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Abstract

Artificial Neural Networks (ANNSs) have gained increasing
attention as effective tools for modeling nonlinear and multivariate
relationships in complex manufacturing processes, where
conventional predictive approaches often exhibit limited accuracy.
In this study, an ANN-based predictive framework was developed
to estimate surface roughness (Ra) and resultant force (F) in CNC
turning of hardened AISI H13 steel. The framework was
constructed using an experimental dataset comprising 324
machining records, with cutting speed (vc), feed rate (f), and depth
of cut (ap) as input parameters, all normalized using the Min-Max
scaling method to ensure stable and efficient model training. To
identify the optimal training configuration, eight optimization
algorithms: Adam, RMSprop, Nadam, Adagrad, Adadelta,
Adamax, FTRL, and Stochastic Gradient Descent (SGD) are
systematically evaluated, and Nadam was selected as the most
effective optimizer with a learning rate of 0.0001 and a batch size
of 16. Two dedicated feed forward ANN models are designed
separately for Ra and F prediction and validated using the Leave-
One-Out Cross-Validation (LOOCV) technique to enhance
generalization and minimize overfitting. The resulting models
achieved excellent predictive accuracy for resultant force (R? =
0.9939, MAE = 4.3313 N, RMSE = 7.5955 N) and moderate
accuracy for surface roughness (R2 = 0.6454, MAE = 0.1440 pm,
RMSE = 0.1960 um). These results demonstrate that the proposed
ANN-based framework provides a reliable decision-support tool
for process optimization, monitoring, and surface quality control in
high-performance machining environments.
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1 Introduction

The increasing demand for high-precision and durable
components in modern manufacturing has intensified the machining
of hardened materials across key industries, including mold making,
automotive, and aerospace [1, 2]. Among these materials, AISI H13
tool steel is widely recognized for its outstanding mechanical
strength, thermal resistance, and dimensional stability under high
mechanical loads, making it ideal for high performance applications
[3]. Nevertheless, machining hardened steels such as AISI H13
presents significant technical challenges, including elevated cutting
forces, accelerated tool wear, and unstable surface finishes [4, 5].
These complications can negatively affect tool life, reduce
productivity, and compromise part accuracy. Despite extensive
research on machining response prediction, a clear and specific
knowledge gap remains: surface roughness and cutting force are

predominantly modelled as independent outputs, limiting the ability
of existing approaches to represent their coupled and nonlinear
interactions during machining. Therefore, the objective of this study
is to develop a unified dual-output ANN-based predictive framework
capable of simultaneously estimating surface roughness (Ra) and
resultant force (F) in CNC turning of hardened AISI H13 steel with
high accuracy and strong generalization performance.

Historically, empirical equations and regression-based models
have been utilized to delineate the relationships between machining
parameters and output responses. While such approaches may yield
acceptable predictions under simplified or linear conditions, they
often struggle to capture the inherently nonlinear and multivariate
behaviour of real-world machining operations. As machining
systems become increasingly complex, these limitations have
motivated a transition toward data-driven and computational
intelligence-based modeling strategies. The advent of computational
intelligence has introduced machine learning (ML) techniques as
powerful tools for modeling these complex relationships [6, 7]. In
particular, artificial neural networks (ANNs) have garnered
significant interest due to their demonstrated ability to process high-
dimensional data and uncover latent patterns between input and
output variables that may not be readily apparent through
conventional means [8]. This capacity to learn underlying
relationships without the need for predefined mathematical
formulations represents a key advantage of neural networks,
distinguishing them from many traditional data modeling
algorithms.

Despite their strengths, most existing ANN-based studies in
machining focus on single-output prediction, either surface
roughness or cutting force. Integrated frameworks capable of
simultaneously predicting multiple machining responses remain
limited. Additionally, many previous studies adopt suboptimal ANN
architectures and basic validation techniques, increasing the risk of
overfitting and reducing generalizability, especially when working
with relatively small datasets [9]. These methodological limitations
highlight the necessity for a more robust and comprehensive ANN
approach that explicitly supports multi-output prediction while
maintaining high predictive accuracy and strong generalization
capability. To address these gaps, this study proposes a dual-output
predictive modeling framework based on artificial neural networks
for estimating both surface roughness, specifically root-mean-square
roughness (Ra) and resultant force (F) in computer numerical control
(CNC) turning of hardened AISI H13 steel. The model was trained
using the dataset referred to as EXP1, which comprises 324
machining records derived from a full factorial experimental design.
The input features cutting speed (vc), feed rate (), and depth of cut
(ap) were normalized using the Min-Max scaling method to ensure
balanced data representation and facilitate effective training [10].

