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Abstract

Microdrilling of titanium alloys suffers from rapid tool wear that degrades surface quality
and dimensional accuracy, while industrial datasets are often too small for conventional
data-hungry models. This work proposes a general, AI-driven modelling framework for
tool wear prediction under severe data scarcity, which is validated using a titanium micro-
drilling case study. The study focuses on maximum flank-wear prediction (VBmax) using
18 experimental observations (VBmax = 4–13 µm). Three regression models—support vec-
tor regression (SVR), random forest (RF), and extreme gradient boosting (XGBoost)—were
benchmarked under multiple validation protocols, with leave-one-out cross-validation
(LOOCV) used as the primary assessment due to the limited sample size. To improve
reliability and transparency, feature selection was performed using SHapley Additive
exPlanations (SHAP), yielding a compact, interpretable feature subset dominated by thrust-
force descriptors. Robustness was further evaluated using hyperparameter tuning and
a conservative, leakage-controlled (“fold-safe”) augmentation strategy applied strictly
within training folds. After tuning and fold-safe augmentation, XGBoost achieved the best
LOOCV performance (R2 = 0.89, MSE = 0.70 µm2, MAPE = 7.62%). External validation on
two additional tools under identical cutting conditions using a frozen model configuration
showed bounded prediction errors under geometry and coating shifts. Overall, the results
indicate that combining systematic benchmarking, SHAP-guided explainable feature selec-
tion, and leakage-controlled augmentation can enable accurate and interpretable VBmax

prediction in the investigated titanium microdrilling case study, while broader validation
across additional tools and cutting conditions is required to confirm generalization.

Keywords: microdrilling; maximum flank wear (VBmax); tool wear prediction; limited data;
XGBoost; SHAP; fold-safe data augmentation

1. Introduction
The microdrilling process plays a vital role in precision manufacturing sectors such as

biomedical devices, aerospace components, and electronics. The high degree of accuracy
in hole dimensions and shapes is vital for the reliability and functionality of these sensi-
tive products [1,2]. Among the various workpiece materials, titanium alloys are widely
favored due to their exceptional strength-to-weight ratio, biocompatibility, and corrosion
resistance [3]. However, these properties also make titanium extremely difficult to machine,
particularly under micro-scale conditions [4]. Severe tool wear, chip adhesion, poor heat
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dissipation, and rapid flank deterioration are typical challenges encountered in titanium
microdrilling [5]. These effects not only compromise surface quality and dimensional accu-
racy but also limit productivity and increase the likelihood of tool breakage [6]. To address
these challenges, tool wear monitoring and prediction have become crucial in ensuring
the reliability and sustainability of microdrilling operations [7]. Traditional monitoring
approaches—often manual and empirical—are insufficient for capturing the dynamic and
non-linear behavior of wear progression at the microscale [8]. This necessitates a transi-
tion toward intelligent and autonomous solutions capable of processing real-time sensor
data [9]. Within this context, data-driven manufacturing frameworks are gaining promi-
nence, particularly in the era of Industry 4.0 [10]. In this context, machine learning (ML)
has proven especially effective for tool wear prediction [11,12]. ML models can identify
subtle patterns in complex datasets and support both classification and regression tasks.
When applied to signals such as drilling forces, vibrations, or acoustic emissions, they offer
significant potential for estimating tool wear [13–15].

The application of small datasets in data-driven machining processes is a critical area
of research, as it directly addresses the practical challenges of limited data availability
in industrial environments. In manufacturing, small datasets are the norm due to the
high cost, time constraints, and operational disruptions associated with experimental data
collection [16]. Such limitations hinder the development of accurate and robust predictive
models, as small sample sizes often fail to capture the full variability and complexity
inherent in machining processes. Recent studies have sought to overcome these constraints
by employing innovative approaches such as advanced machine learning algorithms, data
augmentation techniques, and virtual sample generation. For example, Lv et al. [17] used
strategies like Cut-Flip and Mix-Normal to augment small datasets in machinery fault
diagnosis, resulting in classification accuracy improvements of 10–30%. Similarly, Liu
& Tian [16] used particle swarm optimization combined with broad learning systems
(PSOVSGBLS), which has enabled effective virtual sample generation, reducing prediction
errors in surface roughness modeling for ultra-precision machining. In related machining
contexts, Siahsarani et al. [18] demonstrated that combining data-efficient learning with
dimensionality reduction (e.g., PCA) and multi-criteria optimization can yield robust
process insights under severe experimental data limitations.

While deep learning algorithms excel in handling complex, high-dimensional data
such as images and video, they require substantial computational resources and large
datasets for effective training—factors that are often prohibitive in precision manufacturing
scenarios. In contrast, traditional machine learning techniques and ensemble methods, such
as support vector machines and XGBoost, are not only more computationally efficient but
also well-suited for small and imbalanced datasets commonly encountered in machining
applications. This relationship is illustrated in Figure 1, which schematically compares the
performance trends of deep learning models and traditional machine learning algorithms
as a function of dataset size. As shown, deep learning algorithms generally demonstrate
more progressive performance improvements with increasing data, eventually surpassing
traditional ML algorithms once a critical dataset size is reached. However, for small
datasets—a scenario typical in industrial manufacturing—deep learning models are often
impractical due to overfitting and insufficient generalization [19]. The critical point at
which deep learning begins to outperform traditional ML varies, but a common rule of
thumb is that deep models require at least ten times as many data points as there are
input features to avoid overfitting risk [20]. As a result, for data-limited regimes, classical
machine learning and ensemble methods (e.g., support vector machines and gradient-
boosted trees) are frequently preferred due to their comparatively lower sample complexity,
competitive accuracy, and practical training requirements. For example, Nenchev et al. [21]
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have demonstrated that XGBoost has superior performance in handling class imbalance
and inhomogeneity in small datasets, outperforming traditional empirical models in tasks
such as gear steel hardenability prediction. In addition, these models do not suffer from the
complete ‘black-box’ nature of deep architectures and typically require less computational
infrastructure for training and deployment [22]. Recent research has also highlighted the
value of advanced regularization and transfer learning techniques for robust predictions
with limited data. For instance, Turung et al. [23] used Bayesian regularization in neural
networks and demonstrated improved stability and transferability across multiple datasets.
More recently, image-based machine learning approaches have also been reported for tool
wear estimation, highlighting that data-efficient and interpretable modeling strategies can
be extended beyond signal-based monitoring and across different machining processes
and materials [24]. These observations motivate the development of data-efficient and
explainable modeling pipelines for tool wear prediction when extensive experimental
datasets are not available.

