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1. Introduction

Artificial Neural Networks (ANNs) have emerged as powerful computational methodologies that enable machine learning,
knowledge demonstration, and the application of learned knowledge to maximize the output responses of complex systems [ 21,
The architecture of artificial neural networks mimics that of the human brain, with web-like connections between neuronal
nodes. Each neuron serves as a building block that transmits and receives information through axons and dendrites, with synaptic
connections that can undergo variations in strength when exposed to external stimuli (34,

Pattern recognition, including line recognition, speech recognition, and image processing, along with classification tasks such
as text or image classification, represent the many modern applications of neural networks 1. These networks are utilized as
actuators in pattern recognition within engineering robotics and mechatronics systems [®1, with additional applications in energy
production systems, particularly wind energy, for improving efficiency through wind speed and direction prediction [ &,
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The training of neural networks involves various algorithmic
techniques to minimize errors caused by underfitting or
overfitting. Among these algorithms, the Levenberg-
Marquardt (LM) and Scaled Conjugate Gradient (SCG)
algorithms have demonstrated significant potential for
uncertainty reduction in neural network predictions [* 20,
However, certain neural network algorithms do not converge
quickly, do not achieve higher performance, and do not attain
the best accuracy during testing, necessitating a
comprehensive comparative study of these approaches.

Fig 1: Basic architecture of an Artificial Neural Network (ANN)
showing the interconnections between input layer, hidden layer,
and output layer 110,

The primary objective of this research focuses on the
prediction of input neurons based on the outcome of error
minimization of percentage proportion of hidden neurons
using both the Levenberg-Marquardt and Scaled Conjugate
Gradient algorithm approaches. This objective addresses the
critical need to identify optimal training configurations that
minimize uncertainty and improve prediction accuracy in
neural network applications.

1.1. Problem Statement

Neural networks employ various algorithmic techniques
during training and retraining processes to minimize errors
caused by underfitting or overfitting. The challenge lies in
determining the optimal percentage proportion of training
states and hidden neuron configurations that achieve the best
validation performance while minimizing prediction errors.
Current literature lacks comprehensive comparative analysis
of how different training proportions (80%, 70%, 60%, 50%,
40%, and 30%) and hidden neuron configurations affect input
neuron prediction accuracy using both LM and SCG
algorithms.

1.2. Research Objectives

The specific objective addressed in this study is the prediction
of input neurons based on the outcome of error minimization
of percentage proportion of hidden neurons/default of the two
methods. This involves: (a) analyzing validation performance
across different training proportions, (b) examining error
histogram distributions to identify optimal configurations, (c)
evaluating regression analysis for prediction accuracy, and
(d) comparing the efficacy of LM and SCG algorithms for
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input neuron prediction.

2. Literature Review

2.1. Neural Network Training Algorithms

The conjugate gradient approach, as described by Hestenes
and Stiefel M, allows separate line searches to each search
direction by constructing a set of conjugate search directions
under the assumption of a quadratic error surface. By
conducting a line search in every iteration to determine the
optimal step size error (o) along the conjugate direction, this
approach increases the training procedure's complexity while
providing systematic convergence guarantees.

The Scaled Conjugate Gradient method, developed by Magller
12 finds the best step size at each iteration using a
Levenberg-Marquardt approach rather than a line search.
This modification significantly reduces computational
overhead while maintaining convergence properties. The
Levenberg-Marquardt algorithm, originally developed for
numerical least-squares non-linear function minimization [*3
14 has found extensive application in reducing neural
networks' error functions, as documented by Hagan and
Menhaj 151,

2.2. Levenberg-Marquardt Algorithm Theory

The Levenberg-Marquardt technique derives from
considering the error E following a differential shift in the
ANN weights from 6o to 6 according to the second-order
Taylor series ' as in Eq. (1).

E(6) = E(80) + g7 (6 — 85) +2 (8 — 0)TH(O — 6o) +
H.O.T. (1)

where g = VE(0) is the gradient vector and H represents the
Hessian matrix containing the second partial derivatives of
the loss function. The Levenberg-Marquardt learning
algorithm modifies the Gauss-Newton approach as in Eq. (2).