Model development was conducted using Python, with
TensorFlow and Keras libraries facilitating the implementation of
deep learning frameworks. Four different ANN architectures were
systematically evaluated in combination with eight widely used
optimization algorithms: Adam, RMSprop, Nadam, Adagrad,
Adadelta, Adamax, FTRL, and Stochastic Gradient Descent (SGD)
each tested using a fixed learning rate of 0.0001. The highest
predictive accuracy for both surface roughness and resultant force
was achieved using distinct ANN configurations, each trained with
a batch size of 16 [11]. To further improve generalization and
minimize the risk of overfitting, the models were validated using the
Leave-One-Out Cross-Validation (LOOCV) approach [12]. The
novelty of this research lies in the development of a scalable dual-
output ANN framework capable of concurrently predicting two
critical machining responses surface roughness and resultant force
under consistent experimental conditions. In contrast to prior studies
that predominantly focus on single-output modeling and limited
hyperparameter exploration, this work presents a comprehensive
comparative analysis of multiple ANN architectures and
optimization algorithms. Moreover, the application of Leave-One-
Out Cross-Validation (LOOCV) enhances the robustness and
generalization capability of the proposed models, thereby
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establishing a reliable foundation for data-driven optimization in
intelligent machining and advanced manufacturing systems.

2 Research methods

This study adopts a systematic experimental methodology
combined with quantitative modeling to develop predictive models
for CNC turning processes. The main objective is to estimate two
critical machining responses: surface roughness (Ra) and resultant
force (F). The resultant force reflects the total cutting force exerted
on the tool, indicating cutting stability and mechanical stress during
machining. Both output variables are modeled as functions of three
fundamental process parameters: cutting speed (vc), feed rate (f), and
depth of cut (ap) [13].

The modeling workflow is structured into five sequential stages:
dataset acquisition and preprocessing, exploratory data analysis
(EDA), ANN modeling, model tuning, and performance evaluation.
This workflow is visually presented in the block diagram shown in
Fig. 1, enabling a clearer and more intuitive understanding of the
overall modeling procedure. All computational procedures were
executed in Python, leveraging the flexibility and efficiency of
TensorFlow and Keras in deep learning implementations. In order to
ensure robust generalization and prevent overfitting, Leave-One-Out
Cross-Validation (LOOCV) was employed. A systematic
comparison was conducted among eight optimization algorithms:
Adam, RMSprop, Nadam, Adagrad, Adadelta, Adamax, FTRL, and
SGD, all operating within a fixed learning rate of 0.0001. To identify
the most suitable configuration for each prediction target, several
batch sizes were evaluated, thus optimizing both model stability and
accuracy [14, 15].

Dataset Acquisition & Preprocessing

l

Exploratory Data Analysis
(EDA)

I

ANN Model Development

!

Model Tuning & Optimization

!

Performance Evaluation

Fig. 1. Five-stage workflow of the proposed ANN-based predictive
modeling framework for CNC turning

2.1 Dataset

The dataset applied in this investigation was retrieved from a
publicly accessible source on Kaggle titled “CNC Turning:
Roughness, Forces, and Tool Wear”. Specifically, this study focused
on the EXP1 portion of the dataset, which contains 324 observations
derived from dry CNC turning trials performed on AISI H13
hardened steel. All experimental procedures were conducted under
controlled laboratory conditions using new carbide inserts to ensure
consistency and repeatability.

Each record in the dataset consists of three independent
machining variables: depth of cut (ap), cutting speed (vc), and feed
rate (f). The associated output responses include surface roughness
(Ra), measured in (um) and resultant force (F), measured in (N),
where the latter indicates the total mechanical load experienced by
the cutting tool during the machining process. The experimental
scheme employed a full factorial design of experiments (DoE),
involving three discrete levels for each input parameter. This design
ensured systematic exploration of the process parameter space, thus
enhancing the dataset’s diversity and increasing its suitability for
developing predictive models that can capture complex nonlinear
input—output behaviors in CNC turning operations.

Moreover, the EXP1 dataset is particularly relevant to the
objectives of this study because it simultaneously provides
experimentally measured surface roughness and cutting force
responses under identical machining conditions. This dual-response
characteristic enables the development and validation of ANN-based
predictive models that can accurately capture the coupled and
nonlinear relationships between machining parameters and multiple
output variables, thereby directly supporting the proposed dual-
output modeling framework.

2.2 Exploratory data analysis (EDA)

Exploratory Data Analysis (EDA) serves as a foundational step

in preparing data for predictive modeling, allowing for detailed
assessment of its structure, completeness, and internal consistency
prior to training [16, 17]. In this study, a thorough EDA was
conducted on 324 data samples derived from dry CNC turning
experiments involving AISI H13 steel, aiming to verify the dataset's
suitability for training artificial neural network (ANN) models.
The initial statistical analysis entailed the calculation of descriptive
statistics, with the purpose of characterizing the central tendency and
variability of the three aforementioned input parameters: namely,
depth of cut (ap), cutting speed (vc), and feed rate (f). Consequently,
statistical descriptors such as mean, median, standard deviation, and
interquartile range were employed to examine the distribution
properties of the target variables: surface roughness (Ra) and
resultant force (F).