Figure 1. Influence of dataset size on model performance for deep learning and traditional machine
learning algorithms. The schematic is an original illustration, conceptually inspired by [18,19].

Feature extraction and selection are critical steps in traditional ML-based tool wear
prediction. The quality and relevance of extracted features directly influence predictive
accuracy [8]. However, many high-performing ML models—particularly tree-based en-
sembles and kernel methods—offer limited transparency [25], which can hinder process
validation in precision applications such as microdrilling. This has led to increasing interest
in explainable AI (XAI) approaches that improve model interpretability without neces-
sarily sacrificing accuracy [26]. Among these, SHAP (SHapley Additive exPlanations) is
a widely used feature attribution method that quantifies the contribution of each input
variable to a model’s prediction [27]. In tool wear prediction, SHAP primarily supports
interpretability and can be used to guide feature selection; when combined with rigorous
validation, SHAP-guided feature reduction can reduce feature redundancy and improve
generalization in small-data settings [28,29]. The integration of interpretable feature se-
lection with advanced ML models is therefore a promising direction for data-constrained
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microdrilling wear prediction, particularly for titanium alloys under challenging cutting
conditions [30]. As previously discussed, commonly used signal sources for tool wear
monitoring include vibration, acoustic emission (AE), cutting forces, and vision-based data.
Prior studies have demonstrated the feasibility of wear monitoring using these modalities
and a range of ML models, although many investigations rely on larger datasets or focus
on classification rather than regression under severe data scarcity. Cutting force signals are
often favored due to their direct relationship with wear mechanisms. For instance, Varghese
et al. [31] used force data to identify tool wear stages in micro-milling and demonstrated the
effectiveness of ML models such as Random Forest. Vibration-based approaches have also
been applied for wear monitoring, as reported by Gomes et al. [8] and Yang et al. [32]. AE
signals are particularly sensitive to high-frequency events (e.g., chipping), as highlighted by
Yan et al. [33]. Regarding titanium machining, Sharma et al. [34] compared several models
for predicting maximum flank wear during the turning of Ti6Al4V and reported stable
performance across varying cutting parameters. More broadly, studies such as Shurrab
et al. [35] have shown that supervised learning can support tool-condition assessment
using different sensor combinations and feature sets. Misal et al. [36] also demonstrated
the potential of automated time-series feature extraction (TSFEL) for tool wear prediction
and wear progression assessment, highlighting the value of combining feature engineering
with ML evaluation using metrics such as MSE, MAPE, and R2.

While prior studies have demonstrated the effectiveness of machine learning meth-
ods for tool wear prediction, critical challenges persist, especially concerning titanium
microdrilling under severely data-limited conditions. Despite extensive research, few
studies have systematically compared multiple machine learning algorithms specifically
regarding their capability to handle the inherent constraints of small datasets commonly
encountered in precision manufacturing. Additionally, existing research has seldom rigor-
ously evaluated various validation and data augmentation strategies explicitly designed
to enhance predictive robustness under these limited data scenarios. Furthermore, in-
terpretability and transparency in predictive modeling—crucial elements for practical
industrial adoption—have received comparatively less attention, with transparent feature
selection techniques such as SHAP rarely utilized within this context.

Accordingly, this study aims to (i) benchmark established regression models for
predicting VBmax under severe data scarcity, validated here using a titanium microdrilling
case study, (ii) improve interpretability and reduce feature redundancy using SHAP-guided
feature selection, and (iii) assess model robustness using small-sample validation protocols
with LOOCV as the primary evaluation strategy, complemented by conservative, leakage-
controlled data augmentation and hyperparameter tuning. The study further examines
which sensor-derived features are most influential for VBmax prediction in the investigated
wear range, providing practical guidance for data-constrained microdrilling applications.
While titanium microdrilling is used here as a challenging validation domain, the core
contribution of this work is an AI-driven, data-efficient modelling framework that is not
process-specific and can be transferred to other machining operations operating under
similar data scarcity.

2. Models and Methodology
2.1. Machine Learning Models for Tool Wear Prediction

As previously mentioned, the primary objective of this study is to achieve quality
prediction—specifically, tool wear estimation—through supervised machine learning re-
gression with a limited dataset. Given the extensive range of available algorithms, selecting
a suitable model is crucial for both predictive accuracy and practical deployability. To
ensure an informed model selection, eight algorithms—covering linear models, kernel
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methods, ensemble techniques, shallow neural networks, and gradient boosting—were
initially screened. The evaluation followed explicit criteria widely adopted in tool-wear
prediction research [37–43], including predictive accuracy, robustness under limited data,
interpretability, computational efficiency, and hyperparameter complexity. Table 1 summa-
rizes representative machine learning models reported in the literature [37–61], together
with their typical applicability under different data regimes. Model selection was there-
fore guided by explicit criteria relevant to data-limited machining applications, which are
directly reflected in the data regime, strengths/limitations, interpretability, and inclusion
rationale summarized in Table 1.

Table 1. Summary of data-driven models reported in the literature for tool wear prediction, including
applicability under small-data conditions and practical limitations.

Model
Typical Data

Regime
(Reported)

Strengths Limitations Interpretability Rationale for
Inclusion

Key
References

Linear
Regression

Medium–large
datasets

Simple
baseline

Inadequate for
nonlinear wear

behavior
High Used as

baseline only [37,53]

Decision Tree Medium
datasets

Simple
structure

High variance,
unstable with

small data
High Excluded due

to instability [55,59]

Random
Forest (RF)

Small–medium
datasets

Robust,
reduced

overfitting

Limited
extrapolation Moderate

Selected as
stable

ensemble
model

[58,60]

Support
Vector

Regression
(SVR)

Small datasets
Effective

under
limited data

Kernel-
dependent,

tuning
sensitive

Moderate
Selected for
small-data
robustness

[45,50]

XGBoost Small–medium
datasets

High
predictive
accuracy

Risk of
overfitting

without
validation

Low–Moderate
Selected due

to strong
performance

[52,54]

K-Nearest
Neighbors

(k-NN)

Medium–large
datasets

Simple imple-
mentation

Highly
noise-sensitive Low

Excluded due
to noise

sensitivity
[49,51]

Artificial
Neural

Network
(ANN)

Large datasets
Flexible

nonlinear
modeling

Data-hungry,
poor

interpretability
Low

Excluded due
to limited

data
[47,61]

Gaussian
Process

Regression
(GPR)

Small datasets Uncertainty-
aware

Computationally
expensive High

Excluded due
to limited

data
[46,48]