- 1 -1
0i41 = 0; —m;H;"'g; = 6, —gni(]iT]i +A1) g (2

where A is a scalar damping parameter and I is the identity
matrix. This algorithm reduces to Gauss-Newton as A
approaches zero and to steepest descent in the limit as A
approaches infinity. The learning rate n and factor A are
designed to change adaptively during training, typically
starting with large values and gradually decreasing as the
solution improves 171,

2.3. Overfitting and Underfitting in Neural Networks

An overfitting problem exists in supervised machine learning
when a model fails to adequately generalize from observed
data to unseen data [*8. Overfitting causes the model to fit
poorly to the testing set even when it performs well on the
training set, as the over-fitted model has difficulty responding
to differences between training and testing data points. Over-
fitted models tend to memorize the training set's inevitable

noise rather than discovering the hidden patterns in the data
1191,
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Fig 2: Validation error versus testing error (19,

Figure 2 illustrating the bias-variance tradeoff in neural
network training. The optimal stopping point occurs where
validation error is minimized before overfitting begins.

The epoch is depicted on the horizontal axis and the error on
the vertical axis in Fig. 2. If the model continues to learn
beyond the optimal point, the validation error will increase
while the training error continues to decrease. This
phenomenon necessitates a technique based on the Scaled
Conjugate Gradient algorithm and the Levenberg-Marquardt
predictor for neural networks to minimize uncertainty 20 211,

2.4. Hidden Neuron Configuration Effects

The selection of appropriate hidden neuron configurations
significantly impacts neural network performance. Too few
hidden neurons may result in underfitting, where the network
cannot capture the underlying patterns in the data.
Conversely, too many hidden neurons may lead to
overfitting, where the network memorizes training data

including noise ?2, The optimal number of hidden neurons
depends on the complexity of the problem, the size of the
training dataset, and the desired generalization capability %3,

3. Materials and Methods

3.1. Experimental Setup

The experiments were conducted using MATLAB R2019a
with the Neural Network Toolbox on a laptop computer. The
neural network was configured with a default value of 10
hidden neurons and 70% training proportion. Systematic
variations were applied to both the training proportions (80%,
60%, 50%, 40%, and 30%) and hidden neuron configurations
(2 and 50, 4 and 40, 6 and 30, and 8 and 20) to
comprehensively evaluate the prediction performance.

3.2. Data Division Strategy
The dataset consisting of 94 samples was divided according
to the following default proportions shown in table 1.

Table 1: Default data division configuration for neural network training.

Data Set Percentage Number of Samples Purpose

Training 70% 66 Network weight adjustment based on error
Validation 15% 14 Measure generalization, halt when stops improving

Testing 15% 14 Independent measure of network performance

3.3. Training Algorithm Configuration
Two training algorithms were employed for comparative
analysis:

Levenberg-Marquardt  Algorithm  (trainlm):  This
algorithm typically requires more memory but less time.
Training automatically stops when generalization stops
improving, as indicated by an increase in the mean squared
error of the validation samples. The algorithm uses data
division by random selection (dividerand) and employs mean
squared error (mse) as the performance metric.

Scaled Conjugate Gradient Algorithm (trainscg): This
algorithm uses the Levenberg-Marquardt approach to find the
optimal step size at each iteration rather than performing a
line search. It offers lower memory requirements compared
to LM, making it suitable for larger network architectures.

3.4. Network Architecture

A fitting neural network (fitnet) architecture was
implemented with configurable hidden layer neurons. The
default configuration is presented in table 2:

Table 2: Neural network architecture specifications.

Layer Configuration

Function

Input Layer Variable inputs

Data reception

Hidden Layer

2,4,6,8,10, 20, 30, 40, 50 neurons

Feature transformation

Output Layer

1 neuron

Prediction output
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3.5. Performance Evaluation Metrics
The following metrics were used to evaluate neural network
performance:

Mean Squared Error (MSE): The average squared
difference between outputs and targets, where lower values
indicate better performance and zero indicates no error as in

Eg. (3).
MSE = (%)Z(yi — §i)? 3)

Regression R Values: Measures the correlation between
outputs and targets, where an R value of 1 indicates a close
relationship and 0 indicates a random relationship.