To investigate linear associations between input and output
features, a correlation analysis was carried out using the Pearson
coefficient [18, 19]. This enabled quantification of the direction and
strength of inter-variable relationships and provided key insights for
refining feature selection and ANN architecture. Additionally, the
correlation matrix helped detect any potential multicollinearity,
which can impair model performance and generalization.

For numerical stability and consistent scaling during training, all
input variables were normalized to a common range of 0 to 1 using
the Min-Max normalization technique, as defined by the following
equation:

Z — Zmin

Z‘nurm - (1)
Zmua: - me

Where Z is the original input value, Zmin and Znax represent the
minimum and maximum values observed within the dataset, and
Znorm denotes the normalized value. This transformation mitigates the
potential for bias introduced by disparate feature scales and enhances
convergence behavior during model training [13].

Following normalization, visual inspections were performed
through histogram plots and statistical checks to evaluate the balance
and integrity of data distributions. The dataset was confirmed to be
free from anomalies such as extreme outliers and missing values,
thereby validating its readiness for training. Finally, the data were
divided into training and testing subsets to facilitate unbiased
performance evaluation of the predictive models. This thorough
EDA process ensured the statistical soundness and reliability of the
dataset, thus supporting the development of accurate and
reproducible ANN-based prediction frameworks.

2.3 Artificial neural network (ANN) modeling

Artificial neural networks (ANNs) were utilized in this work to
represent the nonlinear and multivariable interactions between
cutting parameters and machining responses in CNC turning
processes. Given the intrinsic complexity in the relationships among
depth of cut (ap), cutting speed (vc), and feed rate (f), ANNs offer a
robust data-driven modeling approach that circumvents the need for
explicit analytical formulations. Two independent neural networks
were designed to predict surface roughness (Ra) and resultant force
(F), each tailored for a specific output variable.
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Both models were structured as multilayer perceptrons (MLPs)
comprising fully connected layers. The input layer in each network
received three features corresponding to the machining parameters
(ap, vc, and f), followed by a series of hidden layers and a single
output neuron for the prediction target. For estimating F, the model
included five hidden layers configured with [256, 128, 64, 32, 16]
neurons, whereas the Ra prediction model used a slightly reduced
architecture of four hidden layers with [128, 64, 32, 16] neurons [11].

All hidden units employed the rectified linear unit (ReLU)
activation function to facilitate efficient learning and avoid gradient
vanishing issues [20]. The output layer adopted a linear activation
function, appropriate for continuous variable regression tasks.
Training was conducted via the backpropagation algorithm, with the
Nadam optimizer selected due to its integration of Nesterov
momentum, which enhances convergence speed and stability. A
fixed learning rate of 0.0001 was maintained, and early stopping
criteria were applied based on validation loss to prevent overfitting.
After empirical tuning, a batch size of 16 was chosen for both
models, offering a stable balance between training dynamics and
predictive accuracy.

Model development was implemented in Python using
TensorFlow and Keras frameworks, with GPU support enabled to
accelerate training. All input features were normalized using the
Min-Max scaling method within the range [0, 1] to ensure consistent
numeric behavior across features. To robustly assess generalization
performance, Leave-One-Out Cross-Validation (LOOCV) was
adopted, which is particularly well-suited for smaller datasets such
as the 324 experimental samples used in this study.

The architecture of the ANN model with five hidden layers for
predicting resultant force is illustrated in Fig. 2.

Quepat layer
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Fig. 2. Schematic Representation of the ANN Architecture
Comprising Five Hidden Layers Used for Resultant Force Prediction

2.4 Hyperparameter tuning

To improve the predictive precision and generalization strength
of the artificial neural network (ANN) models for forecasting surface
roughness (Ra) and resultant force (F) in CNC turning of AISI H13
steel, an extensive process of hyperparameter optimization was
undertaken. This involved systematic testing and refinement of
several key configurations, including network architecture (depth
and number of neurons), learning rate, batch size, and choice of
optimization method. The tuning process aimed to ensure
convergence stability while maximizing model accuracy for both
output variables.

Eight popular optimizers were evaluated to determine their
influence on training efficiency and prediction performance: Adam,
RMSprop, Nadam, Adagrad, Adadelta, Adamax, FTRL, and
stochastic gradient descent (SGD). Among these, Nadam, a hybrid
of Adam’s adaptive updates and Nesterov momentum, consistently
yielded superior performance, evidenced by smoother learning
curves and lower validation errors [21]. As a result, Nadam was
adopted as the final optimizer for both ANN configurations.