Models requiring large training datasets (e.g., Artificial Neural Network (ANN)),
exhibiting high sensitivity to noise (e.g., K-Nearest Neighbors (k-NN)), or incurring pro-
hibitive computational cost under increasing feature dimensionality (e.g., Gaussian Process
Regression (GPR)) were excluded from further analysis. Based on these criteria, SVR,
Random Forest, and XGBoost were selected for detailed benchmarking, as summarized
in Table 1. SVR provides kernel-based nonlinear regression using the ε-insensitive loss
function and radial basis function (RBF) mapping [52,56,62,63]; RF offers variance reduc-
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tion and intrinsic feature-importance estimation through ensemble averaging [58,60,64,65];
and XGBoost incorporates regularized gradient boosting with strong predictive accuracy
and overfitting control [52,56,66–68]. These models are well-suited for small datasets and
are widely used in machining analytics. Their key hyperparameters were tuned to bal-
ance accuracy and generalization under data-limited conditions. While these models offer
distinct advantages, their limitations must also be considered. SVR can be sensitive to
outliers, which may be mitigated through robust loss functions. Random Forest models,
although stable, may require careful tuning to avoid overfitting in high-dimensional feature
spaces. XGBoost, despite its high predictive capability, demands careful hyperparameter
optimization to achieve reliable generalization. Understanding these trade-offs is essential
for applying these models effectively in practical, data-scarce machining scenarios.

Figure 2 presents an integrated overview of the proposed baseline benchmarking
workflow used for tool-wear prediction in titanium microdrilling, adapted for data-limited
conditions. For clarity, the workflow is organised into three main stages—data acquisition
and screening, model development and feature engineering, and validation/tuning—while
internally comprising six technical components.

Figure 2. Overview of the proposed baseline benchmarking workflow used for tool-wear prediction
in titanium microdrilling, adapted for data-limited conditions.

2.1.1. Stage 1: Data Acquisition & Screening

Stage 1 establishes the experimental foundation for the proposed framework and
corresponds to the Data Acquisition & Screening block in Figure 2. Since all subsequent
modeling, feature engineering, and validation steps rely on the quality and consistency of
the acquired data, particular attention was given to defining stable operating conditions
and a repeatable drilling strategy.

Microdrilling experiments were conducted under controlled laboratory conditions
using two micro-drill geometries and multiple combinations of cutting speed and feed
per tooth. An initial screening phase was performed to identify parameter ranges that
enable progressive tool wear development without premature catastrophic failure. This
screening step ensured that the collected data captured meaningful wear evolution rather
than isolated breakage events. A peck drilling strategy [69] was adopted for all experiments,
as it is widely recognized in microdrilling literature to improve chip evacuation and delay
sudden tool breakage. By periodically separating cutting and non-cutting intervals, peck
drilling also provides well-defined force transients, which are advantageous for signal

https://doi.org/10.3390/machines14020196

https://doi.org/10.3390/machines14020196


Machines 2026, 14, 196 7 of 27

segmentation and subsequent tool condition analysis. This characteristic has been exploited
in several thrust-force-based microdrilling studies and is particularly beneficial for data-
driven wear modeling under limited data conditions.

Following the screening phase, the main dataset was collected using a single tool
geometry and a fixed drilling strategy to minimize confounding effects. Drilling was
continued until the end of tool life, and the maximum flank wear (VBmax) was periodically
measured using optical microscopy. In parallel, thrust force and acoustic emission signals
were continuously acquired during each drilling cycle. This protocol ensures that the
resulting dataset is internally consistent, physically meaningful, and suitable for data-
efficient modeling under severe sample-size constraints.

2.1.2. Stage 2: Model Development & Feature Engineering

This stage established the modelling pipeline for the baseline benchmark study, with
emphasis on robustness under severe data scarcity. First, an initial screening of candidate
algorithms was conducted (Section 2.1) to identify regression models that balance predictive
accuracy with small-data robustness, manageable hyperparameter complexity, and practical
interpretability. Based on this screening, three benchmark candidates were selected for
detailed evaluation: RF, XGBoost, and SVR.

The workflow then implemented an explainable feature-engineering procedure de-
signed for limited-data learning. This procedure comprised two main steps: (i) signal
preprocessing and segmentation, applied to clean the raw force and acoustic emission
time-series, suppress noise, and isolate drilling-relevant regions for consistent feature
computation; and (ii) SHAP-guided explainable feature engineering, performed to derive,
rank, and refine statistically and physically meaningful descriptors from the segmented
signals. The resulting compact and interpretable feature set was subsequently used for
training, benchmarking, and comparison of the selected regression models, with VBmax as
the target output.

2.1.3. Stage 3: Validation, Tuning & Robustness Analysis

This stage quantified model generalization and robustness through two interconnected
evaluation steps. First, the explainable, limited-data-friendly feature set obtained in Stage 2
was used for Model benchmarking & ranking of the candidate regressors. Performance
was assessed under multiple validation protocols using standard regression metrics (R2,
MAE, and MSE). The resulting metric profiles were then used to systematically compare
models and to rank them based on predictive accuracy and stability under the restricted
sample size.

Second, the effect of hyperparameter tuning and fold-safe, variance-controlled data
augmentation was evaluated for the selected model. Augmentation was applied within
training folds only to increase the diversity of the training data without introducing artificial
trends or information leakage. The models were subsequently re-trained and re-evaluated
to compare the initial, tuned, and augmented variants, thereby quantifying the net contri-
bution of tuning and augmentation to generalization performance.

3. Experimentation, Data Acquisition and Screening
In this section, the Stage-1 experimental procedure for data acquisition and screening

is described, including the machining setup, tooling, instrumentation, and test strategy
used for tool-wear monitoring and sensor-based signal collection.

3.1. Experimental Setup

Figure 3 presents the experimental setup used to investigate tool wear during micro-
drilling of titanium alloys. The experiments were performed on a high-precision 5-axis
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CNC milling center (KERN Microtechnik GmbH, Eschenlohe, Germany, Figure 3a), config-
ured with high-frequency spindles offering speeds up to 80,000 rpm (HSK 25, air bearing)
and 42,000 rpm (HSK 40, roller bearing), enabling exceptional precision and flexibility for
micro-machining applications requiring high dimensional accuracy and surface quality.
The microdrilling tools employed were solid carbide microdrills (TD.MI.080.3D, HB mi-
crotec GmbH, Tuttlingen, Germany), selected based on manufacturer recommendations to
support process stability and industrial relevance. A standard external oil-based cooling
was applied during drilling. The oil was supplied externally at constant conditions and was
not treated as a control variable. To monitor the process, a Kistler dynamometer (Kistler
Group, Winterthur, Switzerland; Figure 3b) was integrated for in-process measurement
of drilling forces, while an acoustic emission (AE) sensor (DITTEL Messtechnik GmbH,
Landsberg am Lech, Germany) mounted on the workpiece (Figure 3c) enabled synchro-
nized acquisition of AE signals during drilling. This instrumentation was essential for
generating high-quality, reproducible sensor data for subsequent feature extraction and
machine learning analysis. Figure 3d shows the TD.MI.080.3D microdrill used in this study
(tool geometry and representative drilling parameters, which are described in Table 2).