Validation Performance: The best validation error achieved
during training, recorded at the corresponding epoch number.

Error Histogram: Distribution analysis of prediction errors,
where ideal performance shows tight clustering around zero
with minimal spread.
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3.6. Experimental Procedure

The experimental procedure followed these systematic steps:

1. Configure the neural network with specified hidden

neuron count

Set training proportion and data division parameters

Select training algorithm (LM or SCG)

Execute training until validation-based stopping criteria

Record performance plots: validation performance,

training state, error histogram, regression, and error fit

6. Repeat for all combinations of training proportions and
hidden neuron configurations

7. Perform comparative analysis of results

arwn

4. Results and Discussions

4.1. Default Hidden Neuron Network Performance (10
Neurons, 70%b)

The baseline configuration with 10 hidden neurons and 70%
training proportion serves as the reference point for
comparative analysis. Fig. 3 presents the validation
performance plots for both the Levenberg-Marquardt and
Scaled Conjugate Gradient algorithms.

Levenberg-masquard plots of default hidden (10)
neuron networks

Best Vakdation Performance Is 0.00017348 at epoch 10

—

— VabX O

A - Bout

Mean Squared Eaed (mse)

16 Epochs

Scaled conjugate gradient algorithm plots of default
hidden (10) neuron networks

Best Validation Performance is 0.016384 at epoch 35

—\aldation

—T gt

Best

Mean Squared Error (mse)

41 Epochs

a: Performance by L-M (10)

b: Performance by SCG (10)

Fig 3: Performance comparison of LM and SCG algorithms with 10 hidden neurons

Figure 3. is the plot of validation performance comparison
between (a) Levenberg-Marquardt algorithm achieving best
validation performance of 0.00017348 at epoch 10, and (b)
Scaled Conjugate Gradient algorithm achieving best
validation performance of 0.016384 at epoch 35, both using
default 10 hidden neurons with 70% training proportion.

The results demonstrate that the Levenberg-Marquardt

algorithm  achieves  significantly  better  validation
performance (0.00017348) compared to the Scaled
Conjugate  Gradient  (0.016384), representing an
approximately 94-fold improvement. Additionally, the LM
algorithm converges faster, reaching optimal performance at
epoch 10 compared to epoch 35 for SCG.
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a: Training state by L-M (10)
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Fig 4: Training state by L-M and SCG with 10 hidden neurons

Figure 4 shows the training state comparison showing
gradient, Mu (LM only), and validation checks for (a)
Levenberg-Marquardt with gradient = 0.0039047 at epoch

16, Mu
gradient

1e-06, and (b) Scaled Conjugate Gradient with
0.41018 at epoch 41.
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a: Error histogram by L-M (10)
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Fig 5: Error histogram comparison of LM and SCG algorithms

Error histogram with 20 bins comparing (a) Levenberg-
Marquardt and (b) Scaled Conjugate Gradient algorithms for

default 10 hidden neurons is plotted in figure 5. The LM
algorithm shows tighter clustering around zero error.
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a: Regression bv L-M (10) b: Regression bv SCG (10)

Fig 6: Regression analysis comparing LM and SCG algorithms

Figure 6 depicts the regression analysis showing R-values for (b) Scaled Conjugate Gradient achieving R = 0.99877 for
training, validation, test, and overall performance: (a) training indicating close relationship.
Levenberg-Marquardt achieving R = 0.99999 for training and

Levenberg-masquard plots of default hidden (10) Scaled conjugate gradient algorithm plots of default
neuron networks hidden (10) neuron networks

Function Fit for Output Element 1

wﬁ‘u&!@l Element 1

i :
— wout T put
a: Error fit L-M (10) b: Error fit SCG (10)
The function fit for output element 1 comparing (a) 4.2. Hidden Neuron Variation Analysis
Levenberg-Marquardt and (b) Scaled Conjugate Gradient To evaluate the effect of hidden neuron count on input
algorithms, showing training targets, validation targets, test prediction accuracy, experiments were conducted with
targets, outputs, and errors is plotted in figure 7. reduced (2 neurons) and increased (50 neurons)
configurations. The result and observations were tabulated in
table 3.
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Table 3: Validation performance results for different hidden neuron configurations using Levenberg-Marquardt algorithm.