The learning rate was tested at three different magnitudes: 0.01,
0.001, and 0.0001. The smallest rate (0.0001) facilitated the most
stable training progression, reducing fluctuations and premature
convergence [22]. Furthermore, several batch size values were
compared to determine the optimal training behavior. A batch size
of 16 offered the best compromise between convergence speed and
generalization accuracy, proving effective for both Ra and F
prediction tasks.

To verify the reliability of this configuration, Leave-One-Out
Cross-Validation (LOOCV) was applied, ensuring performance
robustness, particularly important given the limited dataset of 324
observations. The final model evaluation was based on three
regression performance metrics: mean absolute error (MAE), root-
mean-square error (RMSE), and the coefficient of determination
(R?). The MAE provides insight into the average prediction deviation
and is mathematically expressed as:

2

Where P denotes the total number of observations, Djis the actual
output, and Ej is the predicted value for the J" instance. A lower
MAE indicates that the model's predictions are, on average, closer to
the actual measurements.

RMSE offers a more sensitive evaluation by penalizing larger
errors more heavily than MAE. It computes the square root of the
average of the squared differences between actual and predicted
values, and is given by:

P
1
MAE = — ; |D; — Ej|

P
RMSE = \J % > (D - Ej)?
= ®)
A reduced root-mean-square error (RMSE) value reflects higher
predictive accuracy, especially in applications where minimizing
large prediction errors is critical [23]. Meanwhile, the coefficient of
determination (R?) serves as an indicator of the model’s goodness-
of-fit by quantifying the proportion of variance in the observed data
that is explained by the predictions. Mathematically, R2 is defined as:

Ef:] (Dj - Ej)2

R*=1- =4
Ej:l(Dj — D)? %)

where D is the mean of the actual output values. An R2? value
close to 1 indicates strong explanatory power and a highly accurate
fit.

To summarize the tuning process, the selected configuration
comprising a deep ANN structure, a finely adjusted learning rate of
0.0001, a batch size of 16, and the use of the Nadam optimizer
resulted in predictive models with excellent stability and
performance [24]. This setup enabled the construction of a reliable
data-driven system for accurately estimating machining outcomes in
CNC turning of AISI H13 steel, thereby reducing reliance on manual
trial-and-error methods and reinforcing data-centric process
planning.

2.5Model validation

Model validation is essential for ensuring that predictive
frameworks are both reliable and capable of generalizing to unseen
data, particularly in manufacturing studies that often rely on limited
experimental observations. In the present work, the Leave-One-Out
Cross-Validation (LOOCV) technique was implemented to
thoroughly evaluate the predictive capability of artificial neural
network (ANN) models developed for estimating surface roughness
(Ra) and resultant force (F) during dry CNC turning of AISI H13
tool steel.
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LOOCV was deemed appropriate due to its effectiveness in
handling small datasets while yielding low-bias estimates of
generalization error. This validation method involves isolating one
sample at a time from the dataset to serve as a test case, with the
remaining records used for model training. Given the total of 324
experimental entries, this procedure resulted in 324 individual
training-validation cycles.

During each iteration, one observation was temporarily excluded
from the training process and used as a validation point. The ANN
model was retrained on the other 323 records, and the prediction was
generated for the excluded sample. Once all data points had
undergone this process, the performance metrics from each iteration
were aggregated and averaged to derive an overall estimation of the
model's predictive performance.

This exhaustive validation approach maximizes data utilization
while minimizing variance introduced by arbitrary data splits. It is
especially valuable in domains where collecting additional
experimental data is resource-intensive or constrained by practical
limitations.

I : Training Set [ : Test Set

Fig. 3. [Illustration of the Leave-One-Out Cross-Validation
(LOOCYV) procedure used in this study

3 Result and discussion

This section provides an in-depth examination of both the
experimental dataset and the predictive behavior of the proposed
ANN models for estimating surface roughness (Ra) and resultant
force (F) in CNC turning of hardened AISI H13 steel. The analysis
covers the statistical properties of the data, the correlation structure
among variables, the design and assessment of the ANN
architectures, and the outcomes of the hyperparameter tuning
process. Model accuracy is evaluated quantitatively using three
regression indicators: mean absolute error (MAE), root-mean-square
error (RMSE), and the coefficient of determination (R2). The ensuing
discussion interprets these results, clarifies the observed discrepancy
in prediction quality between force and surface roughness, and
positions the findings in the context of related work reported in
previous studies.

