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Abstract

Artificial intelligence (AI) is increasingly used for tool-wear prediction in computer numer-
ical control (CNC) machining, yet a high average accuracy can conceal systematic failure
in the safety-critical high-wear region, where under-prediction makes a worn tool appear
healthier than it is. This paper presents a trustworthy multimodal framework that audits,
mitigates, and ultimately characterises this bias on the public MATWI dataset. A fusion
model combining 512 image features with 84 force, acceleration, and acoustic features
attains a strong test mean absolute error (MAE) of 30.9 µm, outperforming image-only
(51.4 µm) and sensor-only (68.3 µm) baselines. A signed, stratified bias audit nevertheless
reveals a pronounced directional error: the model predicts the healthy region to within
21.3 µm but under-predicts the worn region by approximately 85 µm (worn-region MAE
85.5 µm), with the error deepening monotonically as wear increases. A three-stage miti-
gation pipeline—data-level resampling, cost-sensitive and relevance-based training, and
post-hoc recalibration—reduces the worn-region error by 18% for the combined pipeline
and by up to 22% for the best single-stage configuration, but cannot eliminate it, and only
at a measurable cost to the well-sampled region. The residual bias persists across six re-
gressor families sharing the same fused representation, with a 69–127 µm residual gap, and
survives rigorous hyperparameter search and bias-aware loss functions behind an ≈85 µm
error floor. At every maintenance threshold evaluated the model produces a 100% false-safe
rate.Under the feature representation and sampling of this dataset, the bias is therefore not
addressable by model family, mitigation strategy, or optimisation, which identifies data
adequacy rather than model design as the binding constraint. The conclusion is scoped
accordingly: alternative feature representations, generative augmentation, and domain
adaptation were not evaluated and remain open. The contribution is a reusable protocol
for distinguishing model-reducible from data-limited bias in safety-critical regression.

Keywords: trustworthy AI; tool-wear prediction; predictive maintenance; multimodal
fusion; imbalanced regression; bias mitigation; target-region fairness; CNC machining;
data-centric AI

1. Introduction
Artificial intelligence (AI) and machine learning (ML) increasingly support predictive

maintenance, quality control, and process optimisation by converting sensor and image
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data into earlier decisions [1–5]. However, shop-floor deployment requires more than high
average accuracy because incorrect predictions can be costly or unsafe [1,6].

This gap is, at its core, a problem of trust. As manufacturing moves toward the
human-centred model of Industry 5.0, in which an AI system recommends and a human
operator decides [7–10], the operator must be able to tell when a recommendation can
be relied upon. Trustworthy AI (TAI)—the reliability, robustness, transparency, fairness,
and accountability properties set out in Figure 1—is the requirement that makes that
judgement possible [2,6,11].

Figure 1. Trustworthy Artificial Intelligence (TAI) for safe manufacturing AI, centred on reliability,
robustness, transparency, fairness, and accountability.

This trust requirement is especially consequential in CNC tool-wear prediction. Under-
estimating wear in the high-wear region can delay replacement, increase scrap, and raise
failure risk [5,12]. Trust therefore requires both good overall accuracy and evidence that
errors are not systematically concentrated in this safety-critical region.

The experiments use the MATWI (Multimodal Automatic Tool Wear Inspection)
dataset, which follows 17 carbide milling inserts from new condition to failure and pairs
cutting-edge images with accelerometer, microphone, and force-table signals [12]. Flank
wear spans approximately 0–450 µm; MATWI also contains multiple wear types and mate-
rial conditions that alter wear appearance [12,13]. These characteristics make MATWI a
suitable setting for examining not only predictive accuracy, but also whether model error
remains reliable across the wear range.

The problem also sits within the wider evolution of digital manufacturing. Indus-
try 4.0 connected machines and sensors through cyber-physical and IIoT infrastructure,
enabling continuous vibration, force, acoustic, and image acquisition and increasingly local
inference [1,2,14]. Industry 5.0 re-centres the operator, positioning AI as decision support
whose reliability depends on representative data [7–9]. This shift makes the quality and
coverage of the data, rather than aggregate model accuracy alone, central to whether an AI
recommendation can be trusted.

At the same time, manufacturing AI has expanded from conventional discriminative
learning to generative augmentation, multimodal models, and increasingly agentic sys-
tems [14–16]. Transformer-based multimodal models [17] and multi-sensor fusion [18]
combine complementary information, but remain constrained by labelled-data coverage;
greater autonomy makes systematic error more consequential [16]. The increasing sophisti-
cation of these systems therefore strengthens the need to evaluate how reliably they behave
in under-represented operating regions.
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Major TAI frameworks converge on reliability and robustness, transparency and ex-
plainability, accountability, safety and security, and fairness [19–21]. These dimensions are
directly relevant to operational variation, data-sparse predictions, traceability, and physical
risk in machining. In this study, fairness is not demographic: MATWI contains no personal
or protected-attribute data [22]. It denotes target-region fairness, meaning that regression
performance should not systematically deteriorate in the safety-critical high-wear regime
(≥200 µm).

This target-region framing provides the basis for the paper’s use of bias. Bias is used in
its technical sense: systematic, non-random error concentrated in an identifiable region [22].
The lifecycle taxonomy of Suresh and Guttag [23] is relevant because representation bias
follows from scarce high-wear data, measurement and aggregation bias can arise from
features, labels, materials, or wear types, and evaluation bias occurs when aggregate metrics
hide regional failure. These mechanisms motivate staged mitigation and the disaggregated
evaluation in Section 6.

The resulting technical challenge is two fold. First, high-wear observations are
rare, so standard regression losses are dominated by dense low-wear regions and can
pull high-wear predictions toward the centre [24,25]. This deep imbalanced regression
problem [24,26] also increases overfitting risk in the sparse upper range. Second, models
may exploit material or wear-type cues instead of robust wear features [27], which is
plausible in MATWI because material and adhesive-wear differences alter appearance [12].
Black-box behaviour further weakens calibrated trust [6,11], while sensitivity to prepro-
cessing, training settings, or leakage makes reproducibility essential [28,29].

These concerns shape the intended operating model. The system is human-in-the-loop
decision support: after each milling pass, image and sensor data produce a continuous
wear estimate ŷ with a 90% prediction interval and a binary inspection flag, while the
operator retains the replacement decision. The critical failure is a false-safe result, where
wear is underestimated and no inspection is triggered despite the tool approaching or
exceeding its replacement limit (Figure S1).

Mitigating bias across the modelling lifecycle. Because bias can enter at several stages,
this study evaluates mitigation through pre-processing, in-processing, and post-processing,
with the methods and selection criteria defined in Sections 5.6 and 5.7. This lifecycle view
connects the trustworthiness problem identified above to the empirical mitigation strategy
evaluated later in the paper.

The same requirement extends beyond model design to governance and assurance.
Bias management is also a governance requirement (Table 1). Risk-based or principles-
based frameworks in the EU, UK, United States, and India all require harmful-bias man-
agement [19,30–35]. International standards likewise emphasise fairness and accountable
AI management [36–38]. Together, these technical and governance perspectives motivate
an evaluation that asks not only whether a model is accurate, but also whether its errors
are transparent, regionally reliable, and operationally acceptable.

Table 1. Fairness across major AI-governance frameworks and standards.

Source/Instrument Treatment of Fairness Emphasis

ISO/IEC TR 24028:2020
Fairness as the avoidance of unjust
discrimination and bias, as part of AI
trustworthiness

Standards-based trustworthiness

ISO/IEC 42001:2023
Management-system controls for
transparency, fairness, and bias risk
across the AI lifecycle

Auditable
organisational governance
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Table 1. Cont.

Source/Instrument Treatment of Fairness Emphasis

OECD AI Principles (2019, upd. 2024)
AI systems should avoid unfair bias
and discrimination against individuals
or groups

Inclusive growth,
policy alignment

IEEE Ethically Aligned Design
AI should be designed to avoid
unjustified bias and to promote
fairness and inclusivity

Engineering ethics

EU AI Act (Reg. (EU) 2024/1689)
Binding data-quality and
risk-management duties to limit bias in
high-risk systems

Prescriptive,
risk-based regulation

NIST AI RMF (2023)
“Fair with harmful bias managed”
listed as a core trustworthiness
characteristic

Voluntary
risk-management framework

China—AI Governance Principles
(2019)

AI should promote fairness and
inclusiveness and avoid discrimination State-guided ethical governance

India—Responsible AI for All (NITI
Aayog, 2021)

AI must prevent bias and ensure
equitable, inclusive access Inclusive national AI growth

UK—Pro-Innovation Approach (2023) Fairness as one of five cross-sector
regulatory principles Principles-based, sector-led

Aim, Objectives, and Contributions

The aim of this work is to develop and evaluate a trustworthy multimodal framework
for tool-wear prediction that reduces systematic underestimation in the safety-critical
high-wear region. The objectives are:

1. Build a single-modality baseline. Develop an image-only wear-regression model
without bias mitigation and evaluate it using standard and per-bin metrics (Model 1).

2. Build a multimodal engineering baseline. Fuse image features with force, acceleration,
and acoustic features using bin-weighted regression and class-weighted classification
(Model 2).

3. Carry out a bias audit. Quantify wear-distribution skew, wear-type imbalance,
and cross-material confounding and summarise them in a bias table.

4. Apply a lifecycle bias-mitigation pipeline. Evaluate pre-processing (SMOTER, ran-
dom over-sampling with Gaussian noise, and combined over/under-sampling),
in-processing (cost-sensitive and relevance-based wear-bin weighting), and post-
processing (residual recentring of the upper wear range) as defined in Section 5.6;
select methods that reduce high-wear error without materially degrading the well-
sampled region and combine them in Model 3.

5. Test model-independence and compare the three models. Evaluate image-only, multi-
modal, and mitigated models using MAE, RMSE, per-bin MAE gap, and signed high-
wear bias, then repeat the audit and mitigation across XGBoost, Random Forest [39],
LightGBM, CatBoost, support-vector regression, and a multilayer perceptron under
the same fused-feature representation.