Hidden Neurons Best Validation Performance Epoch Observation

2 1.1521 18 Underfitting - insufficient complexity
6 0.0033 30 Approaching optimal
8 0.00012831 94 Best performance

10 (default) 0.00017348 10 Good performance
20 0.0071551 8 Performance degradation begins
30 0.0072545 8 Overfitting tendency
40 Dispersed error - Underfitting due to complexity
50 Dispersed error - Severe underfitting
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Fig 8: Performance by LM and SCG with 2 hidden neurons

Figure 8 shows the validation performance with 2 hidden
neurons: (a) Levenberg-Marquardt achieving  best
performance of 1.1521 at epoch 18, and (b) Scaled Conjugate

Gradient achieving 1.2775 at epoch 10, demonstrating
underfitting with insufficient network complexity.
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Fig 9: Training state by LM and SCG with 2 hidden neurons
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Figure 9 shows the training state for 2 hidden neurons: (a)
LM with gradient = 0.035123 at epoch 24, Mu = 1e-67, and
(b) SCG with gradient = 0.6809 at epoch 16. The Levenberg-
Marquardt model is characterized by rapid convergence, a
greater decline in error early on, a lower mean squared error,
a higher computation for each epoch, and a sensitivity to the

www.artificialinteljournal.com

initial weight. There is less sensitivity to weight and lesser
computation per epoch, a slower convergence as seen by the
scale conjugate gradient, a gradual fall in error as shown by
the error reduction plot, and a mean squared error that is
larger than LM.

Levenberg-masquard plots of hidden (2) neuron
networks
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a: Error histogram by L-M (2) b: Error histogram by SCG (2)
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Fig 10: Error histogram by LM and SCG with 2 hidden neurons

Error histogram comparison with 2 hidden neurons showing
wider error distribution indicative of underfitting: (a)
Levenberg-Marquardt and (b) Scaled Conjugate Gradient
algorithms. The error histogram shows how the distribution
of errors (the discrepancy between the expected and actual
results) is distributed throughout the test and validation

samples as shown in figure 10. Compared to the scaled
conjugate gradient, which displays a wider range of values
and more samples with larger errors, the Liebenberg
marquared shows a high concentration around zero error,
indicating a strong match.

Levenberg-masquard plots of hidden (2) neuron
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Fig 11: Regression analysis by

Figure 11 illustrates the regression analysis with 2 hidden
neurons: (a) LM achieving R = 0.93312 for training, R =
0.93130 for validation, R = 0.96606 for test, and R = 0.93597

LM and SCG with 2 hidden neurons
overall; (b) SCG achieving R = 0.87048 for training, R =

0.83333 for validation. Using a two-neurons-hidden network,
while scale conjugate gradient achieves faster and lower error
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reduction, Levenbeng marquardt outperforms it in terms of
error regression, but it uses more compute and memory. For
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bigger models, where LM isn't feasible, SSG is the better
option.

Levenberg-masquard plots of hidden (2) neuron
networks
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Fig 12: Error training fit by LM and SCG with 2 hidden neurons

Function fit was illustrated in figure 12 with 2 hidden
neurons: (a) Levenberg-Marquardt showing tighter fit and (b)
Scaled Conjugate Gradient showing higher training error fit
indicative of potential underfitting. Scale conjugate gradient
shows a higher training error fit, it may underfit if
convergence stalls, slow convergence, more epochs to decent
fit, and low capacity to sensivity to complexity. On the other

hand, the final training fit error is lower, tighter, better fit to
training data, faster, smoother, and more accurate.