3.1 Dataset

As described previously in Section 2.1, the analysis is based on a
dataset of 324 observations collected from dry CNC turning
experiments on hardened AISI H13 tool steel. Each observation
contains three main input parameters: cutting speed (vc), feed rate
(), and depth of cut (ap) together with two output responses: surface
roughness (Ra, um) and resultant force (F, N). The trials were
arranged according to a full factorial experimental scheme and
carried out in a controlled laboratory environment using fresh
carbide cutting tools [25].

Before training the ANN models, all input variables were
rescaled to the interval [0,1] using Min-Max normalization to
promote numerical stability and consistent feature magnitudes. The
basic descriptive statistics of the dataset, namely the minimum,
maximum, and mean for each variable, are reported in Table 1.

Table 1. Descriptive statistics of CNC turning dataset (EXP1)

Variables Data Type Min Max Mean
Ve Input 310 390 350
f Input 0.07 0.13 0.1
ap Input 0.25 0.8 0.517
Ra Output 0.211 1.812 0.716

F Output 69.338 377.573 187.948

The wide distribution of machining parameters and the
simultaneous availability of geometric and force-related outputs
provide a strong basis for developing and validating ANN-based
predictive models for CNC turning applications [13].

3.2 Exploratory data analysis (EDA)

To better understand the underlying relationships between the
machining parameters and the resulting process outputs, an
exploratory data analysis (EDA) was performed. The present
analysis centered on the statistical interactions between three input
variables: cutting speed (vc), feed rate (f), and depth of cut (ap) and
the output responses of surface roughness (Ra) and resultant force
(F). Identifying these interdependencies is essential for guiding the
ANN model design and improving its generalization performance
[26].

To quantify the strength and direction of linear associations
among the variables, Pearson correlation coefficients were
computed. The results of this study are presented in a correlation
heatmap in Fig. 4. The Pearson coefficient, a measure of linear
correlation, ranges from -1 to +1, where values approaching +1
indicate a strong positive linear relationship, and values close to zero
indicate weak or negligible linear dependence [13].

As observed in Fig. 4, the depth of cut (ap) exhibits a strong
positive correlation with resultant force (F) (r = 0.90), indicating that
increased cutting depth substantially elevates the cutting force, a
trend consistent with fundamental material removal mechanics.
Similarly, feed rate (f) shows a strong positive correlation with
surface roughness (Ra) (r = 0.76), implying that higher feed rates
generally lead to rougher surface textures. In contrast, cutting speed
(vc) demonstrates only weak linear correlations with both Ra and F,
suggesting that its influence is predominantly nonlinear and not fully
captured by simple pairwise correlation analysis [27].

These observations confirm that ap and f are dominant predictors
in CNC turning, while the effect of vc requires nonlinear modeling
approaches. Moreover, the correlation matrix provides valuable
guidance for feature prioritization and multicollinearity control, both
of which contribute to stable training and robust generalization of the
ANN models.

Cormelathon

# o

Fig. 4. Pearson correlation heatmap illustrating relationships
between input and output variables in the CNC turning dataset

3.3 Artificialn neural network (ANN) modeling

The artificial neural network (ANN) models developed in this
study were implemented using Python, with the TensorFlow library
serving as the core platform for deep learning execution. Each model
was constructed to learn the mapping between three machining
inputs cutting speed (vc), feed rate (f), and depth of cut (ap)and a
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target machining response, either surface roughness (Ra) or resultant
resulforce (F).

The architecture of each ANN model featured a single output
neuron, designed to produce a continuous prediction for one of the
output variables. To investigate the influence of architectural
complexity, four distinct network configurations referred to as Arch
1 through Arch 4 were formulated, each varying in depth and number
of neurons per hidden layer. The term “Arch” denotes "Architecture"
and is used throughout this study to describe the specific structural
arrangement of the neural networks. Details of these configurations
are presented in Table 2.

Table 2. ANN architectures for CNC turning prediction

Arch 2 18.6027 22.1994 0.94970
Arch 3 13.0806 16.3170 0.9727
Arch 4 4.5620 6.9441 0.9951

The comparative model performance for surface roughness (Ra)
is shown in Table 4. Architecture 3 produced the most favourable
results, with the lowest MAE and RMSE values and the highest
coefficient of determination (R?) of 0.8201. Although Architecture 4
yielded comparable accuracy, the marginal increase in architectural
complexity did not result in a significant improvement, making Arch
3 a more computationally efficient choice.

Table 4. Prediction performance arch for surface roughness (Ra)

Name Input Hidden Neuron Output
Layer layer Layer

Arch 1 1 2 32*16 2

Arch 2 1 3 64*32*16 2

Arch 3 1 4 128*64*32*16 2

Arch 4 1 5 256*128*64*32*16 2

Name MAE RMSE R-squared
Arch 1 0.1306 0.1702 0.7571
Arch 2 0.1223 0.1510 0.8119
Arch 3 0.1194 0.1476 0.8201
Arch 4 0.1195 0.1480 0.8193

Prior to training, all input features were normalized using Min-
Max scaling to a range of [0, 1]. This step enhances numerical
stability and accelerates model convergence. Fig. 5 illustrates the
comparison between original and normalized values for Ra and F.