 

Figure 3. Experimental setup with example of process parameters (a) KERN Pyramid Nano machine,
(b) workpiece, tool, and force plate setup, (c) AE and force sensor mounting on workpiece, and
(d) microdrilling tool and example of process parameters.

Table 2. Machining Condition for Microdrilling.

Parameter Condition/Value

Workpiece material Titanium Grade 5 (Ti-6Al-4V)

Microdrill geometries TD.MI.080.3D (HB microtec GmbH)

Tool diameter 0.8 mm

Main cutting parameters 75 m/min; fz: 0.02 mm; Drilling depth: 2 mm (blind hole)

Cooling method External, Oil-based

Drilling strategy Peck drilling, 10 pecks/hole, peck depth: 0.2 mm, retraction: 0.18 mm

Measurement intervals Tool wear measured every 20 drilled holes, equal to one cycle (18 cycles)

Data acquisition signals Force (Fx, Fy, Fz), Acoustic Emission (AE)
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3.2. Test Strategies and Data Acquisition

As we mentioned in Figure 2, prior to the main experiments, a series of prelimi-
nary tests was performed to identify stable cutting conditions and to minimize sources
of uncertainty, such as stochastic built-up edge (BUE) formation and erratic wear pro-
gression. One representative example of the selected stable condition is summarized in
Table 2. In this configuration, the experiments were conducted at a vc of 75 m/min and a
fz of 0.02 mm/tooth using external cooling and blind-hole drilling. The drilling strategy
employed was peck drilling, consisting of 10 pecks per hole, with each peck having a depth
of 0.2 mm and a retraction length of 0.18 mm. This intermittent feed–retraction strategy
supports chip evacuation and reduces local heat accumulation, thereby mitigating tool
loading and the likelihood of severe BUE formation while improving hole quality.

As noted previously, although exploratory experiments were performed under multi-
ple cutting conditions, the present manuscript intentionally restricts model development
to a single selected stable condition, using one tool geometry and one coating state. This
controlled design minimizes epistemic uncertainty [70] and isolates methodological effects
(validation strategy, feature selection, and augmentation behavior) under extreme data
scarcity, without confounding variability from changing process regimes. Additional tools
are considered solely for external validation of the frozen model and are not used in any
stage of model development, feature selection, or hyperparameter tuning. Each drilling ex-
periment was conducted once per tool until tool failure. No repeated trials were performed,
as the objective of this baseline study was to capture continuous wear evolution under
controlled conditions rather than statistical repeatability across multiple tools. The drilling
experiment was executed continuously up to tool breakage. Tool wear was evaluated
in discrete drilling cycles, where each cycle corresponds to a block of 20 drilled holes.
This cycle length was selected after preliminary monitoring of wear evolution, because
very small VBmax increments at the microscale can be difficult to measure reliably over
shorter intervals, and longer blocks provide a more distinguishable wear change while
reducing measurement uncertainty. The tool failed during cycle 19; therefore, 18 complete
cycles were retained for analysis. Accordingly, the final dataset consists of 18 observa-
tions, each comprising (i) one measured wear value (VBmax) after a 20-hole block and
(ii) one corresponding feature vector extracted from the force/AE signal batch recorded for
that cycle. The measured maximum flank wear values spanned a narrow microscale range
of approximately 4–13 µm across the 18 drilling cycles retained for analysis.

3.3. Flank-Wear Measurement and Screening (VB and BUE)

According to ISO 3685 [71], flank wear (VB) is defined as the local width of the wear
land formed on the clearance face of a cutting tool, measured perpendicular to the cutting
edge. VBmax denotes the maximum flank wear land width observed along the cutting
edge and is commonly used as a conservative indicator of tool degradation and tool-life
progression in machining studies [72]. Flank wear was quantified using a digital microscope
(Keyence VHX-5000, KEYENCE DEUTSCHLAND GmbH, Frankfurt am Main, Germany,
magnification range 100×–2500×). All flank-wear measurements were performed using
optical microscopy with manual operator-based readings, and the definitions of VB and
VBmax strictly follow ISO 3685. For each drilling cycle, local flank wear (VB) was measured
at six locations along the two cutting edges; the maximum measured value was retained as
VBmax for subsequent modeling. Figure 4 provides microscopic evidence of progressive
flank wear and BUE formation during titanium microdrilling. Panels (a) and (b) show
the tool’s initial flank face at magnifications of 200× and 1000×, respectively, illustrating
the surface condition before drilling. Panels (c) and (d) highlight the rake face and show
representative BUE formation near the cutting edge. Such built-up edges are promoted by
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adhesion and localized thermal–mechanical loading, which are pronounced in titanium
alloys due to their low thermal conductivity and high chemical affinity. As reported in
related studies [73], BUE formation is inherently stochastic and can vary intermittently
with local cutting conditions. Panel (e) illustrates the VB measurement definition used in
this work.

 

Figure 4. Microscopic images showing progressive flank wear (VB) and built-up edge (BUE) formation
during microdrilling (a) Initial tool flank face at 200× magnification; (b) Initial flank face at 1000×
magnification; (c) Rake face showing representative built-up edge (BUE) formation near the cutting
edge; (d) Definition of flank wear width (VB) measured as a linear distance on the clearance face, with
the maximum measured value along the cutting edge denoted as VBmax; (e) Progressive evolution of
flank wear (VBmax) across representative drilling cycles (cycles 1–18).

Consistent with standard machining practice, VBmax was used as the primary wear
criterion due to its direct association with cutting performance and quality degradation.
Panel (e) illustrates the visual evolution of flank wear across representative drilling cycles;
with the adopted protocol of 20 holes per cycle, the shown examples correspond to cycle 1
(after 20 holes), cycle 4 (after 80 holes), cycle 8 (after 160 holes), cycle 12 (after 240 holes),
cycle 16 (after 320 holes), and cycle 18 (after 360 holes). Overall, VBmax increases with
drilling progression, indicating steady tool degradation under the selected condition.
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Notably, intermittent BUE formation and detachment are visible between cycles 8 and 12: a
pronounced built-up region is present at cycle 8 but is reduced/absent by cycle 12. This
intermittency is consistent with observations in micromachining studies [74–76], and can
induce abrupt changes in effective cutting geometry and wear rate, which complicates
small-sample predictive modeling. The progressive increase in VBmax across cycles 1–18
therefore motivates the use of robust and interpretable feature engineering and validation
procedures in the subsequent modeling sections.