6. Test optimisation-independence and the accuracy–fairness trade-off. Apply rigorous
hyperparameter search, including ℓ1 and ℓ2 regularisation, and bias-aware quantile
and asymmetric losses; determine whether residual bias can be reduced further and
identify the configuration offering the best high-wear target-region fairness for the
lowest accuracy cost.

Contributions. This paper makes three contributions. First, it provides a reusable eval-
uation protocol combining signed, stratified bias auditing, target-region fairness metrics,
and lifecycle mitigation. Second, it shows across six model families, tuned hyperparam-
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eters, and bias-aware losses that mitigation reduces but does not eliminate directional
high-wear under-prediction. Third, it characterises the remaining bias as data-limited
rather than model-reducible—that is, not addressable by any estimator, mitigation strat-
egy, or objective tested over a fixed dataset and feature representation—in a real-world
safety-relevant setting.

Together, these contributions distinguish bias that can be reduced through mod-
elling from bias constrained by data coverage. The practical implication is that persistent
high-wear underestimation ultimately requires more representative data collection in the
operating conditions the model must predict, rather than indefinite algorithmic correction.

2. Related Work
Automated tool-condition monitoring has a long lineage in production engineer-

ing. The state of research and industrial practice was first consolidated by Byrne and
co-workers [40], whose survey of cutting technology also documents the wear mecha-
nisms that motivate it [41]. Teti and co-workers [42] provide the integrated account of
sensor-based monitoring across the machining lifecycle, and the signal-processing methods
on which indirect monitoring depends are reviewed by Zhu and co-workers [43]. More
recent surveys of milling-specific monitoring [44] document the transition of these meth-
ods into data-driven practice. Across this literature the reported objective is consistently
predictive accuracy, evaluated in aggregate.

The gap this work addresses is therefore specific. Prior studies of tool-wear prediction
report aggregate accuracy—mean absolute error, RMSE, R2—averaged across the whole
wear range, and do not audit the direction of the error within the safety-critical high-wear
region. An aggregate figure cannot distinguish a model that errs symmetrically from one
that systematically under-predicts precisely where under-prediction is dangerous. This
paper audits that directional error, attempts to remove it across the modelling lifecycle,
and asks whether what remains is a property of the model or of the data.

Table 2 positions this study across tool-wear prediction and bias-aware imbalanced re-
gression. MATWI [12] provides multimodal data but evaluates vision only; Banda et al. [18]
fuse process sensors without images; and Wibbeke et al. [25] study model-agnostic imbal-
anced regression outside tool wear and without the signed, region-stratified fairness audit
used here. The present work combines image–sensor fusion, directional high-wear auditing,
lifecycle mitigation, and model- and optimisation-independence tests. The comparison
is deliberately by capability rather than by reported error. Published results on MATWI
and on comparable tool-wear corpora are obtained under differing partitions, differing
wear-range clipping conventions, and in several cases cut-level rather than tool-level splits,
so a table of headline error figures placed side by side would compare protocols as much as
models. The tool-level protocol adopted here is the more conservative of the alternatives,
and the aggregate error reported in Section 6.4 should be read against that protocol rather
than against figures obtained under looser ones.

Table 2. Capability-based comparison with representative tool-wear and imbalanced-regression
studies. ✓ indicates a stated focus and × an unaddressed capability; marks denote scope, not quality.

Capability [12] [18] [25] This Work

Multimodal fusion (image + process sensors) × × × ✓

Tool-wear regression (continuous target) ✓ ✓ × ✓

Signed, region-stratified bias audit × × × ✓
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Table 2. Cont.

Capability [12] [18] [25] This Work

Lifecycle (pre/in/post) mitigation × × ✓ ✓

Target-region fairness evaluation of regression × × × ✓

Model-independence test (multiple families) × × ✓ ✓

Optimisation-independence test (tuning + losses) × × × ✓

Data-limited characterisation of residual bias × × × ✓

3. The MATWI Dataset
The Multimodal Tool Wear Images dataset (MATWI) follows seventeen carbide milling

inserts through repeated CNC cutting passes to failure [12,45]. Each cut pairs a cutting-
edge image, synchronised process-sensor recording, and expert flank-wear measurement,
providing the multimodal and imbalanced data required for this study.

The modalities provide complementary views. Images directly show the cutting
edge at 5496× 3672 pixels; accelerometer, microphone, and three force channels indirectly
capture the machining response, with variable recording lengths and occasional channel
inactivity. Expert flank wear in micrometres is the regression target.

Four inserts are excluded before modelling: Sets 2, 3, and 17 because of pervasive force-
channel inactivity, and Set 14 because it was a pilot run with non-final cutting parameters.
Whole-tool exclusion plus a per-cut requirement for valid image, sensor recording, and wear
label reduces 1,803 raw rows to 1144 modelling cuts from thirteen tools and two materials.

Figure 2 shows the acquisition setup; full modality specifications, per-tool character-
istics, and cut-level accounting are provided in Supplementary Section S1, Figures S1–S3,
and Tables S1–S3.

Figure 2. MATWI acquisition setup: each milling pass yields a cutting-edge image and synchronised
multi-channel sensor recording [12].

4. Exploratory Data Analysis
Flank wear is strongly right-skewed: the median is near 90µm, while the training

partition contains only 78 cuts at or above 200µm, 57 above 300µm, and one at 450µm
(Figure 3). This reflects normal replacement practice and creates the rare high-wear regime
central to the study.
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The consequence is measurable rather than merely anticipated.Expressed as an im-
balance ratio, the most-populated wear bin outnumbers the least-populated by more than
two orders of magnitude, and per-bin test error rises monotonically with wear, from 19.0µm
in the best-sampled bin to 353.5µm in the sparsest, tracking the fall in bin occupancy from
235 cuts to one (Table 6). The relationship between sampling density and regional error
is therefore observed, not inferred, and it is the empirical core of the argument devel-
oped in Section 6.11. This behaviour is the regression analogue of the class-imbalance
effect long recognised in the general treatment of learning under skewed data [46], and it
is the reason monitoring surveys stress evaluation over the full operating range rather
than in aggregate [44].

Figure 3. Flank-wear distribution across the 1144 modelling cuts, showing the sparse high-wear tail
above 200µm that motivates the audit in Section 6.11.

Supplementary analyses establish four additional properties relevant to Section 5: wear
coverage differs across tools (Figure S6); minority wear types motivate the binary inspection
task in Section 6.9 (Figure S7); cutting parameters alone do not determine wear (Figure S8);
and both image and sensor modalities carry partial wear signal (Figures S9–S11).

These results motivate feature-level fusion: images directly observe the wear scar
but lose discrimination at high wear, whereas sensor descriptors provide complementary
process information but are incomplete for some cuts.

5. Methodology
5.1. Overall Framework

The methodology first builds an image-only baseline and multimodal predictor (Ob-
jectives 1–2), then audits directional, region-stratified error, applies lifecycle mitigation,
and tests whether residual bias depends on model family or optimisation (Objectives 3–6;
Figure 4).

5.2. Data Preparation and Experimental Split

All models use the curated MATWI corpus and tool-level partition of Section 4. Whole
tools are assigned exclusively to train, validation, or test to prevent leakage, and flank wear
is clipped at the valid upper training limit; these choices define a common basis for all
comparisons (Section S1).

Protocol and Model Selection

The data are partitioned by whole tool. Training uses Sets 1, 5, 7, 8, 10 and 12 (501 cuts),
validation uses Sets 6, 13 and 15 (247 cuts), and testing uses Sets 4, 9, 11 and 16 (396 cuts).
No tool appears in more than one partition. A cut from a test tool therefore cannot appear
in training at any wear stage. The feature scaler and the missing-value imputer are fitted
on the training partition alone. Three further choices are made on the validation tools: the

https://doi.org/10.3390/ai7100400

https://doi.org/10.3390/ai7100400


AI 2026, 7, 400 8 of 36

image-branch checkpoint, the early-stopping round of the fused regressor, and the decision
threshold of the inspection classifier.

Figure 4. Methodology: model construction (Objectives 1–2), followed by bias audit, lifecycle
mitigation, and independence tests (Objectives 3–6).

Two aspects of the selection procedure need to be stated plainly, because both limit
how the mitigation results should be read. The first concerns which partition was used
to choose methods. The mitigation methods that make up Model 3 were screened on
test-partition metrics rather than on validation, and the hyperparameter comparison of
Section 6.15 was scored the same way. Model 3 and the tuned configuration are therefore
selected under an oracle protocol. Their reported figures are upper bounds on what an
honest procedure would achieve, not estimates of deployed performance. The second
concerns the validation tools themselves. They reach only 210µm and contain 14 cuts at or
above the 200µm worn threshold, so a worn-region criterion computed on them rests on
very few observations. Section 6.19 returns to both points.

Throughout, the regression target is flank wear clipped at 450 µm, the upper limit of
the training range; the un-clipped measurement is used only where the operational question
requires it, namely the prediction-interval coverage of Section 6.7 and the ≥450 µm bin of
Table 13, and every such use is marked in the corresponding caption.

5.3. Image-Only Baseline (Objective 1)

The image-only baseline uses a ResNet-18 whose classification head is replaced by
dropout and a scalar regression unit. Early layers are frozen and deeper blocks fine-tuned,
limiting data demand while adapting high-level features to tool wear.

Training images are resized, augmented by crop, flip, small rotation, and mild colour
jitter, then normalised; validation and test transforms are deterministic. Augmentation
discourages reliance on incidental marks. The model uses Huber loss, AdamW, cosine
annealing, and validation-based early stopping (Algorithm 1; Figure 5).

https://doi.org/10.3390/ai7100400
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Algorithm 1 Image-Only Wear-Regression Baseline (Objective 1)

1: Input: Training and validation cuts, each with a cutting-edge image and a clipped wear
label y

2: Output: Fine-tuned image model fimg
3: Initialise ResNet-18 with ImageNet weights
4: Replace the final layer with Dropout(0.3)→ Linear(512, 1) for scalar regression
5: Freeze early stages (conv1, layer1, layer2); keep layer3, layer4, and the head trainable
6: Define the training transform: Resize(256) → RandomResizedCrop(224), then flip,

rotation, colour jitter, and normalisation
7: Define the evaluation transform: Resize(256)→ CenterCrop(224), then normalisation

(deterministic)
8: Configure AdamW with backbone lr = 10−4, head lr = 10−3, weight decay = 10−4,

a cosine-annealing schedule, and Huber loss (δ = 20 µm)
9: Initialise the best validation error to ∞

10: for each epoch up to the budget do
11: Train over all batches, minimising the Huber loss; step the cosine scheduler
12: Compute the validation mean absolute error
13: If it improves on the best so far, save the checkpoint
14: Stop early if there is no improvement within the patience window
15: end for
16: Return the checkpoint with the lowest validation error

Figure 5. Image-only baseline: augmented cutting-edge images pass through a partially fine-tuned
ResNet-18 and scalar regression head.