4.3. Training Proportion Analysis

Comprehensive analysis of different training proportions
reveals significant variations in validation performance and
error minimization outcomes.

Table 4: Validation performance comparison across different training proportions for both algorithms with 10 hidden neurons.

Training % LM Best Performance LM Epoch SCG Best Performance SCG Epoch
80% 8.194x10-7 363 Higher error -

70% (default) 0.00017348 10 0.016384 35
60% 1.910x10-5 512 Better than 70% -
50% Moderate - Moderate -
40% Higher error - Higher error -
30% 0.04494 113 0.8044598 11

4.4. Error Histogram Analysis by Training Proportion

Table 5: Error histogram ranking by training proportion for Levenberg-Marquardt algorithm (1 = least error dispersion, 5 = most error

dispersion).

Training % LM Error Ranking SCG Error Ranking Overall Assessment
60% 1 (Least) 1 (Least) Optimal for error histogram
80% 2 2 Second best
50% 3 3 Moderate
40% 4 4 Below optimal
70% 5 (Most) 5 (Most) Highest error dispersion

4.5. Discussion

From table 5, the error histogram analysis reveals that 60%
training proportion produces the least error dispersion for
both algorithms, suggesting this as the optimal configuration
for error histogram minimization. Notably, the default 70%
proportion shows the highest error dispersion, indicating that
the commonly used default may not be optimal for all
applications.

45.1. Input Neuron Prediction Based on Error
Minimization

The primary objective of this research—prediction of input
neurons based on the outcome of error minimization of
percentage proportion of hidden neurons—yields several
significant findings.
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The comprehensive analysis demonstrates that the
Levenberg-Marquardt algorithm consistently outperforms
the Scaled Conjugate Gradient algorithm across all
evaluation metrics, establishing a clear preference for LM in
input neuron prediction applications.

The validation performance analysis reveals a hierarchical
ranking of training proportions for optimal input prediction;
80% achieves the best validation performance with an error
value of 8.194x107 at epoch 363, followed by 60% with
1.910%107 at epoch 512, and finally 70% with 0.00017348 at
epoch 10. This ranking contradicts the conventional wisdom
of using 70% as the default training proportion and suggests
that higher training proportions may be more suitable for
applications requiring maximum validation performance.

4.5.2. Optimal Hidden Neuron Configuration

The hidden neuron analysis provides critical insights for
input neuron prediction. The configuration with 8 hidden
neurons produces the best validation performance with
minimal error of 0.00012831 at epoch 94, closely
approaching the optimal default target of 10 neurons. This
finding suggests that for the input neuron prediction task,
slightly fewer hidden neurons than the default may yield
superior results.

Configurations with 2-6 hidden neurons exhibit underfitting
characteristics, with validation errors ranging from 1.1521 (2
neurons) to 0.0033 (6 neurons). Conversely, increasing the
number of neurons beyond 20 leads to performance
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degradation, with 40 and 50 neurons showing dispersed error
histograms characteristic of underfitting due to excessive
network complexity without sufficient training data to
support the increased parameter space.

4.5.3. Error Histogram Implications

A particularly noteworthy finding is that 60% training
proportion produces the least error dispersion in the
histogram for both LM and SCG algorithms. This suggests
that for applications where error distribution consistency is
critical—such as medical diagnostics or safety-critical
industrial systems—a 60% training proportion may be
optimal despite not achieving the absolute lowest validation
error.

The error histogram ranking (60% — 80% — 50% — 40%
— 70%) for the Levenberg-Marquardt algorithm indicates
that the commonly used 70% default proportion actually
exhibits the highest error dispersion. This counterintuitive
result highlights the importance of empirical validation rather
than reliance on default parameters in neural network
applications.

4.5.4. Comparative Algorithm Performance

The comparative analysis between Levenberg-Marquardt and
Scaled Conjugate Gradient algorithms reveals consistent
superiority of LM across multiple evaluation criteria as
summarized in table 6.

Table 6: Comparative summary of Levenberg-Marquardt versus Scaled Conjugate Gradient algorithm performance characteristics.