4. Model Development and Validation, Results and Discussion
4.1. Signal Preprocessing and Dataset Preparation

As shown in Figure 2, this study is designed as a baseline benchmarking stage for
model selection and validation under severe data scarcity. During experimentation, mul-
tiple sensor signals (Fx, Fy, Fz, and AE) were recorded to enable an initial assessment
of signal quality and wear sensitivity, and to support future extensions toward multi-
sensor fusion. However, for the present baseline study, signal preprocessing and modeling
were intentionally restricted to the most robust and repeatable force component to ensure
methodological clarity and statistical stability. Figure 5 summarises the signal prepro-
cessing and dataset preparation pipeline applied before model development. These steps
ensure consistent, machining-relevant force/AE segments for reliable feature computation
and subsequent learning:

Figure 5. Data preparation for signal data.

Data parsing and standardization: Raw force data (TXT) and acoustic emission (AE)
data (CSV) were first cleaned by removing corrupted/incomplete records (e.g., missing
samples, non-numeric entries) and non-signal content (headers/metadata). The files were
then parsed and standardized by retaining only the required columns and converting them
into a consistent format and unit convention, enabling uniform downstream processing
across all cycles.

Conversion to DataFrame: The standardized force and AE signals were imported into
Pandas DataFrames to enable consistent indexing, channel handling, and batch processing
across experimental runs.
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Initial data visualization: Signals were plotted for each cycle to verify data integrity
and identify anomalies such as spikes, dropouts, baseline drift, or unexpected saturation
prior to filtering and segmentation.

Signal smoothing: Figure 6a shows the raw signal (as an example here, Fz) during
drilling, where high-frequency noise and baseline fluctuations are visible. To suppress
measurement noise while preserving drilling-related transients, a Savitzky–Golay filter
was applied to each signal channel (excluding the time vector) using a window length
of w = 101 samples and a polynomial order of p = 3 [77,78], yielding the smoothed signal
shown in Figure 6b.

 
Figure 6. Multi-step force signal processing workflow: noise reduction and machining region detection.

Machining region detection: Because data acquisition was started manually, each
record contains both non-cutting and cutting intervals, and the non-cutting segments
vary between cycles. Figure 6c shows the smoothed Fz signal prior to segmentation. A
trigger-based routine was used to automatically detect the drilling-active region (based
on Fz exceeding a predefined threshold for a minimum number of consecutive samples),
after which only the machining segment was retained for feature extraction (Figure 6d).
This segmentation ensures that features are computed consistently from drilling-relevant
intervals only.

4.2. Explainable Feature Engineering

Preliminary inspection of the acquired signals showed that the thrust force Fz exhibits
the most stable behavior across drilling cycles, with lower baseline drift and a higher signal-
to-noise ratio compared to the radial force components Fx and Fy. Under the selected stable
drilling conditions and negligible runout, the radial forces showed near-symmetric behavior
and limited sensitivity to progressive tool wear, while AE signals exhibited higher stochastic
variability at the microscale. Consistent with prior microdrilling studies, thrust-force-based
features—particularly Fz—have been reported to show a stronger and more monotonic
relationship with flank wear progression than AE-derived indicators under comparable
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conditions [69,79,80]. Therefore, because this work is positioned as a baseline/benchmark
study under severe data scarcity, we intentionally restricted the modelling to Fz only to
maintain a homogeneous input space and reduce the variance introduced by additional
channels. Although Fx, Fy, Fz, and AE were recorded for completeness and future multi-
sensor fusion studies, the baseline modeling presented in this paper relies exclusively on Fz

for segmentation, feature extraction, and regression.
Feature construction and reduction were performed through an explainable, data-

efficient workflow designed specifically for small-sample predictive modelling. From
each segmented Fz force signal, a structured set of statistical and spectral descriptors was
extracted, covering amplitude-based features (max/mean force, standard deviation, RMS,
skewness, kurtosis, coefficient of variation), robust dispersion measures (MAD, IQR), peak-
related metrics (number and duration of peaks), and frequency-domain indicators (spectral
energy, centroid, flatness, roll-off, dominant frequency). These feature classes were selected
based on prior micro-machining studies and their known sensitivity to changes in tool
condition. Before feature reduction, missing entries were imputed, and all features were
z-normalised to stabilise learning in the data-limited regime.

Feature selection was performed using SHapley Additive exPlanations (SHAP), which
provides a model-consistent quantification of the marginal contribution of each feature
to the predicted wear [81]. Rather than presenting SHAP theory [82], the focus here
is on its functional role: SHAP enables (i) a consistent ranking of feature importance,
(ii) inspection of directionality (whether high values increase or decrease predicted wear),
and (iii) a robustness check against spurious or noise-dominated variables—critical under
data-limited conditions.

SHAP-based feature ranking was performed using a dedicated reference model that
is distinct from the final benchmarking models. A Random Forest regressor was selected
as the reference model due to its robustness under small-sample conditions, ability to
capture nonlinear relationships, and native compatibility with TreeSHAP. The reference
model was trained exclusively on the training subset within each leave-one-out cross-
validation (LOOCV) fold, using the segmented Fz-derived feature set and maximum flank
wear (VBmax) as the target variable. Importantly, this reference model was used solely for
feature relevance estimation and dimensionality reduction and was not employed for final
prediction or performance comparison. For reproducibility, the reduction criterion was
defined as the mean absolute SHAP value averaged across the training samples in each
validation fold, and only features showing consistently high contributions and stable sign
patterns were retained. Because this study operates in an extremely small-sample regime
(n = 18), feature dimensionality was deliberately kept low relative to n to reduce overfitting
risk and improve estimator stability [83]. All preprocessing steps, including imputation,
feature scaling, SHAP-based feature ranking, and any model-selection operations, were
performed exclusively within the training subset of each validation fold; no information
from the held-out sample was used in any stage of model construction or evaluation.