5.4. Multimodal Model (Objective 2)

Model 2 adds process sensors through intermediate feature-level fusion: each modality
is encoded separately, the fixed-length vectors are concatenated, and a single learner
operates on the joint representation (Figure 6).

Feature-level fusion is required because fixed-size images and variable-length, partially
missing sensor time series cannot be combined directly. It also preserves cross-modal
interactions that late averaging would discard.

Image branch: The image branch is the fine-tuned ResNet-18 of Section 5.3, reused as
a feature extractor. After training, the activation of the network’s global average-pooling
layer is taken, for each cut, as a 512-dimensional image feature vector summarising the
visual evidence of wear.

https://doi.org/10.3390/ai7100400
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Sensor branch: Variable-length recordings are reduced to 84 features. Acoustic data
use Mel-Frequency Cepstral Coefficients (MFCC) and spectral descriptors; accelerometer
and force channels use time- and frequency-domain statistics. Inactive channels are retained
as missing values rather than zeros, and two cut-history features are appended. This lower-
capacity representation is appropriate for the limited training corpus.

Fusion and prediction: The 512 image and 84 sensor features form a 596-dimensional
vector. A training-only scaler standardises observed values while preserving NaNs, which
XGBoost handles natively. Three quantile regressors provide the median wear estimate and
90% prediction interval; a classifier on the same features flags adhesive/combined wear,
with its threshold selected on validation. Algorithm 2 gives the full settings.

Algorithm 2 Multimodal Feature-Level Fusion: Training and Inference (Objective 2)

1: Input: Curated cuts in tool-level splits; per cut: image, sensor file (ch0 = accel,
ch1 = acoustic, ch2–4 = force-x/y/z, timestamp), wear labels y, yc (clipped), wear-
type label, and image model fimg (Algorithm 1).

2: Output: Three quantile regressors, one classifier, one fitted scaler.
3: A—Image features (512-d): extract the GAP-layer activation of fimg per cut.
4: B—Sensor features (84-d): (i) ch1: 13 MFCC means, 13 MFCC stds, ZCR, spectral flux,

rolloff, centroid; (ii) ch0, ch2–4 (on ×8-decimated signal): if inactive (std < 10−3) set all
features NaN, else time-domain (RMS, mean, std, skewness, kurtosis, peak-to-peak,
crest factor, 2σ/4σ peak counts) and frequency-domain (dominant spindle-band freq.
and amplitude, spectral entropy, centroid); (iii) append 2 cut-history features.

5: C—Fusion + scaling (596-d): concatenate image (512-d) and sensor (84-d) vectors. Fit a
StandardScaler on non-NaN training values only (µj, σj exclude missing) and apply to
all splits, xij← (xij − µj)/σj, leaving NaN unchanged. XGBoost handles NaN natively,
routing missing samples to the learned default direction.

6: D—Wear regression (3 quantile models): weight training cuts by wear bin
[0, 100, 200, 300, 450, ∞) with [1, 1.5, 4, 8, 8]. Train XGBoost quantile regressors for q ∈
{0.05, 0.50, 0.95} (800 trees, lr 0.03, depth 6, min-child-wt 4, subsample 0.8, colsam-
ple 0.7, ℓ1=0.1, ℓ2=1.0, early-stop 60). Point estimate q0.50; 90% interval [q0.05, q0.95].

7: E—Wear-type classifier (binary): label 0 (flank) or 1 (needs inspection: adhe-
sive/combined), drop unlabelled; class weight nneg/npos. Train XGBoost (logistic;
600 trees, lr 0.03, depth 5, min-child-wt 3, subsample 0.85, colsample 0.7, early-stop 50);
fix threshold on validation.

8: Inference: extract 512-d + 84-d features, concatenate to 596-d, apply fitted scaler.
9: Return ŷ = q0.50, interval [q0.05, q0.95], flag = 1[prob ≥ threshold].

The shared representation therefore supports a continuous regression branch and a
binary inspection branch. This paper audits and mitigates the regression branch because
directional high-wear under-prediction is the safety-critical continuous-imbalance problem;
group-fairness mitigation of the classifier is reserved for future work (Section 7).

5.5. Bias Audit (Objective 3)

The audit is built on four quantities, defined as follows. LetW = {i : yi ≥ 200µm}
denote the worn stratum, H its complement, yi the true clipped wear of cut i, and ŷi the
corresponding prediction. For a regionR ∈ {W ,H}, the regional error magnitude and the
regional signed error are

MAER =
1
|R| ∑

i∈R

⃓⃓
yi − ŷi

⃓⃓
, ∆R =

1
|R| ∑

i∈R

(︁
ŷi − yi

)︁
. (1)

The two are compared between regions through the regional disparity and the regional
error ratio,

D = MAEW −MAEH, ρ =
MAEH
MAEW

. (2)
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Each quantity does a different job. MAER measures how accurate the model is within
a region. ∆R records the direction of that error, which an absolute measure cannot: a
negative value means the model under-predicts. D gives the gap between the two regions
in micrometres, and ρ gives the same gap as a ratio, so that ρ = 1 means parity across the
wear range.

Figure 6. Multimodal feature-level fusion: 512 image and 84 sensor features form a 596-dimensional
vector used for wear regression, uncertainty estimation, and inspection classification.

The ratio ρ plays the part that the disparate-impact ratio plays in classification fair-
ness [47]. That measure is defined over discrete outcome rates, so it does not transfer to
a continuous target. ρ compares a protected region against a reference region instead of
one demographic group against another. The observed value of 0.25 means the model is
four times less accurate in the worn region than in the healthy one. All four quantities
carry bootstrap 95% confidence intervals from 10,000 resamples wherever a stratum holds
enough cuts to support them.

The bias audit disaggregates the multimodal model by wear region, tool, material,
and wear type, reporting both error magnitude and signed error. This exposes systematic
high-wear under-prediction that aggregate accuracy can conceal and defines the target
for mitigation.

5.6. Three-Stage Bias Mitigation (Objective 4)

Pre-processing screens SMOTER, ROGN, and WERCS; in-processing compares wear-
bin and relevance-based weighting; and post-processing applies an upper-tail residual
recentring of the predicted distribution. Candidates are selected by worn-region improve-
ment net of healthy-region degradation, then combined to form Model 3.

5.7. Bias-Mitigation Toolkit: Selection and Scope

Methods were selected for a continuous high-wear target while preserving the wear
signal. This makes imbalanced-regression methods appropriate for the regression branch,
reserves group-fairness methods for the classifier, and excludes approaches that suppress
feature–target dependence by construction.

Imbalanced-Regression Toolkit

Table 3 lists the imbalanced-regression methods, the lifecycle stage at which each acts,
and its outcome in this study. The pre-processing methods are the SMOTE-for-regression
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family: SMOTER [48], which adapts the original SMOTE oversampling technique [49]
to a continuous target through a relevance function; its Gaussian-noise extension (the
basis of the ROGN scheme used here) [50]; and the combined over/under-sampling
scheme WERCS [51]. The in-processing stage uses cost-sensitive wear-bin weighting
and a relevance-based weighting derived from the Squared Error-Relevance Area (SERA)
formulation [52], which is also used as the rare-target error metric throughout the regression
arm. The post-processing stage applies an upper-tail residual recentring: the mean signed
residual of the worn training stratum is added to every prediction exceeding the 75th
percentile of the predicted distribution. This is a deterministic offset correction rather than
a conformal procedure—it carries no finite-sample coverage guarantee—and is reported
here only for its effect on the signed regional error. The conformalised-quantile-regression
construction of [53] is used separately, in Section 6.7, for the prediction intervals. The col-
lective outcome of these methods—documented in Section 6.12 and Section 6.14—is that
the high-wear bias is reduced but not removed at the value level, which is the empirical
basis for the data-limited finding within the fixed dataset and fused representation.

Table 3. Imbalanced-regression toolkit used across pre-, in-, and post-processing stages.

Method
(Reference) Stage Framework/Toolkit Mechanism Outcome in This Study

SMOTER [48] Pre
ImbalancedLearning-
Regression;
SMOGN [50,54]

Synthesises rare high-wear
samples by interpolating
features and target between
nearest neighbours

Rebalances training
distribution; reduces but
does not close the
worn-region gap

ROGN
(Gaussian-noise
resampling) [50]

Pre
ImbalancedLearning-
Regression;
SMOGN [50,54]

Oversamples rare
high-wear cuts with added
Gaussian perturbation to
expand their support

Selected as the best
pre-processing method on
the documented model;
partial worn-region gain

WERCS [51] Pre ImbalancedLearning-
Regression [54]

Combined probabilistic
over- and under-sampling
driven by a
relevance function

Screened; competitive on
some model families

Cost-sensitive
wear-bin
weighting

In XGBoost
(sample_weight) [55]

Weights high-wear cuts
more heavily in the
training loss

Conservative weighting is
the documented Model 2
recipe; captures most
achievable reduction at
low cost

Relevance-based
weighting
(SERA-
inspired) [52]

In
Relevance-based
weighting (own
implementation)

Increases the loss penalty
continuously with target
relevance (wear)

Selected as the best
in-processing method;
largest single-stage
worn-region reduction

Upper-tail
residual
recentring

Post
Mean-residual offset on
the upper tail (own
implementation)

Adds the mean
worn-stratum training
residual to predictions
above the 75th percentile

Selected as the best
post-processing method;
small additional
worn-region gain

SERA metric [52] Measure ImbalancedLearning-
Regression [52,54]

Error metric weighted
toward rare target values

Used as the rare-target
error metric throughout
the regression arm

5.8. Evaluation: Comparison and Trade-Off (Objectives 5 and 6)

One convention differs between the documented model and the comparison families
and is recorded here because it bears on the interpretation of Section 6.14. The six compari-
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son regressors are trained on a log(1 + y)-transformed target and inverted at prediction
time, a standard variance-stabilising choice for a strictly positive, right-skewed response;
the model of Section 5.4 is trained directly on the clipped target under a quantile objec-
tive. The two conventions are not interchangeable, and this difference—together with the
absence of quantile-specific tuning in the comparison families—accounts for their higher
un-mitigated worn-region error.