Original Ra QOriginal F
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Fig. 5. Comparison of original and normalized data for surface
roughness (Ra) and resultant force (F)

As shown in Fig. 5, the input features and corresponding output
responses Ra and F were normalized prior to training. All ANN
configurations were trained over 500 epochs using a consistent batch
size of 16 for both prediction tasks. Although preliminary trials
revealed that a batch size of 8 marginally improved predictions for
F, adopting 16 across both models ensured better consistency,
convergence stability, and computational efficiency with no
significant trade-off in accuracy [28].

The training routine was executed using the RMSprop optimizer,

selected for its effectiveness in handling non-stationary objectives,
with a fixed learning rate of 0.0001. Additionally, an early-stopping
mechanism was integrated, halting training automatically if no
further reduction in validation loss was observed over 20 consecutive
epochs. To evaluate model performance, the dataset was partitioned
into an 80% training set and a 20% testing set [29].
Prediction accuracy was quantified using three standard regression
metrics: mean absolute error (MAE), root-mean-square error
(RMSE), and the coefficient of determination (R2). A comparison of
performance across architectures for predicting F is presented in
Table 3, showing that Architecture 4 achieved the highest predictive
accuracy, with an R2 of 0.9951 and substantially lower error values
than the other configurations.

Table 3. Prediction performance arch for resultant force (F)

Name MAE RMSE R-squared

Arch 1 49.6552 60.6188 0.62310

These results indicate that increasing the depth and number of
neurons in the ANN generally improves predictive performance
[30], particularly for more complex targets such as resultant force
(F). However, beyond a certain point, additional complexity yields
diminishing returns. Consequently, Arch 4 was selected as the
optimal configuration for predicting force (F), while Arch 3 was
chosen for surface roughness (Ra), balancing accuracy and
computational cost.

3.4 Hyperparameter tuning

After selecting the optimal ANN Architecture 4 for predicting
resultant force (F) and Architecture 3 for surface roughness (Ra), a
thorough hyperparameter tuning process was conducted to further
improve model generalization and predictive accuracy. The primary
objective was to determine the best combination of training
configurations that minimized prediction error on unseen data. Three
key hyperparameters were considered during this process: the type
of optimization algorithm, learning rate, and batch size. These
hyperparameters were evaluated empirically through multiple
training experiments, and the model performances were
quantitatively assessed using standard regression metrics, namely
Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and
the coefficient of determination (R?) [13, 23].

3.4.1Optimizer search

The first stage of the tuning process involved investigating the
influence of different optimisation algorithms on the learning
behaviour and predictive quality of the ANN models. Eight
optimizers were tested: Adam, RMSprop, Stochastic Gradient
Descent (SGD), Adadelta, Adamax, Nadam, FTRL, and Adagrad.
For consistency across comparisons, each optimizer was applied to
both output prediction models using fixed configurations: a learning
rate of 0.0001, a batch size of 16, and the respective best-performing
Architecture 4 for F and Architecture 3 for Ra.

The results for the resultant force (F) prediction task are
summarized in Table 5. Among all optimizers, Nadam delivered the
most favourable performance with an MAE of 4.6075, RMSE of
6.3980, and R2 of 0.9951, matching the best result from Adam but
exhibiting slightly improved numerical stability. In contrast,
classical optimizers such as SGD, Adadelta, FTRL, and Adagrad
yielded significantly higher errors and poor R? values, indicating
unstable convergence and underfitting behaviour.

Table 5. Testing results of various optimizers for resultant force (F)

Optimizer MAE RMSE R-squared
Adam 4.563 6.9441 0.9951
RMSprop 4.6807 7.3815 0.9945
SGD 108.1284 115.083 -0.9634
Adadelta 187.4357 211.586 -3.585
Adamax 9.0818 12.4242 0.9847
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Nadam 4.6075 6.398 0.9951
FTRL 180.4367 207.1351 -3.3264
Adagrad 180.4967 205.1761 -3.2964

Lr=0.01 0.127 0.159 0.7911
Lr=0.001 0.121 0.149 0.8162
Lr =0.0001 0.119 0.148 0.8198

A similar trend was observed in the surface roughness (Ra)
prediction task, as shown in Table 6. Nadam again produced the best
overall performance, recording an MAE of 0.1199, RMSE of 0.1479,
and an Rz of 0.8196. Although the performance of Adam was closely
comparable, Nadam’s slightly lower RMSE and smoother training
curves justified its selection as the final optimizer. In contrast,
optimizers like SGD, Adadelta, and FTRL resulted in much poorer
accuracy and even negative R2 values, reflecting their unsuitability
for the dataset and ANN configuration used in this study.