Given the extremely small sample size (n = 18), feature dimensionality was treated as
a bias–variance trade-off and selected empirically based on cross-validated stability. We
evaluated several compact SHAP-ranked feature sets and fixed the number of retained
features to seven, as this provided the most stable cross-validated performance while
avoiding redundancy; below seven features, performance degraded, whereas above seven,
the validation error increased, indicating added noise sensitivity. The SHAP summary
plot (Figure 7) shows that a small subset—primarily maximum peak force, force stan-
dard deviation, average peak force, and spectral energy—dominates predictive behaviour,
while features with low and unstable SHAP influence (e.g., roll-off, dominant frequency)
were excluded.
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Figure 7. Feature extraction and feature importance using SHAP.

4.3. Cross-Validation Method Selection

As we already mentioned, in data-driven manufacturing, experimental datasets are
often small and costly to obtain; therefore, selecting an appropriate cross-validation (CV)
strategy is essential for fair and reliable assessment of model performance [84]. Given the
present dataset size (n = 18), three complementary validation strategies were retained for
benchmarking, each serving a distinct purpose. First, Leave-One-Out Cross-Validation
(LOOCV) was selected as the primary protocol because it maximizes the amount of training
data in each iteration (n − 1 samples) and ensures that every observation is tested exactly
once, which is advantageous under extreme data scarcity. Second, 5-fold cross-validation
was included as a variance-reducing counterpoint to LOOCV, providing a more stable
estimate of generalization behavior while still reusing all samples for training and testing.
Third, a conventional 80/20 train–test split was retained solely as a baseline reference
aligned with common reporting practice and to facilitate comparison with prior studies,
despite its known instability when the test set is very small. A broader comparison of
CV variants (e.g., nested CV, stratified variants) is not reported here because the dataset
is regression-based, extremely small, and the study’s focus is on the integrity of model
benchmarking under data scarcity rather than on an exhaustive analysis of CV methodolo-
gies [84–93]. All candidate models were evaluated consistently under these three schemes
to ensure that model ranking and performance trends were not artifacts of a single valida-
tion protocol. All regression metrics reported in this study (R2, MSE, MAE, and MAPE)
were computed from the leave-one-out cross-validation (LOOCV) predictions. Given the
dataset size (n = 18), LOOCV yields 18 out-of-sample predictions (one per held-out cycle),
and aggregate metrics were calculated over these 18 predictions–measurement pairs.

4.4. Initial Model Selection and Screening

Model selection followed a two-step procedure. First, candidate models were screened
using consistent preprocessing and the same SHAP-selected feature set. A model was
excluded if it failed to achieve R2 ≥ 0.6 in at least two of three validation strategies
(80/20 split, 5-fold CV, and LOOCV), indicating insufficient generalisation for the present
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data regime. According to Figure 8, SVR did not meet this criterion, whereas Random
Forest and XGBoost exceeded the threshold across all validation methods. Therefore, SVR
was excluded from subsequent benchmarking, and the analysis proceeded with Random
Forest and XGBoost.

Figure 8. Comparison of SVR, Random Forest, and XGBoost performance (R2 score) across
three validation methods. The red dashed line indicates the R2 threshold (0.6) for model selection.

4.5. Weighted Composite Score for Model Selection

To compare regression models for tool-wear prediction using multiple metrics and
validation strategies, a weighted composite score was used.

Step 1: Performance metric collection
As already mentioned, for each model m and validation method, we computed four

standard metrics: R2, MSE, MAE, and MAPE. Let Sm,v,p denote the raw score of model m,
for validation v, and performance metric p.

Step 2: metric normalization
To ensure comparability, each metric was normalized to a 0–1 range. For metrics where

higher is better (e.g., R2):

S′
m,v,p =

Sm,v,p − Smin

Smax − Smin
(1)

For metrics where lower is better (e.g., MSE, MAE, MAPE):

S′
m,v,p = 1 −

Sm,v,p − Smin

Smax − Smin
(2)

Step 3: weight assignment
A weight is assigned to each metric and each validation method:
wp: weight for performance metric p (e.g., more importance to R2 and MAPE)
wv: weight for performance metric v (e.g., higher for LOOCV)
Step 4: Composite Score Calculation
The weighted composite score for each model is calculated as:

Weighted composite scorem = ∑v wv (∑p wpS′
m,v,p

)
(3)

where all weights are normalized so that ∑v wv = 1 and ∑p wp = 1.
Step 5: Model Ranking and Selection
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Weights were assigned a priori to reflect methodological relevance under severe
data scarcity. Greater emphasis was placed on LOOCV, as it maximally exploits the
limited dataset and best represents the intended deployment scenario, while relative-
error and variance-sensitive metrics (R2, MAPE, MAE) were prioritized over absolute
error alone. All weights were fixed uniformly across models and validation strategies
and were not optimized to avoid selection bias. Model ranking was performed using the
resulting weighted composite scores, with only models exceeding the screening criterion
(R2 > 0.6 in at least two validation protocols) retained for final comparison. Figure 9
summarizes the weighted scores obtained under LOOCV, 5-fold cross-validation, and a
conventional 80–20 train–test split. Both XGBoost and random forest models satisfy the
screening requirements; however, XGBoost achieves consistently higher composite scores
across all validation strategies. This result indicates superior robustness and predictive
stability under the applied evaluation framework, and therefore, XGBoost is selected as the
reference model for subsequent analysis in this study.

Figure 9. Model comparison based on weighted composite score.

4.6. Hyperparameter Tuning Fold-Safe Augmentation Within LOOCV (Leakage-Controlled)

Based on the weighted composite ranking (Section 4.5), XGBoost evaluated with
Leave-One-Out Cross-Validation (LOOCV) was selected as the primary model–validation
setting for this baseline study. Given the extremely limited sample size (n = 18) and the fact
that each observation corresponds to one drilling cycle, summarized by time-series–derived
features, robustness improvements must be introduced without compromising validation
integrity. Therefore, two complementary measures were applied: (i) hyperparameter tuning
and (ii) fold-safe (leakage-controlled) data augmentation embedded inside LOOCV.

4.6.1. Hyperparameter Tuning

XGBoost hyperparameters were optimized using a randomized search, where the can-
didate distributions for the number of estimators, learning rate, maximum tree depth, sub-
sample ratio, and column sampling ratio were defined using scipy.stats (SciPy library [94]).
RandomizedSearchCV from scikit-learn [95] with LOOCV and 50 randomly sampled
configurations. This choice evaluates candidate configurations under the same extreme
small-sample regime as the final benchmark and avoids the optimistic bias associated with
a single hold-out split. The best-performing configuration (according to the selected scoring
metric) was retained and used as the fixed (“tuned”) reference model for the subsequent
augmentation study.
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4.6.2. Fold-Safe (Leakage-Controlled) Data Augmentation

To mitigate estimator variance under n = 18 while preventing information leakage,
augmentation was performed per LOOCV fold using only training samples. In LOOCV
fold k, the held-out test set is D(k)

test = {(xk, yk)} and the training set is D(k)
train = {(xi, yi)}i ̸=k

where xi denotes the feature vector computed from the segmented drilling signal (here Fz),
and yi is the measured wear response VBmax,i. Augmentation is applied only to D(k)

train and
never uses (xk, yk) or any statistics computed from the full dataset.