Objective 5 compares the image-only, multimodal, and mitigated models using ag-
gregate and disaggregated metrics. Objective 6 then evaluates the accuracy–target-region-
fairness trade-off, always under the tool-level split of Section 5.2.

Two controls test whether residual bias is model- or optimisation-specific. Six regressor
families are compared on the same fused features and split, varying only the regression
head. The primary model is also subjected to hyperparameter search, ℓ1/ℓ2 regularisation,
quantile losses, and asymmetric under-prediction penalties. Worn-region MAE is the
controlling metric because it remains sensitive to error magnitude even when a high
quantile reverses the error direction.

6. Results and Discussion
6.1. Experimental Data

Several distinct error quantities recur throughout this section. Because they are nu-
merically similar and readily conflated, each is defined once here and used consistently
thereafter. The worn-region MAE is the mean absolute error over test cuts whose true
clipped wear is at least 200µm. The signed worn-region under-prediction is the mean
true worn wear minus the mean predicted worn wear; its sign carries the safety-relevant
information, and it coincides numerically with the worn-region MAE whenever essen-
tially every worn-region error points the same way, as it does here (239− 154 = 85µm,
against a worn-region MAE of 85.5µm). The disparity is the worn-region MAE minus the
healthy-region MAE. The mean residual gap reported in Section 6.14 is a different quantity
again: it is the mean signed under-prediction across the six comparison regressor families
after each has received its own best mitigation. It exceeds the 85.5µm of the documented
model because those families are trained without the quantile objective and tuning of
Section 5.4 and on a log-transformed target, and their mean un-mitigated worn-region
error is correspondingly higher—124µm in the single-run comparison (Table 16), rising to
144µm when the comparison is repeated over three seeds (Table 17).

To avoid ambiguity, the regional signed error ∆R in Equation (1) is defined as predic-
tion minus truth, so negative values denote under-prediction. The positive worn-region
under-prediction gap reported above is the opposite-signed quantity (true minus predic-
tion), i.e., −∆W .

The final corpus contains 1144 cuts: 501 training, 247 validation, and 396 test cuts
from disjoint tool sets defined in Section 5.2; full curation accounting is in Table S3. Wear
spans 15–450 µm in training, 30–210 µm in validation, and 30–750 µm in test. Missing force-
derived features occur in 24, 43, and 48 vectors respectively and remain NaN for models
that support them. The regression target is clipped at 450 µm except where Section 6.7
explicitly uses the unclipped value.

6.2. Training of the Image Branch

The image branch follows Algorithm 1: partially fine-tuned ResNet-18, AdamW,
cosine annealing, Huber loss (δ = 20 µm), and validation-based early stopping.

Validation MAE reached its minimum of 28.71 µm at epoch six, then rose while
training error continued to fall, so the epoch-six checkpoint was retained (Figure 7). At that
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checkpoint train and validation MAE were similar, but test MAE was 51.4 µm (Table 4),
indicating cross-tool distribution shift.

Figure 7. Image-only ResNet-18 training trajectory. Validation MAE is minimised at epoch six; later
divergence indicates overfitting.

Table 4. Image-only baseline at the epoch selected on the validation tools, reported separately for
each partition. Training and validation errors are similar while the test error is roughly 1.8× larger,
indicating that the test tools span operating conditions absent or under-represented in training.

Split n MAE (µm) RMSE (µm)

Train 496 29.5 50.5
Validation 247 28.7 42.2
Test 396 51.4 77.1

A wear-bin-weighted image-only run reduced test MAE to 39.1 µm and raised the
maximum test prediction from 135 to 257 µm, confirming that weighting mitigates output
saturation. The headline image baseline remains the unweighted checkpoint actually
used to construct the multimodal model, while weighting is evaluated systematically
in Section 5.6.

6.3. Properties of the Feature Spaces

The fused vector contains 512 ResNet image features and 84 sensor/cut-history fea-
tures. Three diagnostics assess whether this representation is informative and stable before
downstream modelling.

Sensor features: Force descriptors dominate the strongest training correlations with
wear (up to Spearman ρ = 0.776); 49 of 84 features exceed |ρ| = 0.2 and 17 exceed 0.5. No
feature shows severe validation/test mean shift (|z| > 3), supporting the sensor branch as
a stable fusion input.

Image features: All 512 ResNet activations correlate positively with wear (ρ = 0.465–
0.946, median 0.836). The same median within individual training tools shows that the
representation tracks within-tool wear progression rather than merely tool identity; strong
inter-feature correlation is handled by the downstream boosted learner. Figure 8 sum-
marises these correlations.
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Figure 8. Spearman correlation of the 512 ResNet features with wear; all are positive, with median
ρ = 0.836.

The fusion produces well-formed inputs: After standardisation, the 596-dimensional
fused training matrix has mean exactly 0 and standard deviation exactly 1 on the non-
missing values, confirming that the scaler correctly excluded NaN positions when com-
puting per-feature statistics. The matrix retains 312 NaN entries (24 training cuts × the
number of features derived from the inactive force channel), and no image feature is
missing. In the anchor model the NaN entries are passed unchanged to XGBoost, which
assigns samples with a missing split-feature value to the default branch direction learned
from observed training data, a behaviour verified to be stable across all 800 boosting
rounds. In the audit and mitigation experiments the same features are imputed with the
training-partition median before standardisation, since several of the comparison regressor
families of Section 6.14 cannot accept missing values; the imputer and scaler are fitted on
the training tools only and applied unchanged to the validation and test tools. The two
conventions give equivalent aggregate error.

6.4. Aggregate Performance

Table 5 shows that fusion achieves 30.9 µm test MAE versus 51.4 µm for image-only
and 68.3 µm for sensor-only, improving on the better single modality by 40%. Its validation
MAE is 29.4 µm, indicating little aggregate validation-to-test degradation.

Table 5. Aggregate test performance. Fusion improves on the better single-modality baseline by
20.5 µm (40%).

Model Features Test MAE (µm)

Sensor-only (XGBoost) 84 68.3
Image-only (ResNet-18) 512 51.4
Multimodal fusion 596 30.9

6.5. Performance Across the Wear Range

Aggregate performance hides the key result. Table 6 and Figure 9 disaggregate error
by wear bin as sample counts fall from 235 cuts in the lowest bin to one in the highest.
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Table 6. Mean absolute error by wear bin over the 396 test cuts of the four held-out tools, with bin
occupancy and bootstrap 95% confidence intervals from 10,000 resamples. Mean predictions are
reported alongside the error for the image-only and fusion models. The image-only prediction stays
within 54–77 µm across the four upper bins even as true wear rises to 450 µm, evidencing a saturating
output; fusion corrects this in the operational middle of the range but regresses in the sparsely
populated upper bins. All fusion figures are from the same documented run (Model 2). The ≥450µm
bin scores the single extreme cut against the clipped 450µm target; scored against its unclipped
750µm wear, as in Tables 12 and 13, overall MAE is 30.9µm and worn-region MAE 85.5µm.

Bin (µm) n
Image-Only Sensor-Only Fusion

MAE 95% CI Mean Pred MAE MAE 95% CI Mean Pred

0–99 235 14.1 [13, 15] 59.3 57.1 19.0 [17, 22] 83.1
100–199 103 75.9 [69, 82] 72.0 93.6 27.5 [23, 32] 136.2
200–299 54 149.9 [144, 155] 76.8 54.3 68.2 [62, 75] 158.5
300–449 3 246.4 [218, 261] 53.6 137.2 208.2 [147, 243] 91.8
≥450 1 395.7 — 54.3 341.5 353.5 — 96.5

Figure 9. Test MAE by wear bin. Error rises as high-wear sample counts fall; fusion improves the
central range but remains biased in sparse upper bins.

1. Image-only saturation: Mean predictions remain only 54–77 µm across the four upper
bins while true wear rises sharply, so MAE increases from 14 to 396 µm. The image
baseline therefore systematically underestimates increasing wear.

2. Fusion improves the operational middle: Fusion reduces MAE to 27.5 µm in the
100–199 µm bin and 68 µm in 200–299 µm, while its mean prediction rises with wear
rather than saturating like the image-only model.

3. Fusion does not solve the very-high-wear region: In the two sparsest bins (300–449
and ≥450 µm, n = 3 and n = 1) the fusion model’s mean prediction falls again,
to 92 and 97 µm, and its MAE rises to 208 and 354 µm. The fusion still beats the
image-only baseline in both bins but by less than the sensor-only model: in the
300–449 µm bin the sensor-only model achieves an MAE of 137 µm, while the fusion
reaches 208. The very-high-wear region is therefore the one stratum where adding the
image features can hurt rather than help: a saturating image branch pulls the fused
prediction back towards the abundant low-wear regime that it was effectively trained
to recognise. This is not a defect of the fusion design but a direct consequence of the
training distribution—a single training cut at ≥450 µm and only 56 training cuts in
300–449 µm, 57 in total above 300 µm, cannot, by gradient descent or by tree boosting,
train any model to extrapolate further. The residual high-wear bias defines the target
of the planned mitigation programme.
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6.6. Performance Across Individual Tools

Per-tool results (Table 7; Figures 10 and 11) show that error concentrates on tools reaching
high wear. Signed bias is reported so negative values identify systematic underestimation.

