Regression (SVR) models
across four kernel functions linear, radial basis function (RBF), polynomial, and sigmoid using a
simulated seasonal time series dataset characterized by trend, periodicity, and moderate Gaussian
noise. Through exhaustive hyperparameter tuning, each kernel was evaluated based on its predictive
accuracy and sensitivity to configuration changes.

The linear kernel (Figure 1) consistently outperformed its nonlinear counterparts, achieving the
lowest RMSE of 2.7332. Its simplicity and robustness across tuning scenarios underscore its
suitability for structured time series data, especially when the underlying signal exhibits smooth and
interpretable dynamics.

The RBF kernel (Figure 2) demonstrated strong performance under optimal conditions, with an
RMSE of 2.9924, but required precise calibration of gamma and C to avoid underfitting or
overfitting. While capable of modeling nonlinear relationships, its sensitivity to kernel width and
regularization made it less reliable in broader applications.

The polynomial kernel (Figure 3) offered competitive results, particularly with quadratic
configurations (degree = 2), yielding an RMSE of 2.7839. However, its performance was highly
dependent on the interplay between degree, gamma, and coef0, making it more complex to tune and
less robust across varying signal structures.

In contrast, the sigmoid kernel (Figure 4) exhibited the greatest volatility, with RMSE values
ranging from 3.0109 to over 479.0, depending on the hyperparameter combination. Although it
achieved moderate accuracy under specific conditions, its erratic behavior and extreme sensitivity
to gamma and coef0 rendered it the least reliable choice for this dataset.

Taken together, these findings highlight the importance of kernel selection and hyperparameter
tuning in SVR modeling. For time series data with structured patterns and moderate noise, the linear
kernel offers a compelling balance of accuracy, interpretability, and stability. While nonlinear
kernels can capture more complex relationships, their added complexity and tuning sensitivity may
not yield proportional gains in performance. Future work may explore hybrid approaches or
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adaptive kernel strategies, but for foundational forecasting tasks, linear SVR remains a robust and
efficient baseline.
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