Within fold k, additional training samples are generated by a conservative Gaussian–
bootstrap perturbation in feature space [96]. In other words, raw time-series signals are
not augmented; instead, augmentation is applied to the extracted feature vectors. First,
bootstrap indices πj are sampled uniformly with replacement from the training index set
{i: i ̸= k}. For an augmentation multiplier m, the number of synthetic samples is

naug =
⌊

m | D(k)
train

⌋
= ⌊m(n − 1)⌋ (4)

In this study, the augmentation multiplier was set to m = 1, resulting in one synthetic
sample per original training observation within each fold. Let σ(k) =

(
σ
(k)
1 , . . . , σ

(k)
d

)
be the feature-wise standard deviations computed only from the training fold. Each
augmented feature vector is formed as the feature-wise standard deviations computed only
from the training fold. Each augmented feature vector is formed as:

x̃(k)j = x(k)πj + ε
(k)
j (5)

ε
(k)
j ∼ N

(
0, α2diag

((
σ(k)

)2
))

(6)

where α is a small noise factor (here α = 0.02, i.e., 2% of the training-fold feature scale). In
this conservative implementation, labels are kept unchanged:

ỹ(k)j = y(k)πj (7)

Label invariance under small feature perturbations is justified here because VBmax is
measured after each full drilling cycle, while the applied perturbations (α = 2%) remain
within the observed intra-cycle signal variability and measurement uncertainty of the
extracted descriptors.

The fold-augmented training set is then

D(k)
train,aug = D(k)

train ∪
{(

x̃(k)j , ỹ(k)j

)}naug

j=1
(8)

The tuned XGBoost model is trained on D(k)
train,aug and evaluated on the single held-out

sample (xk, yk). This procedure is repeated for all k = 1,. . ., n to obtain LOOCV predictions
and aggregate metrics.

In small-sample machining datasets, a common pitfall is to apply augmentation before
cross-validation or to compute augmentation scales (and other preprocessing parameters)
on the full dataset, which can leak information from the held-out sample into the training
distribution and yield optimistic performance estimates [97]. The fold-safe design avoids
this by estimating feature-wise noise scales exclusively from D(k)

train and ensuring the test
observation remains unseen during augmentation. The augmentation is intentionally
conservative, perturbing feature vectors only within the variability bounds estimated
from the training fold, thereby increasing effective training diversity without introducing
non-physical patterns. Combined with SHAP-guided feature reduction and the multi-
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protocol validation strategy, the pipeline provides a reproducible benchmark framework
for tool-wear regression under limited data.

4.7. Tuned, Leakage-Controlled, Augmented Selected XGBoost Model Performance

Figures 10–12 summarise the LOOCV performance of the initial, tuned, and tuned
+ augmentation XGBoost models. Figure 10 reports aggregate metrics (R2, MSE, MAE),
showing a stepwise improvement from the initial baseline to the tuned configuration
and further to the tuned model trained with leakage-controlled augmentation. Figure 11
compares predicted versus measured VBmax; points closer to the 1:1 reference line indicate
improved agreement. Figure 12 shows cycle-wise predictions across the 18 drilling cycles,
where the tuned + augmentation model tracks the measured VBmax evolution most closely
overall, noting that local non-monotonic variations reflect measurement effects associated
with transient BUE formation rather than physical wear reversal.

Figure 10. Comparison of LOOCV evaluation metrics (R2, MSE, MAE) for initial, tuned, and
augmented XGBoost models.

Figure 11. Actual versus predicted VBmax values for initial, tuned, and augmented XGBoost models
using LOOCV.
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Figure 12. Machining cycle-wise comparison of measured and predicted VBmax values for initial,
tuned, and augmented XGBoost models under LOOCV. Local non-monotonic variations are attributed
to intermittent BUE formation and detachment.

Table 3 summarizes the quantitative improvements achieved at each stage. The
tuned with data augmentation model achieves the best metrics, including the highest R2

(0.892, +9.92% improvement over the initial model) and the lowest MSE (0.702, −42.63%
reduction), MAE (0.578, −34.68% reduction), and MAPE (7.62%, −33.21% reduction).
Notably, the data augmentation strategy delivered substantial improvements across all
performance metrics, with the most significant gain being the 42.63% reduction in MSE,
indicating enhanced reliability for critical predictions. These results confirm that sequential
application of hyperparameter tuning and safe data augmentation provides robust, gener-
alizable improvements in tool wear prediction for data-limited manufacturing applications,
reducing prediction errors by over one-third while explaining nearly 10% more variance in
tool wear behavior. While LOOCV may occasionally overestimate performance in small
datasets, its use in combination with multi-validation screening, constrained hyperpa-
rameter tuning, and physically safe augmentation substantially mitigates this risk and
supports the robustness of the reported results. Because the 18 observations correspond to
sequential wear cycles on a single tool, strict statistical independence cannot be assumed;
future work will incorporate time-aware validation schemes (e.g., forward-chaining) to
explicitly address temporal dependence.

Table 3. LOOCV performance comparison of XGBoost models in different conditions.

Metric Initial Model Tuned Model Tuned with Data
Augmentation

Relative
Improvement

R2 0.81 0.85 0.89 9.92%

MSE 1.22 0.91 0.70 42.63%

MAE 0.88 0.76 0.57 34.68%

MAPE 11.40 9.52 7.62 33.21%

A closer inspection of Figure 12 indicates local underestimation at specific cycles
(notably cycles 2 and 15). These deviations align with microscopy evidence of transient
physical events (Figure 13), including built-up edge (BUE) formation and local edge dam-
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age. Accordingly, local decreases in measured VBmax should be interpreted as transient
changes in adhered material and effective edge geometry, not as a reduction in cumulative
tool wear. Such events can abruptly change both the measured VBmax and the underly-
ing force response, violating the implicit assumption of smooth, monotonic wear–signal
evolution that many regression models rely on. Moreover, BUE formation and stochastic
detachment can introduce discontinuities between consecutive cycles, producing rare pat-
terns that are sparsely represented in an n = 18 training set. These observations motivate
future work toward incorporating explicit physics-informed descriptors and/or uncertainty
quantification to better handle low-frequency but high-impact wear mechanisms.