Table 7. Test-split performance decomposed by held-out tool, computed separately over the cuts
of each of the four test tools. Signed bias is the mean prediction minus the mean true wear, so a
negative value denotes under-prediction. Every image-only entry is negative, and the largest under-
estimations fall on the two tools reaching the high-wear region (Sets 11 and 16). Fusion improves on
the image-only model for three of the four tools and matches it on Set 9, the lowest-wear tool. Fusion
figures are from the same documented run as Table 6, under the same clipped-target convention
(overall MAE 30.2µm). Set 11 contains the single ≥ 450µm cut.

Tool n Wear Range (µm) Image MAE Image Bias Sensor MAE Fusion MAE

Set 4 97 45-300 38.5 −37.0 50.0 20.4
Set 9 100 30-90 9.6 −9.4 24.9 9.6
Set 11 100 60-750 57.8 −57.8 135.3 40.2
Set 16 99 90-300 99.9 −98.5 59.3 50.3

Figure 10. Image-only predicted versus true wear by split and tool, showing test-set saturation at
high wear.

Figure 11. Predicted versus true test wear for image-only, sensor-only, and multimodal models.
Fusion follows the ideal diagonal most closely.

The image-only model underestimates every test tool, with bias worsening from
−9 µm on low-wear Set 9 to −98 µm on Set 16. Fusion reduces MAE by 48–66% on Sets 4,
11, and 16 and matches image-only on the easiest low-wear Set 9, concentrating its benefit
on harder tools.

The dispersion across tools is itself informative. Taking the four test tools together,
the fusion model’s mean absolute error is 30.1µm with a standard deviation of 18.5µm
across tools—a dispersion of the same order as the mean. This is the cross-tool variance
that a single aggregate figure conceals, and it has a physical reading. The tools differ in
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workpiece material, cutting parameters, and the wear range they traverse (Table S2), so
each test tool represents a partially shifted operating distribution rather than a fresh draw
from the training distribution. Per-tool error therefore mixes model quality with inter-tool
domain shift, and the contrast between Set 9 (9.6µm, a short run confined to the low-wear
regime) and Set 16 (50.3µm, spanning to 300µm) is largely the latter. This also means that
the single fixed partition used throughout is one draw from a distribution of possible tool
assignments whose spread is not negligible, a limitation recorded in Section 6.19.

6.7. Calibration of the Prediction Interval

The multimodal model’s nominal 90% interval has 95.2% test coverage and mean
width 291 µm. The upper quantile required retraining without early stopping because the
default criterion terminated at zero trees; after a fixed 400-tree run, quantile ordering is
correct on 95.7% of test rows.

Coverage is conservative in populated bins but fails on the single ≥ 450 µm cut
(Table 8; Figure 12), where the entire interval lies below the true 750 µm wear. Conformal
recalibration [53,56] slightly increases aggregate coverage and width but cannot correct a
uniformly biased high-wear quantile estimate.

Table 8. Empirical coverage of the nominal 90% prediction interval by wear bin; coverage fails on the
single extreme high-wear cut.

Wear Bin (µm) n Empirical Coverage (%) Mean Width (µm)

0–99 235 92.3 295
100–199 103 100.0 284
200–299 54 100.0 285
300–449 3 100.0 310
≥450 1 0.0 307

Figure 12. Test prediction-interval coverage by wear bin; the interval is conservative in populated
bins and fails in the extreme high-wear bin.

6.8. Where the Predictive Signal Comes from

Ablation retrains the fusion model while removing image, force/accelerometer, acous-
tic, or cut-history feature groups from the 596-dimensional representation; Table 9 reports
the resulting test MAE.
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Table 9. Ablation of the fused representation. Each row removes one component from the full
596-dimensional fusion and reports the resulting test MAE and its change relative to the full model;
the ∆ column is the quantity of interest. All differences are referenced to the ablation study’s own
full-fusion baseline of 30.2 µm, which differs from the headline 30.9 µm of Table 5 only in how the
single ≥ 450µm cut is scored: the ablation baseline uses the clipped 450µm target, whereas the
headline uses the unclipped 750µm wear; the ranking is unaffected.

Variant Features Test MAE (µm) ∆ vs. Full (µm)

Full fusion 596 30.2 -
No cut history 594 28.9 −1.3
No acoustic features 566 33.9 +3.7
No force/accelerometer 544 40.6 +10.4
Image features only 512 40.1 +9.9
Sensor features only 84 67.5 +37.3

Ablation shows that both modalities matter: removing sensors raises MAE by 9.9 µm
and removing images by 37.4 µm. Force/accelerometer features contribute more than
acoustic features, consistent with Section 6.3, while removing cut-history slightly improves
MAE, suggesting progression is already encoded in the other modalities.

6.9. Wear-Type Inspection Classifier

The original three-class wear-type classifier collapses to the majority flank class: de-
spite 70.5% accuracy, it detects none of the 96 combined-wear or 20 adhesion cases. The task
is therefore reduced to binary flank versus “needs inspection” (Figure 13).

Figure 13. Three-class test confusion matrix showing majority-class collapse onto flank wear.

The class-balanced binary model achieves ROC-AUC 0.928. Lowering the threshold
from 0.5 to the validation-selected 0.3 raises inspection recall from 18.1% to 65.5% while
keeping the false-alarm rate at 1.1% and precision at 0.962 (Table 10; Figures 14 and 15).
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Table 10. Binary inspection-classifier operating points. The selected threshold 0.3 increases recall
while maintaining a low false-alarm rate.

Threshold Recall False-Alarm Rate Precision

0.30 0.655 0.011 0.962
0.40 0.345 0.011 0.930
0.50 0.181 0.011 0.875
0.60 0.078 0.007 0.818
0.70 0.026 0.007 0.600

Figure 14. Binary inspection-classifier recall, precision, and false-alarm trade-off across deci-
sion thresholds.

Figure 15. Binary inspection confusion matrices at t = 0.5 and the selected t = 0.30, showing the
recall gain from threshold adjustment.

6.10. Decision-Level Analysis at Maintenance Thresholds

Continuous MAE and signed bias do not directly express maintenance decisions, so
predictions are also thresholded at 200, 300, and 350µm. A false-safe (FS) is a truly worn
cut predicted safe; false-maintenance (FM) is a safe cut predicted worn.

The image-only model’s predictions are capped at 117.5µm on the test set; the fusion
model reaches 191.9µm. Neither crosses any threshold, so every worn tool is missed and no
unnecessary stop is triggered. Model 3 (mitigated) raises the worn-region mean prediction
from 154 to 170µm but its maximum likewise stays below 200µm. The result—summarised
in Table 11—is a 100% false-safe rate and 0% false-maintenance rate across all three models
and all three thresholds. With only 4 test cuts at ≥300µm (Table 11) and 57 training cuts
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above that threshold, no supervised learner can flag values it has almost never seen: the
decision-level failure is data-limited under the evaluated representation and is not removed
by the tested algorithms.

Table 11. Decision-level outcomes obtained by thresholding the continuous prediction of each model
at three candidate maintenance limits, evaluated over the 396 test cuts. nworn and nsafe are the
numbers of test cuts with true clipped wear at or above, and below, the threshold. FN counts worn
tools predicted safe, the dangerous miss; FP counts safe tools predicted worn, an unnecessary stop.
FS and FM are the corresponding false-safe (FN/nworn) and false-maintenance (FP/nsafe) rates. No
prediction exceeds 191.9 µm on the test set, so every worn tool is missed at every threshold. The
Model 3 column reflects mitigation screened on the test partition (oracle protocol, Section 5.2), so it is
an upper bound rather than a deployable operating point; even so, it changes no decision outcome.

Threshold nworn nsafe
Model 1 Model 2 Model 3

FN FP FN FP FN FP

200µm 58 338 58 0 58 0 58 0
300µm 4 392 4 0 4 0 4 0
350µm 1 395 1 0 1 0 1 0

FS rate 100% 100% 100%
FM rate 0% 0% 0%

6.11. Bias Audit of the Multimodal Model (Objective 3)

The audit uses the same multimodal model and held-out test tools as Section 6.4 and
Table 5; only the reporting changes to signed and regional errors. Aggregate test MAE
remains 30.9 µm.

Disaggregation at 200 µm reveals 21.3 µm healthy-region MAE but 85.5 µm worn-
region MAE, a 64.2 µm disparity. Mean worn wear is 239 µm but is predicted at 154 µm,
an ≈ 85 µm safety-relevant underestimation (Table 12).

Table 12. Regional bias audit of the multimodal model, showing substantially larger and directionally
biased error in the worn region. Computed from the documented multimodal run (Model 2). Scored
against the clipped 450µm target, overall MAE is 30.2µm and worn-region MAE 80.4µm; scored
against the unclipped 750µm wear of the single extreme cut, as in Table 13, they are 30.9 and 85.5µm.

Metric Value

Overall test MAE 30.9 µm
Healthy-region MAE (<200 µm) 21.3 µm
Worn-region MAE (≥200 µm) 85.5 µm
Disparity (worn−healthy MAE) 64.2 µm
Healthy/worn ratio 0.25
Worn-region mean: true→ predicted 239→ 154 µm
High-wear under-prediction (gap) ≈85 µm

Table 13 shows signed error deepening from +13 to −662µm as wear increases
(Spearman ρ = 1.0 between wear bin and absolute error). Bootstrap intervals are narrow
and non-overlapping for the three populated bins (n = 235, 103, 54), confirming the trend;
the n = 3 bin confirms direction but not precise magnitude, and the n = 1 bin cannot
support an interval. The largest errors therefore coincide with the sparsest high-wear bins.
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Table 13. Per-bin signed error and MAE with bootstrap 95% confidence intervals; under-prediction
deepens as the high-wear bins become sparse.

Bin (µm) n Signed Error (µm) 95% CI MAE (µm) 95% CI

0–99 235 +13 [9, 17] 20 [18, 23]
100–199 103 −4 [−9, +2] 25 [21, 29]
200–299 54 −68 [−75, −62] 68 [61, 75]
300–449 3 −211 [−243, −147] 211 [147, 243]
≥450 1 1 −662 — 662 —

1 The ≥450µm bin of the documented multimodal run (Model 2) uses the un-clipped true wear (750µm) as the
reference, consistent with Section 6.7; all other bins use the clipped target (capped at 450µm).