Table 6. Testing results of various optimizers for surface roughness

Optimizer MAE RMSE R-squared
Adam 0.1195 0.1480 0.8193
RMSprop 0.1265 0.1643 0.8164
SGD 0.2322 0.2964 -0.2099
Adadelta 0.6049 0.7338 -3.2438
Adamax 0.1330 0.1715 0.7385
Nadam 0.1199 0.1479 0.8196
FTRL 0.1690 0.2090 0.4037
Adagrad 0.1299 0.1626 0.8046

These results validate the superiority of adaptive optimizer
especially Nadamin training deep neural networks for complex
regression tasks in machining applications. Nadam’s integration of
Adam’s adaptive learning with Nesterov accelerated gradients
contributed to stable learning dynamics and high prediction fidelity.
As such, Nadam was selected as the final optimizer configuration for
subsequent training and validation procedures.

3.4.2Learning rate search

Following the identification of Nadam as the most effective
optimisation algorithm, the next stage of hyperparameter tuning
focused on determining the optimal learning rate to further enhance
model performance. Three learning rates 0.01, 0.001, and 0.0001
were evaluated while holding other training settings constant. These
included the use of Nadam as the optimizer, a batch size of 16, and
the best-performing ANN architectures (Architecture 4 for
predicting resultant force and Architecture 3 for predicting surface
roughness).

The impact of learning rate variations on the prediction accuracy
of the resultant force (F) model is summarized in Table 7. The
learning rate of 0.0001 achieved the best performance, with an MAE
of 4.609, RMSE of 6.913, and an R2 of 0.9951, indicating excellent
agreement between the predicted and actual values. A similar pattern
was observed for the surface roughness (Ra) model, where the same
learning rate (0.0001) produced superior results with an MAE of
0.119, RMSE of 0.148, and R2 of 0.8198, as shown in Table 8.

Table 7. Effect of learning rate variations on resultant force (F)

prediction
Learning Rate MAE RMSE R-squared
Lr=0.01 6.825 9.003 0.9915
Lr =0.001 4.863 7.319 0.9945
Lr = 0.0001 4.609 6.913 0.9951

These findings demonstrate that using a smaller learning rate
significantly improves training stability and predictive accuracy
[22]. In regression tasks involving subtle nonlinearity in CNC
machining response modeling fine-tuned parameter updates play a
critical role in achieving high model fidelity. The consistent
superiority of the 0.0001 learning rate across both prediction tasks
confirms its suitability for precise convergence and error
minimisation.

Table 8. Effect of learning rate variations on surface roughness (Ra)
prediction
Learning Rate

MAE RMSE R-squared

3.4.3Batch size search

The final stage of hyperparameter tuning evaluated the impact of
batch size on model convergence, prediction stability, and
computational efficiency. Using Architecture 4 for resultant force
(F) and Architecture 3 for surface roughness (Ra), four batch sizes
8, 16, 32, and 64 were tested. The Nadam optimizer and a fixed
learning rate of 0.0001 were consistently applied across all
configurations.

For the resultant force prediction, although batch size 8 yielded
the lowest MAE (4.5483), batch size 16 produced nearly equivalent
results (MAE = 4.609, RMSE = 6.9126, R2 = 0.9951), while offering
smoother convergence and lower computational overhead [28].
Table 9 summarises the model’s performance at different batch sizes.

Table 9. Performance of resultant force (F) model at different batch
sizes

Batch Sizes MAE RMSE R-squared
8 4.5483 6.9586 0.9950
16 4.609 6.9126 0.9951
32 9.4998 12.4314 0.9840
64 15.7138 19.0417 0.9629

In the surface roughness (Ra) prediction task, batch size 16 also
outperformed other configurations, achieving the lowest RMSE
(0.1478) and the highest R2 (0.8198), as detailed in Table 10. As
batch size increased beyond 16, predictive performance declined
noticeably, indicating reduced model sensitivity to subtle patterns
within the data.

Table 10. Performance of Surface Roughness (Ra) Model at
Different Batch Sizes

Batch Sizes MAE RMSE R-squared
8 0.1194 0.1480 0.8193
16 0.1194 0.1478 0.8198
32 0.1246 0.1607 0.7818
64 0.1426 0.1995 0.6655

Considering the comparable performance of batch sizes 8 and 16
for force prediction, and the superior results of batch size 16 for
surface roughness, a unified batch size of 16 was adopted as the final
configuration for both ANN models. This choice ensures modeling
consistency, training efficiency, and ease of deployment without
compromising prediction quality.