Figure 13. Microscopic images illustrating wear mechanisms linked to prediction uncertainty:
(a) Cycle 2, showing prominent built-up edge on the flank face; (b) Cycle 15, highlighting both the
built-up edge and local chipping/abrasion.

4.8. External Validation on Unseen Tool Geometries

To further evaluate the robustness of the proposed modeling framework beyond
the single-tool development case, an external validation was conducted using two addi-
tional microdrills operated under the same cutting conditions and measurement protocol
as described in Section 3.1. In this validation, the tuned XGBoost model developed in
Section 4.7—comprising SHAP-based feature selection, leakage-controlled data augmen-
tation, and optimized hyperparameters—was applied in a fully frozen configuration. All
feature definitions, scaling parameters, and model settings were retained from the training
case. No retraining, hyperparameter tuning, feature re-selection, or data augmentation was
performed for the additional tools. Both validation tools were supplied by the same manu-
facturer in order to limit supplier-related variability. The first validation tool, TD.MI.080.8D,
differs from the training tool primarily in its length-to-diameter ratio (8D versus 3D),
introducing a geometry-induced change in tool stiffness, deflection behavior, and force
dynamics. The second validation tool, TD.MI.080.3D.1, shares the same geometry as the
training tool but incorporates an α-INOX coating, allowing the isolated assessment of
coating effects on wear progression and tool life under otherwise identical conditions.

The resulting prediction performance is summarized in Table 4. Under the same
cutting condition, the uncoated 8D tool reached a tool life of 16 cycles, whereas the α-INOX-
coated 3D tool achieved 29 cycles, indicating a substantial improvement in wear resistance
due to the coating. The shorter life of the 8D tool is consistent with increased compliance
and higher susceptibility to deflection-induced wear mechanisms, while the extended life of
the coated tool reflects reduced adhesion and improved flank wear resistance. As expected
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for a strict out-of-sample evaluation, prediction errors increase relative to the internal
LOOCV results obtained for the training tool. Nevertheless, the frozen model maintains
bounded errors for both validation tools, with MAE values remaining below 1 µm and R2

values exceeding 0.83. The geometry-induced shift leads to a more pronounced degradation
in accuracy compared to the coating-induced shift, which preserves a closer correspondence
to the training case. This behaviour indicates that while tool geometry strongly influences
force signatures and wear dynamics, the learned wear–signal relationship retains functional
relevance across controlled tool variations.

Table 4. External validation performance of the frozen tuned + augmented XGBoost model under
identical cutting conditions.

Tool ID Geometry/Coating Cycles (Sample Size) R2 MSE [µm2] MAPE [%] MAE [µm]

TD.MI.080.3D 3D, uncoated 18 0.89 0.70 7.62 0.57

TD.MI.080.8D 8D, uncoated 16 0.83 1.44 9.12 0.91

TD.MI.080.3D.1 3D, α-INOX coated 29 0.87 1.06 8.26 0.75

Overall, these results support the methodological premise of this study: when com-
bined with leakage-aware validation, explainable feature selection, and constrained data
augmentation, data-driven wear prediction models can remain predictive under severe
data scarcity, even when applied to unseen tools operated under identical cutting condi-
tions. At the same time, the observed performance differences highlight the influence of
geometry and coating effects and motivate future extensions toward multi-tool training,
geometry-aware descriptors, and uncertainty-informed inference.

5. Conclusions
This study presents a baseline, AI-driven, data-efficient, and interpretable framework

for predicting maximum flank wear (VBmax) in titanium microdrilling under severe data
scarcity, validated using a titanium microdrilling case study. An initial screening of eight
candidate regressors led to the selection of SVR, Random Forest (RF), and XGBoost for
detailed benchmarking. To improve transparency and reduce overfitting risk in the ex-
tremely small-sample regime, SHAP was used for explainable feature reduction, yielding a
compact set of seven thrust-force (Fz)-derived descriptors. Using consistent preprocessing
and multi-protocol validation, XGBoost showed the most stable and accurate performance
and outperformed RF, while SVR did not satisfy the defined screening criterion.

For the selected XGBoost model, robustness was further improved through random-
ized hyperparameter tuning and a conservative, leakage-controlled (“fold-safe”) augmen-
tation procedure embedded within LOOCV. Under this setting (n = 18), the tuned and
fold-safe augmented XGBoost achieved the best overall performance with R2 = 0.89 and
reduced MSE by 42.63% relative to the initial baseline model. These results indicate that
combining systematic benchmarking, SHAP-guided explainable feature selection, and
fold-safe augmentation can substantially improve wear prediction accuracy even when
only a very limited number of labeled drilling cycles is available. In addition, external
validation on two unseen tools operated under identical cutting conditions, using a fully
frozen model configuration, showed bounded prediction errors under both geometry
and coating shifts, with geometry changes leading to a larger degradation than coating
changes. This validation confirms bounded generalization, although broader validation
across operating conditions remains future work. Although the experimental results are
grounded in titanium microdrilling, the proposed workflow is not process-specific and can
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be transferred to other machining operations, provided that additional external validation
is conducted.

The main conclusions of this study can be summarized as follows:

• A data-efficient and interpretable AI framework enables reliable VBmax prediction
under extreme data scarcity.

• SHAP-based feature reduction improves model stability while preserving physical
interpretability.

• XGBoost outperforms SVR and RF when combined with fold-safe augmentation and
controlled tuning.

• External validation confirms bounded generalization, with higher sensitivity to tool
geometry than coating.

• The proposed workflow is transferable to other machining processes with appropriate
validation.

6. Future Research Direction
The main limitation of the present work is the small and homogeneous dataset (single

cutting condition, one tool/coating), which restricts the scope of generalization claims.
Future work will therefore expand this baseline study to make a system and expanding
dataset to cover a broader range of cutting conditions, tool geometries/coatings, and
process parameters, enabling more rigorous assessment of robustness and transferability
across realistic operating variability. In parallel, additional sensing channels (e.g., Fx, Fy,
and AE) will be incorporated alongside Fz to better capture non-stationary and stochastic
events such as built-up edge (BUE) formation/detachment and local edge damage, ideally
within uncertainty-aware modelling frameworks that can represent confidence under rare
events. Beyond extending the sensing and validation space, physics-informed learning
offers a promising route to embed mechanistic constraints and domain knowledge into the
predictive model, potentially improving both accuracy and physical interpretability.
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