Figure 16 shows the same pattern visually: error increases as samples become sparse,
predictions saturate below true high wear, and signed under-prediction deepens across the
upper range.

Figure 16. Multimodal bias audit: sample density, predicted-versus-true wear, signed error, and MAE
all show worsening performance in the sparse high-wear region.

Per-tool and per-material decomposition shows that the effect follows the high-wear
region rather than one tool or material; worn-region MAE is similar for CK45 (89.7 µm)
and RVS304 (81.8 µm).

6.12. Three-Stage Mitigation and the Mitigated Model (Objective 4)

Each mitigation stage was screened separately. ROGN, relevance-based weighting,
and upper-range recentring were selected and combined as Model 3; Table 14 compares it
with Model 2.

Model 3 reduces worn-region MAE by 18% (85.5 → 70.1 µm) and disparity from
64.2 to 39.0 µm, but raises healthy and overall error. The remaining 70 µm worn gap shows
that mitigation shifts predictions upward without recovering enough high-wear signal.
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Table 14. Model 3 versus Model 2. Lifecycle mitigation reduces worn-region error and disparity but
increases healthy and overall error.

Metric Model 2 Model 3 Change

Overall MAE (µm) 30.9 36.8 +5.9
Healthy MAE (µm) 21.3 31.1 +9.8
Worn MAE (µm) 85.5 70.1 −15.4
Disparity (µm) 64.2 39.0 −25.2
Worn prediction
(µm) 154 170 +16

Worn gap (µm) 85 70 −15

6.13. Three-Way Model Comparison (Objective 5)

Table 15 and Figure 17 compare Models 1-3: fusion substantially improves image-only
accuracy, while mitigation trades some aggregate accuracy for lower high-wear disparity.

Table 15. Three-way comparison of image-only, multimodal, and mitigated models across aggregate
and regional error.

Metric Model 1 (Image) Model 2 (Multimodal) Model 3 (Mitigated)

Overall MAE (µm) 51.4 30.9 36.8
Healthy MAE (µm) - 21.3 31.1
Worn MAE (µm) - 85.5 70.1
Disparity (µm) - 64.2 39.0
Worn prediction (µm) - 154 170

Figure 17. Three-way comparison of signed error and regional performance, showing the gain from
fusion and the partial high-wear correction from mitigation.

6.14. Model-Independence of the Residual Bias

To test model-independence, the audit-and-mitigation pipeline is repeated across six
regressor families on the same fused features and tool split, varying only the regression
head (Table 16).

After each family’s best mitigation, worn-region under-prediction remains 69–127 µm
(mean 106 µm). SVR and MLP reduce the gap more than the tree ensembles but none
removes it (Figure 18); the higher baseline errors reflect the deliberately standardised
comparison protocol rather than a different conclusion.
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Table 16. Model-independence test on the test split. Every family is trained on the identical 596-
dimensional fused representation and the identical tool-level partition, so the regressor is the only
variable, and each receives its own independently screened mitigation. All six leave the worn region
substantially under-predicted, with a residual gap of 69–127 µm. Values are from a single run at the
base seed (42); each family receives its own screened mitigation. Across the six families the baseline
worn-MAE averages 124µm and the residual gap 106µm. The per-family mitigation was screened on
the test partition, under the oracle protocol of Section 5.2, so the mitigated figures are upper bounds.

Model Baseline Worn-MAE Mitigated Worn-MAE Reduction Residual Gap
(µm) (µm) (µm)

XGBoost 133 118 11% 118
Random Forest 147 125 15% 125
LightGBM 135 127 6% 127
CatBoost 143 118 17% 118
SVR 94 79 16% 78
MLP 92 79 14% 69

Residual gap range (mean) 124 69–127 (106)

Figure 18. Residual high-wear bias across six regressor families before and after each family’s
best mitigation.

Whether the differences between families can be distinguished from random variation
is a question the single-run comparison above cannot settle. The comparison was therefore
repeated over three random seeds, redrawing the resampler perturbations, the model
initialisations, and the stochastic subsampling at each repeat; Table 17 reports the mean
and standard deviation across repeats. The residual signed gap spans 92–155µm across
all families and seeds, with a mean of 124µm against a true worn-region mean of 239µm,
and the largest within-family standard deviation is 16.7µm. The persistence of the gap
is therefore an order of magnitude larger than the seed-to-seed variation and cannot be
attributed to random initialisation. Two features of the table warrant comment. The mean
un-mitigated worn-region error of these comparison families is 144µm, well above the
85.5µm of the documented model, which accounts for their larger residual gaps; and for
one family (LightGBM) the mitigation pipeline increased the worn-region error on average.
Neither observation weakens the conclusion. Both indicate that the limiting factor lies in
the data rather than in the choice of estimator or mitigation method.

https://doi.org/10.3390/ai7100400

https://doi.org/10.3390/ai7100400


AI 2026, 7, 400 25 of 36

Table 17. Seed sensitivity of the model-independence test. Each family was screened and re-fitted
under three random seeds; values are mean ± standard deviation in µm. Residual gap is the signed
worn-region under-prediction remaining after that family’s own best mitigation. All settings match
Table 16, but values are the mean ± standard deviation over three seeds (42–44), so the baselines
differ from the single-run figures in Table 16. The MLP is the most seed-sensitive family, so its
three-seed baseline mean (205.4µm) sits well above its single-run value (92µm). Screening used the
test partition (oracle protocol), as for Table 16.

Model
Baseline Worn-MAE Mitigated Worn-MAE Residual Gap Reduction

(µm) (µm) (µm) (%)

XGBoost 133.7± 2.4 126.7± 16.7 126.7± 16.7 5.3± 11.3
Random Forest 136.9± 1.9 136.8± 1.2 136.8± 1.2 0.0± 2.2
LightGBM 130.4± 1.3 148.5± 6.2 148.5± 6.2 −13.9± 5.0
CatBoost 142.8± 2.4 126.5± 5.8 126.5± 5.8 11.4± 3.1
SVR 113.9± 0.0 104.6± 6.8 104.6± 6.8 8.2± 5.9
MLP 205.4± 16.1 143.5± 1.3 103.4± 10.8 29.8± 5.7

Mean 144 — 124 —

6.15. Optimisation-Independence of the Residual Bias

The final control tests whether dedicated optimisation can close the gap. The model
was subjected to a systematic hyperparameter search including ℓ1 and ℓ2 regularisation,
and to two bias-aware loss functions designed to counter under-prediction. Table 18 reports
the worn-region MAE and mean prediction for each configuration.

Table 18. Optimisation-independence test: tuning and bias-aware losses do not reduce worn-region
MAE below the observed error floor.

Configuration Worn MAE (µm) Worn Prediction (µm)

Documented model (reference) 86 153
Tuned (worn-MAE optimal, ℓ1/ℓ2 searched) 113 126
Quantile loss, q = 0.5 92 147
Quantile loss, q = 0.7 87 152
Quantile loss, q = 0.9 85 306 (over-shoots)
Asymmetric loss, α = 3 124 116
Asymmetric loss, α = 6 134 105

No optimisation reduces worn-region MAE below about 85 µm. Tuning and asym-
metric loss worsen under-prediction, whereas q = 0.9 quantile loss overshoots the worn
mean to 306 µm without lowering MAE. Thus optimisation changes error direction but not
the persistent error floor.

Two qualifications attach to this result. The first concerns how the tuned configuration
was chosen. It was obtained by minimising worn-region error on the test partition itself
(Section 5.2). The figure it reaches is therefore an oracle bound, not an achievable operating
point. Read that way it is the stronger statement: even with full knowledge of the test
outcome, no configuration in the search brings worn-region error below about 80µm.
Apart from the q = 0.9 quantile configuration, which overshoots the worn mean to 306µm
without lowering the MAE, the highest worn-region mean prediction any configuration
reaches is 153µm against a true worn mean of 239µm. Repeating the search on the
validation tools alone returns the same configuration and the same error, so test-set selection
bought nothing here. The floor belongs to the data, not to the procedure that found it.
The second qualification concerns stability. Across random seeds the standard deviation of
worn-region MAE never exceeds 5.7µm, while the best and worst configurations differ by
49µm. The ranking is therefore robust.
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6.16. Accuracy–Target-Region Fairness Trade-Off (Objective 6)

Here, fairness means only target-region fairness: the worn-versus-healthy MAE dis-
parity, not demographic fairness [22]. Table 19 sweeps mitigation intensity and shows that
lower worn error is purchased with higher healthy-region error.

Table 19. Accuracy–target-region-fairness trade-off across mitigation intensity.

Mitigation Level
Overall Healthy Worn Disparity Worn Gap

(µm) (µm) (µm) (µm) (µm)

None (no weighting) 44.0 27.2 141.9 114.7 142
Conservative (Model 2) 30.9 21.3 85.5 64.2 85
SERA weighting 33.8 28.1 67.0 38.8 67
Combined (Model 3) 36.8 31.1 70.1 39.0 70

Conservative weighting (Model 2) captures most of the available high-wear improve-
ment at low healthy-region cost. More aggressive mitigation leaves a 67–70 µm residual
gap, and relevance weighting alone slightly outperforms the combined pipeline, showing
diminishing returns once data coverage becomes the binding constraint.

Reporting the trade-off is not the same as giving a practitioner a rule for navigating
it. To close that gap, the “honest” selection criterion of Section 5.6 is stated formally as a
scalar index. Let a candidate configuration be compared against a reference configuration,
and define the worn-region gain and the healthy-region cost of that candidate as

GW = MAEref
W −MAEcfg

W ,

CH = MAEcfg
H −MAEref

H .
(3)

GW is the improvement in worn-region error relative to the reference model, while CH
is the increase in healthy-region error caused by the candidate configuration. The trade-off
index is their weighted difference,

J(λ) = GW − λ CH, λ ≥ 0. (4)

Here λ is the relative penalty assigned to healthy-region degradation (the proxy for
an unnecessary stop) per unit benefit from reducing worn-region error. A candidate is
preferred when J(λ) > 0. The cost ratio at which that preference reverses follows directly:

λ∗ =
GW
CH

, CH > 0. (5)

The value of λ comes from the operating context, not from the data. When a missed
replacement is much more costly than an unnecessary stop, λ should be lower; when
unnecessary stops carry greater relative cost, λ should be higher. Written this way, choosing
a mitigation intensity becomes a single comparison: set λ from the shop floor, and prefer a
candidate when its break-even ratio λ∗ exceeds the chosen λ.