Criterion Levenberg-Marquardt Scaled Conjugate Gradient Advantage
Validation Performance (10 neurons, 70%) 0.00017348 0.016384 LM (94x better)
Convergence Speed (epochs) 10 35 LM (3.5x faster)
Training R-value 0.99999 0.99877 LM
Error Concentration Tight clustering Wider spread LM
Memory Requirements Higher Lower SCG
Computational Efficiency More per epoch Less per epoch Context-dependent

While the Scaled Conjugate Gradient algorithm offers
advantages in memory efficiency and lower computational
cost per epoch, these benefits are outweighed by the superior
prediction accuracy and faster overall convergence of the
Levenberg-Marquardt algorithm for input neuron prediction
tasks. The LM algorithm's ability to achieve approximately
94-fold better validation performance makes it the
recommended choice for applications where prediction
accuracy is the primary concern.

4.5.5. Practical Implications

The findings of this study have significant practical
implications for various application domains. In medical
diagnostics, where error minimization is critical for patient
safety, the recommendation to use the Levenberg-Marquardt
algorithm with 80% training proportion and 8 hidden neurons
provides a concrete configuration guideline. For industrial
automation and fault detection applications, the 60% training
proportion offers the best error distribution consistency.

The study also reveals that default parameters commonly
used in neural network toolboxes may not be optimal for
specific prediction tasks. Practitioners should conduct
systematic evaluations of training proportions and hidden
neuron configurations rather than relying on default values,
particularly for applications where prediction uncertainty has
significant consequences.

5. Conclusion

This study has systematically investigated input neuron

prediction based on the error minimization outcomes of

percentage proportion of hidden neurons using both the

Levenberg-Marquardt and Scaled Conjugate Gradient

algorithms. The comprehensive analysis across multiple

training proportions (80%, 70%, 60%, 50%, 40%, and 30%)

and hidden neuron configurations (2, 4, 6, 8, 10, 20, 30, 40,

and 50) has yielded several key findings that contribute to the

field of neural network optimization and uncertainty
minimization.

The primary conclusions of this research are:

e Algorithm Superiority: The Levenberg-Marquardt
algorithm consistently outperforms the Scaled Conjugate
Gradient algorithm for input neuron prediction,
achieving approximately 94-fold better validation
performance (0.00017348 vs. 0.016384) with 3.5 times
faster convergence at the default configuration.

e Optimal Training Proportion for Validation
Performance: Given 10 input hidden neurons, the
optimal training proportion for validation performance is
80%, achieving an error of 8.194x10-7 at epoch 363,
followed by 60% (1.910%10-5 at epoch 512), and then
70% (0.00017348 at epoch 10).

e Optimal Training Proportion for Error Histogram:
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A 60% training proportion produces the least error
dispersion in the histogram for both algorithms,
establishing this as the optimal configuration for
applications requiring consistent error distribution.

e Optimal Hidden Neuron Configuration: For the input
neuron prediction task, 8 hidden neurons produce the
best validation performance with minimal error of
0.00012831 at epoch 94. Configurations with 40-50
neurons exhibit underfitting characteristics due to
excessive network complexity.

o Default Parameter Reconsideration: The commonly
used 70% default training proportion shows the highest
error dispersion in the histogram analysis, suggesting
that practitioners should conduct empirical validation
rather than relying on default parameters.

With identical 60% proportions of 10 hidden neurons trained
using both approaches, a superior function fit is attained with
a minimal error of 0.01, consistent with the validation
performance and error histogram findings. These results
provide concrete guidelines for neural network practitioners
in selecting optimal configurations for input neuron
prediction tasks.

The practical applications of these findings extend to medical
image processing, medical diagnostics (illness classification
from symptoms or images), industrial automation, route and
traffic prediction, vehicle and fault detection, and defect
detection in manufacturing. The established superiority of the
Levenberg-Marquardt algorithm and the identified optimal
configurations provide a foundation for improved prediction
accuracy and reduced uncertainty in these critical application
domains.
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