The final model performance is visually summarized in Fig. 6,
which compares the MAE, RMSE, and R2 values for both prediction
targets. The results show that the model achieved high accuracy in
predicting the resultant force (F), indicated by low error metrics and
an R2 of 0.9931. For surface roughness (Ra), the model attained
reasonable predictive performance, with an MAE of 0.1194, an
RMSE of 0.1478, and an R2 of 0.6198. These outcomes confirm the
effectiveness of the selected hyperparameters in enabling the ANN
to generalize well across both outputs.

RMSE

R-squared

B Resultant Force (F)
B Surface Roughness (Ra)

0 1 2 3 4 5 6
Value
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Fig. 6. Evaluation metrics for ANN model.

3.5 Model validation

To evaluate how well the proposed ANN models generalize to
assess the generalization capability of the proposed ANN models on
unseen data, the Leave-One-Out Cross-Validation (LOOCV)
technique was employed [12]. This validation strategy is particularly
suitable for small-sized datasets, as each data point is successively
used once as a testing sample while the remaining observations form
the training set. Although computationally intensive, LOOCV
provides a comprehensive and unbiased estimate of model
robustness and predictive reliability. In this study, a total of 324
validation iterations were performed, corresponding to the number
of available experimental samples. The ANN configurations used in
this stage followed the optimal architectures identified earlier,
namely Architecture 4 for resultant force (F) prediction and
Architecture 3 for surface roughness (Ra) prediction, with a batch
size of 16, Nadam optimizer, and a learning rate of 0.0001. Training
was conducted for a maximum of 500 epochs with an early-stopping
criterion to prevent overfitting.

As illustrated in Fig. 7, both models exhibited smooth and stable
convergence of training and validation loss curves, indicating well-
controlled learning behaviour. Fig. 8 presents the model predictions
obtained without LOOCV, while Fig. 9 shows the corresponding
scatter plots after LOOCV implementation. The resultant force
model produced predictions that were tightly clustered around the
reference line, confirming excellent prediction accuracy. In contrast,
surface roughness predictions showed a slightly higher dispersion;
however, a clear linear trend was still observed, reflecting reasonable
predictive capability despite the inherently higher variability of Ra.

Training and Testing Loss of F Model Training and Testing Loss of Ra Model

— Training Less
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Fig. 7. Training and validation loss curves of ANN models.
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Fig. 8. Prediction results without LOOCV for force and roughness.
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Fig. 9. Prediction results with LOOCYV for force and roughness.
These results validate the robustness of the proposed ANN
models, demonstrating their effectiveness in predicting machining
responses and laying the groundwork for future integration into
intelligent manufacturing systems.
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Fig. 10. Model evaluation metrics with LOOCV

The quantitative performance metrics obtained from the LOOCV
procedure are summarized in Fig. 10. For the resultant force (F), the
ANN model achieved an MAE of 4.3313, an RMSE of 7.5955, and
an R? value of 0.9939, indicating that the predicted forces closely
match the experimental measurements. For surface roughness (Ra),
the model obtained an MAE of 0.1440, an RMSE of 0.1960, and an
R? value of 0.6454, which can be regarded as acceptable given the
complex and partly stochastic mechanism of surface finish formation
in machining [10, 31].

Overall, these LOOCYV results show that the proposed ANN-
based framework is robust and generalizes well to unseen data. The
very high accuracy for resultant force and the reasonable
performance for surface roughness confirm that the models are able
to capture the nonlinear relationships between machining parameters
and responses. In addition, the validated framework has strong
potential for future integration into intelligent manufacturing
systems and data-driven strategies for machining process
optimization.

4 Conclusion

This study confirms the effectiveness of artificial neural
networks for modeling machining responses in CNC turning of
hardened AISI H13 steel. The developed ANN models were able to
capture the complex nonlinear relationships between machining
parameters and output responses with a high level of predictive
reliability. The cutting force model exhibited excellent predictive
performance, while the surface roughness model achieved
satisfactory performance despite the inherent variability of surface
integrity phenomena. From a practical standpoint, the proposed
ANN-based framework offers a valuable decision-support tool for
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machining process planning and optimization. By enabling reliable
prediction of cutting force and surface quality prior to actual
machining, the model can assist engineers in selecting optimal
cutting conditions, improving process stability, reducing tool wear,
and minimizing trial-and-error experimentation. This capability is
particularly beneficial for high-performance and precision
manufacturing environments where productivity and surface
integrity are critical. The robustness of the proposed approach was
further confirmed through Leave-One-Out Cross-Validation
(LOOCV), indicating strong generalization performance even under
limited data availability. Future work may focus on extending the
model by incorporating dynamic process variables such as tool wear,
vibration, and temperature to enhance real-time adaptability.
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