Applying Equations (3)–(5) to Table 19, with Model 2 as the reference, yields an explicit
ranking of the available configurations. Relevance-based (SERA) weighting alone gives

GW = 18.5µm,

CH = 6.8µm,

λ∗ =
18.5
6.8
≈ 2.7,

so
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J(λ) > 0 for all λ < 2.7.

The combined pipeline gives

GW = 15.4µm,

CH = 9.8µm,

λ∗ =
15.4
9.8
≈ 1.6,

giving

J(λ) > 0 only for λ < 1.6.

The comparison also brings out a relation the aggregate figures leave buried. On every
metric in Table 19, relevance weighting on its own beats the combined pipeline: worn-
region MAE 67.0 versus 70.1µm, healthy-region MAE 28.1 versus 31.1µm, overall MAE
33.8 versus 36.8µm, and disparity 38.8 versus 39.0µm. It therefore dominates the combined
pipeline at every value of λ. The reason is that the stages interact. Resampling and
relevance weighting both push predictions upward in the worn region, so applying them
together overshoots in the healthy region without buying any further worn-region gain.
Picking the best method at each stage and composing them, as Section 5.6 does, therefore
need not produce the best composite. For this dataset we recommend the single-stage
relevance-weighted configuration. The full lifecycle pipeline remains valuable, but as a
diagnostic: it shows how far the complete toolkit can go.

6.17. Per-Material Analysis: CK45 and the Data-Adequacy Contrast

One methodological point must be stated before the result. The CK45-only experiment
does not use the partition of Section 5.2. A CK45-only split constructed on the same
principle would place every high-wear tool in a single partition and leave the training set
with no worn cuts at all, making the audit impossible to compute. The experiment therefore
uses a CK45-specific tool-wise split in which high-wear tools appear in both the training
and test partitions. No cut is shared between partitions and no cut-level leakage occurs,
but the two experiments are not directly comparable in absolute terms, and the comparison
below should be read as a contrast in the direction of the effect rather than in its magnitude.

A CK45-only experiment tests whether material mixing causes the bias. The model
is retrained and audited using a tool-wise CK45 split with high-wear tools represented in
both partitions (Table 20).

Restricting to CK45 improves aggregate MAE (30.9→ 26.1 µm) but worsens the worn
gap (85→ 106 µm), because it removes scarce high-wear examples contributed by the other
material. The result therefore supports data availability, not material heterogeneity, as the
main constraint.

RVS304 provides the complementary case: its tools are concentrated below about
210 µm, leaving too few high-wear cuts for an independent audit. This absence itself
illustrates why algorithmic mitigation cannot replace missing high-wear observations.

Table 20. Per-material analysis: CK45-only training improves aggregate accuracy but increases
high-wear bias as worn-sample coverage decreases.

Metric Multi-Material (Model 2) CK45 Only

Overall MAE (µm) 30.9 26.1
Healthy MAE (µm) 21.3 18.1
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Table 20. Cont.

Metric Multi-Material (Model 2) CK45 Only

Worn MAE (µm) 85.5 106.4
Disparity (µm) 64.2 88.3
Worn: true→ pred (µm) 239→ 154 240→ 134
Worn gap (µm) 85 106

6.18. Synthesis: A Data-Limited Bias (Objective 6)

Overall, a 30.9 µm aggregate MAE coexists with an ≈85 µm high-wear under-
prediction. Lifecycle mitigation reduces but does not remove it, and the residual persists
across model families and optimisation settings.

Having held the data and the fused representation fixed while varying the model
family, the mitigation strategy, the hyperparameters, and the loss function—and having
observed worn-region error of similar magnitude throughout, under-predicting in every
configuration except the q = 0.9 quantile loss, which reverses the sign by overshooting
without reducing the error—the most parsimonious explanation remaining within the space
of interventions tested is the sampling of the data itself. Section 6.21 states the boundary
conditions of this inference. The high-wear regime is too sparsely and unevenly sampled
for any model to learn the mapping reliably; the information needed for accurate high-wear
prediction is not present to be recovered. The per-material analysis of Section 6.17 reinforces
this directly: restricting the model to a single material increases rather than decreases the
gap, and the material lacking high-wear data cannot be audited at all.

Within that scope, the bias is therefore data-limited rather than model-reducible.
The practical consequence for predictive maintenance is concrete: the protocol developed
here—audit the high-wear bias, exhaust the lifecycle mitigation toolkit, and test the residual
against model family and optimisation—allows a practitioner to determine when a bias
is reducible by algorithmic means and when it is not. When, as here, the bias survives
every algorithmic intervention, effort is better directed upstream, toward balanced and
representative high-wear data collection at the acquisition stage, than toward further model
or loss engineering. The same procedure applies to any new material or operating condition:
it will reduce the bias but, absent adequate high-wear data, will not remove it.

Two further trade-offs bear on whether the framework is deployable, not merely
accurate. The first is between accuracy and interpretability. The fused model combines
hand-crafted sensor descriptors with a frozen image representation, and that choice was
deliberate. The sensor half of the feature vector consists of named physical quantities,
so a process engineer can read a per-feature attribution directly. The activations of an
end-to-end network offer no such reading. The cost is that the image half stays opaque:
the 512-dimensional representation cannot be interrogated feature by feature. What the
design buys is partial interpretability, not full transparency. For the human-in-the-loop
deployment described in Section 1 we judge that acceptable, but it is a trade rather than a
free property.

The second trade-off is between the benefit of fusion and what it costs to compute.
Every cut requires one ResNet-18 forward pass and the extraction of 84 statistical and
spectral descriptors from five channels. The return is 20.5µm of aggregate test error against
the image-only baseline (Table 5). On modern hardware that cost sits comfortably inside
the cycle time of a milling pass, so the exchange is favourable at the scale studied here. It
would not automatically hold on a high-throughput line running inference at every pass
across many spindles. There the limiting term is the sensor-feature extraction, not the
network forward pass.
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6.19. Limitations

Five limitations bound the interpretation of the results reported above.

1. Sample scarcity in the target region. The worn stratum of the test partition contains
58 of 396 cuts, of which 4 exceed 300µm and 1 exceeds 450µm. The training partition
contains 78 cuts above 200µm and 57 above 300µm. Every worn-region statistic
in this paper therefore rests on tens rather than hundreds of observations, and the
highest-wear bins in particular should be read as indicative. This scarcity is not
incidental to the study—it is the phenomenon under investigation—but it limits the
precision of the estimates that characterise it.

2. Oracle selection. As stated in Section 5.2, the mitigation composition of Model 3
and the tuned configuration of Section 6.15 were selected on test-partition metrics.
Their reported performance is an upper bound. The audit, the per-bin and per-tool
decompositions, and the decision-level analysis involve no such selection.

3. A single fixed partition. All results derive from one tool-level split. The per-tool
decomposition of Table 7 shows test-set MAE ranging from 9.6µm on Set 9 to 50.3µm
on Set 16, a spread of the same order as the mean, so a different assignment of tools to
partitions would shift the headline figures appreciably. Repeated tool-level resampling
would quantify this and is left to future work.

4. The clipped target. The regression target is clipped at 450µm. The single test cut
whose true wear is 750µm is therefore outside the range the model was trained to
represent at all, and its error is reported against both conventions in Section 6.11.

5. Overfitting on a small corpus. With 501 training cuts and a 596-dimensional represen-
tation, overfitting is a live risk. It is directly observable in the image branch, whose
validation error reaches its minimum of 28.71µm at epoch six and rises to 52.2µm by
epoch fourteen. The fused model shows a smaller validation-to-test gap of 1.5µm,
but the margin is thin enough that the regularisation settings of Appendix A should
be regarded as load-bearing rather than incidental. The risk is the one identified
generally for multimodal models trained on limited industrial corpora [46], and it is
the reason the reliability of the model is assessed here by region-stratified audit rather
than by aggregate error alone.

6.20. Sensitivity Analyses and the Boundaries of the Present Evidence

The results above rest on a set of methodological choices whose influence has been
tested to differing depths, and it is worth stating plainly how far that testing goes.
The model-independence and optimisation-independence comparisons have been repeated
across random seeds, and the dispersion reported in Table 17 is an order of magnitude
smaller than the effect under study. The bootstrap intervals of Tables 6 and 13 establish that
the sign and rank of the per-bin bias are not artefacts of sampling. Four further sensitivities
remain untested, and each is identified here so that the strength of the conclusion can be
judged against them.

1. Mitigation hyperparameters. Each resampler and the post-hoc recentring is reported at
a single configuration. The persistence of the residual gap across three structurally dif-
ferent pre-processing methods, two in-processing weightings, and a post-processing
correction is indirect evidence that the conclusion is not configuration- specific, but it
is not a substitute for a sweep across each method’s principal parameters, and no such
sweep is reported here.

2. Within-branch composition. The ablation of Table 9 removes feature groups but
does not probe inside either branch: the image representation is treated as a single
block, and the sensor descriptors are not separated into time- and frequency-domain
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components. The relative contribution of the two modalities is therefore established;
the internal structure of each is not.

3. The mechanism of the material effect. Section 6.17 attributes the widened gap un-
der CK45-only training to reduced worn-sample count. This is consistent with the
sampling argument of the paper but is not isolated experimentally: a controlled com-
parison at matched worn-sample count would be required to separate sample scarcity
from any genuine difference in the identifiability of wear features across materials,
and that comparison is not performed here.

4. Partition dependence. Every figure derives from a single tool-level split. The per-
tool dispersion reported in Section 6.6 shows that a different assignment of tools
to partitions would move the headline values appreciably, and repeated tool-level
resampling—leave-one-tool-out over the thirteen retained tools—would quantify this
directly. It has not been performed, and the single-split limitation stands.

None of these four bears on the direction of the finding, which is established by the
audit rather than by the mitigation experiments, and each is a matter of how tightly the
magnitude is bounded rather than whether the effect exists. They are nonetheless the
sensitivities a reader should weigh, and they are the first items in the programme of work
set out in Section 7.

6.21. Scope and Boundary Conditions of the Conclusion

The inference drawn above is conditional, and the conditions are worth stating pre-
cisely. Three elements were held fixed throughout: the MATWI corpus and its tool-level
partition; the 596-dimensional fused representation formed from 512 ResNet-18 image
features and 84 force, acceleration, and acoustic features; and the clipped 450 µm regression
target. Within that setting, four factors were varied—the regressor family (six families,
Section 6.14), the mitigation stage and method (Section 6.12), the hyperparameter con-
figuration, and the training objective (Section 6.15)—and none removed the directional
high-wear error.

What follows is that the bias is not reducible by the interventions tested. What does
not follow is that it is irreducible in principle. Several directions were not attempted and
could plausibly alter the picture: alternative image backbones or learned sensor encoders in
place of the frozen ResNet-18 representation; generative or physics-informed synthesis of
high-wear samples; domain adaptation across tools or workpiece materials; and additional
sensing modalities such as spindle current or thermal imaging. Each of these changes the
representation or the data rather than the estimator, and the present evidence speaks only
to the estimator.

The representation carries limitations of its own, and three are characteristic of multi-
modal industrial data. The first is missing modalities. One force channel is inactive for a
substantial minority of cuts, so those records are imputed rather than measured and the
sensor branch works from a partly reconstructed input. The second is representational
loss. The acoustic and force features are hand-crafted summaries, not learned encodings.
Information in the raw waveform may therefore never reach the fused vector, and tran-
sient events such as edge chipping are the likeliest casualties. The third is sensor drift.
No correction is applied for slow instrumental change over a tool’s life. Gradual drift
in the accelerometer or force-table response is thus confounded with the gradual wear
it is meant to measure, and within a single tool run the two cannot be separated. Mea-
surement noise is not modelled separately; stochastic sensor noise is absorbed into the
hand-crafted descriptors and therefore remains an unquantified source of uncertainty in the
fused representation. These are properties of the available data and its representation, not
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of the models compared, and they are precisely the properties that a targeted acquisition
campaign would address.

Finally, the conclusion is specific to this corpus. MATWI is a single dataset of 13 usable
tools, and the high-wear regime is represented by 78 training cuts above 200 µm, of which
57exceed 300 µm and one exceeds 450 µm. A dataset with denser high-wear coverage
might well support accurate prediction where this one does not; establishing that is the
natural next step, and it is a data-collection step rather than a modelling one.

7. Conclusions
This study asks whether safety-critical high-wear under-prediction can be removed by

lifecycle mitigation or is constrained by the available data. The protocol combines signed
auditing, staged mitigation, and model- and optimisation-independence tests.

The audit’s most consequential finding is a decision-level one: at every maintenance
threshold evaluated—200, 300, and 350µm—no prediction from any of the three models
crosses the threshold, giving a 100% false-safe rate and a 0% false-maintenance rate on
the held-out tools. An aggregate mean absolute error of 30.9µm therefore coexists with a
system that would never once have triggered a replacement decision. The regional audit
found approximately 85 µm of high-wear under-prediction. Mitigation reduced but did
not remove the bias, while six model families retained a mean residual gap of 106µm in
the single-run comparison (Table 16), and 124µm averaged over three seeds (Table 17) and
optimisation tests retained an approximately 85 µm worn-region error floor.

Taken together, these results establish that the bias is data-limited under the rep-
resentation evaluated here. Having held the data and the fused feature representation
fixed while varying the model, the mitigation strategy, the hyperparameters, and the
loss function, and having observed worn-region error of similar magnitude throughout,
under-predicting in every configuration except the q = 0.9 quantile loss, which reverses the
sign by overshooting without reducing the error, the explanation that remains within the
space of interventions tested is the sparse and uneven sampling of the high-wear regime.
Section 6.21 sets out what was held fixed and what was not attempted, and the claim
should be read against those boundaries. The contribution is therefore a reproducible way
to distinguish model-reducible from data-limited bias and to identify when further tuning
should give way to targeted high-wear data collection.

The conclusion is limited to this dataset and representation: richer sensing or denser
high-wear data may change the result. Under the evaluated conditions, however, data
adequacy is the binding constraint. Future work proceeds along three lines. The first
completes the sensitivity programme identified in Section 6.20: hyperparameter sweeps
across the mitigation methods, a within-branch ablation separating the time- and frequency-
domain sensor descriptors, a matched-sample-size comparison isolating the mechanism of
the per-material effect, and leave-one-tool-out resampling to remove the single-partition
limitation. These tighten the bounds on the magnitude of the residual bias without altering
its direction, and they are the immediate next steps rather than long-term aims. The second
extends the protocol to additional datasets and materials and pursues targeted high-wear
acquisition along four concrete routes. (i) Accelerated tool-failure trials, in which inserts
are deliberately run to and beyond the replacement limit under controlled conditions,
would populate the 300–450 µm band that the present corpus represents with 57 training
cuts; this is the most direct remedy for the sparsity the audit identifies. (ii) Transfer
learning from related machining corpora would test whether high-wear structure learned
elsewhere is portable, and would separate representation limits from sample-count limits.
(iii) Generative or physics-informed synthesis of high-wear cuts would supply training
density where measurement is expensive, though it must be validated against the audit
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rather than against aggregate error, since a generator trained on the same skewed corpus
may reproduce its bias. (iv) An industrial pilot with human-in-the-loop verification would
establish whether the residual bias is operationally tolerable when an operator retains
the replacement decision, and would supply the real-world high-wear observations that
laboratory trials cannot. The third extends the study to fairness mitigation of the binary
inspection classifier, testing whether its discrete decision admits a fairer operating point
than the continuous regression branch.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/ai7100400/s1.

Author Contributions: Conceptualisation, M.N.A. and Z.A.F.; Methodology, M.N.A. and Z.A.F.;
Writing—original draft preparation, M.N.A.; Writing—review and editing, M.N.A., Z.A.F., M.A.F.
and E.H.; and Supervision, A.S. All authors have read and agreed to the published version of
the manuscript.

Funding: This research was funded by Innovate UK under High-Value Manufacturing Catapult
(HVMC) 2026/27.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The MATWI dataset analysed in this study is publicly available from
the source cited in [12]. All figures and tables were produced from the analysis pipeline described in
Section 5; the pipeline, including the feature-extraction, audit, and mitigation notebooks and the exact
tool-level partition used, is available from the corresponding author on request and will be deposited
in a public repository on acceptance. Further inquiries can be directed to the corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations
The following abbreviations are used in this manuscript:

AdamW Adam optimiser with decoupled weight decay
AI Artificial Intelligence
AI Act European Union Artificial Intelligence Act
ARIA Advanced Research and Invention Agency
AUC Area Under the Curve
CI Confidence Interval
CK45 CK45 carbon steel (workpiece material)
CNC Computer Numerical Control
CNN Convolutional Neural Network
GAN Generative Adversarial Network
IEEE Institute of Electrical and Electronics Engineers
IIoT Industrial Internet of Things

ISO/IEC
International Organization for Standardization
/International Electrotechnical Commission

JPEG Joint Photographic Experts Group
LLM Large Language Model
MAE Mean Absolute Error
MATWI Multimodal Automatic Tool Wear Inspection
MFCC Mel-Frequency Cepstral Coefficients
ML Machine Learning
MLP Multilayer Perceptron
MQTT Message Queuing Telemetry Transport
NaN Not a Number
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NIST National Institute of Standards and Technology
OECD Organisation for Economic Co-operation and Development
ResNet Residual Network
RGB Red–Green–Blue (colour image)
RMS Root Mean Square
RMSE Root Mean Square Error
ROC Receiver Operating Characteristic
ROGN Random Over-sampling with Gaussian Noise
RVS304 RVS 304 stainless steel (workpiece material)
SERA Squared Error-Relevance Area
SMOGN SMOTE for Regression with Gaussian Noise
SMOTER Synthetic Minority Over-sampling Technique for Regression
SVR Support Vector Regression
TAI Trustworthy Artificial Intelligence
WERCS Weighted Relevance-based Combination Strategy
XGBoost Extreme Gradient Boosting

Appendix A. Architecture, Hyperparameters, and Training Protocol
The settings listed below govern every result reported in Section 6. They are col-

lected here to provide a single reference for reproduction, complementing the procedural
descriptions of Section 5.

Table A1. Complete architecture, hyperparameter, and training-protocol settings.

Component Setting

Image branch (Model 1)

ResNet-18, ImageNet-initialised; AdamW; backbone
learning rate 10−4, head learning rate 10−3; weight
decay 10−4; cosine-annealing schedule; Huber loss
with δ = 20µm; early-stopping patience 8 epochs on
validation MAE; checkpoint saved at the validation
minimum (epoch 6)

Fused regressor (Models 2–3)

XGBoost quantile objective at q = 0.05, 0.50, 0.95;
800 estimators; learning rate 0.03; maximum depth
6; minimum child weight 4; subsample 0.8; column
subsample 0.7; ℓ1 = 0.1; ℓ2 = 1.0; early stopping
after 60 rounds on the validation tools; histogram
tree method

Comparison families (Table 16)

Trained on a log(1 + y) target; 400 estimators where
applicable; no quantile objective and no per-family
tuning, by design, so that the estimator is the
only variable

Inspection classifier
XGBoost; 600 estimators; maximum depth 5; positive
class weight 3.86; decision threshold 0.30 selected on
the validation split

Preprocessing
Median imputation of missing sensor features fol-
lowed by standardisation, both fitted on the training
partition only; regression target clipped at 450µm

Partition Tool-level: train {1, 5, 7, 8, 10, 12}; validation {6, 13,
15}; test {4, 9, 11, 16}

Randomisation Base seed 42; the seed-sensitivity analysis of Table 17
uses seeds 42–44
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