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Abstract

Replacing a worn cutting tool with a nominally identical one in an unchanged
process is the most common cross-tool situation on a production line, yet a wear
model trained on a few labeled tools often fails on the next one, whose signal base-
line and initial wear differ. We remove these offsets in the data—initial-baseline
normalization of the sensor features, a relative wear target AVB, and intersection
feature selection across the training tools—so that a newly mounted tool needs
only a short calibration window and no adaptation training. With two training
tools, tool-grouped cross-validation has two folds and cannot tune model com-
plexity reliably. On the PHM 2010 milling benchmark such tuning selects almost
unregularized penalized regressions that collapse on the held-out tool (R? down
to —27), whereas criteria that need no held-out data—the predicted-squared-
error criterion of a polynomial induction network and the universal threshold
of the Lasso—select compact models that generalize. Under complete leave-one-
tool-out validation the polynomial network reaches R? = 0.8935 and 0.8743 on
two folds and fails on the third (—0.607); a five-coefficient Lasso and an untuned
tree ensemble match it on the primary fold, so we claim no accuracy advantage,
but its explicit terms allow the failure to be traced to interaction terms evalu-
ated outside the joint feature range of the training tools. A no-signal baseline
that replays the mean training wear curve is strong on average but reaches 38—
41 pm RMSE in the accelerated-wear stage, where the sensor-based model holds
9-10 pm.
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1 Introduction

Tool wear directly governs machining quality, throughput, and cost. Tooling accounts
for roughly 3-12% of total machining cost, but the indirect losses from unplanned
downtime, scrapped workpieces, and line restarts caused by tool failure are typically
several times larger [1, 2]. Most production sites still replace tools on fixed schedules or
operator judgment; the former leaves 50-70% of theoretical tool life unused, the latter
resists standardization. Sensor-based tool condition monitoring—mapping vibration,
force, or acoustic-emission signals to flank wear (VB)—is the widely pursued alterna-
tive [3-5], and deep learning models now routinely report high accuracy on single-tool
benchmarks.

The obstacle between such results and a deployable system is cross-tool gen-
eralization. Even nominally identical tools cut under identical conditions produce
systematically shifted signals, driven by edge-geometry microvariation, coating uni-
formity, and mounting offsets; in the PHM 2010 benchmark, the initial wear of three
same-specification tools already spans 23 pm. A model trained on some tools and
applied verbatim to a new one extrapolates badly and fails. Relabeling and retrain-
ing for every new tool is not economically viable, so the practical question is how a
trained model can absorb a new tool’s individual offset without retraining.

We argue this problem is routinely conflated with a harder one. Cross-condition
generalization—different speeds, feeds, or depths of cut—changes the signal physics,
and domain-adaptation networks that learn domain-invariant representations are a
reasonable answer there. Cross-tool generalization under fixed conditions is different.
Analytical wear models express the flank-wear rate as a function of the normal stress,
sliding velocity, and temperature at the tool-workpiece interface [6]; with the tool
specification, workpiece material, and cutting parameters held fixed, these quantities
remain in the same operating regime for every tool, so the dominant wear mechanism
is expected to be shared, and the tool-to-tool differences are expected to appear mainly
as systematic baseline offsets in the signals and a starting-point offset in the target.
In PHM 2010 this expectation is borne out by two of the three tools, whose total wear
increments differ by 0.31 pum despite a 23-um difference in initial wear (Section 5). It
is an assumption of the method rather than a guarantee: a tool whose degradation
departs from the shared regime violates it (Section 7). Offsets of this kind do not
require adversarial training to remove; they can be eliminated directly in the data.
Much of the literature does not separate the two settings [7, 8], which obscures both
what existing methods actually solve and how simple the fixed- condition problem can
be made.

This paper studies cross-tool wear prediction in the situation that is most common
on a production line: a worn tool is replaced by a nominally identical one while the
process is unchanged, and only a few wear-labeled tool histories exist. Its contribution



is a deployment protocol for that situation and an empirical account of what does and
does not work when the labeled history is this short, organized as three claims that
the experiments are designed to test.

1. Setting and calibration protocol. We define fixed-condition cross-tool predic-
tion (Section 3) and treat the tool-to-tool differences as offsets that are removed
in the data: initial-baseline normalization of the input features (each tool is cen-
tered on its own first passes), a relative wear target AVB (removing the target’s
individual offset), and intersection feature selection (IFS; retaining only features
that rank highly on every training tool). A newly mounted tool needs only a short
calibration window—signal statistics plus one initial wear measurement—and no
adaptation training on the new tool.

2. Model selection with two training tools. With two labeled training tools, a
validation split leaves one tool on each side and cross-validation over tools has two
folds. We show on PHM 2010 that tuning penalized regressions by such grouped
cross-validation can select almost unregularized models that collapse on the held-
out tool (R? down to —27), whereas criteria that need no held-out data—the PSE
criterion [9] for the polynomial network and the universal threshold for the Lasso—
select compact models that generalize (Section 6.5). Validation-set-free selection is
therefore presented as a property of the selection protocol, not as an advantage of
any one learner.

3. An auditable model with a characterized failure. The regressor is a Poly-
nomial Induction Network (PIN), a GMDH-descended self-organizing polynomial
network whose depth, node types, and coefficients are chosen by PSE and whose
output is an explicit polynomial. Under complete leave-one-tool-out validation on
the six public force and vibration channels it reaches R% = 0.8935 and 0.8743 on two
folds and fails on the third (—0.607). Validation-free sparse linear and tree baselines
under the identical pipeline match it on the primary fold, so we claim no accuracy
advantage for PIN; what it adds is a model whose every term can be inspected and
recomputed, and whose failure on the third tool we trace to the polynomial inter-
action terms being evaluated outside the joint feature range of the training tools
(Section 7). A no-signal baseline that replays the training tools’ mean wear curve
calibrates how much of the accuracy is attributable to sensing at all.

Hyperparameter search raises the primary fold to R? = 0.9398 (RMSE 11.46 pm)
with a 19-coefficient polynomial over 21 features; this is reported as search-evaluation
performance, since the same tool guided the search (Section 6). We do not position
the work as a leaderboard entry: published figures on this dataset are not protocol-
comparable (Section 2), and all baselines here are run under the identical pipeline.

The remainder of the paper is organized as follows. Section 2 reviews cross-tool
strategies, machine-learning wear prediction, polynomial networks, and model selec-
tion without held-out data, and maps the identified gaps to the three claims. Section 3
formalizes the problem and its working assumptions. Sections 4 and 5 describe PIN
and the data pipeline. Section 6 reports the diagnostic evolution, hyperparameter



search, full LOTO validation, model selection with two training tools, and the base-
lines. Section 7 reads the induced polynomial, analyzes the failed fold, and states the
limitations; Section 8 concludes.

2 Related Work

2.1 Cross-tool generalization strategies

Even under identical cutting conditions, nominally identical tools produce system-
atically shifted signals—edge-geometry microvariation, coating uniformity, mounting
offsets—so a model trained on some tools routinely fails on a new one. The dominant
response is transfer learning and domain adaptation: adversarial feature alignment for
tool condition monitoring [10], deep adversarial domain confusion with MMD align-
ment across machining processes [7], and attention-based adaptation of transferable
frequency components [8]. These methods share a structural deployment premise:
the new tool must first supply enough unlabeled signal for a domain alignment or
attention-calibration training procedure before prediction is possible. The pipeline pro-
posed here also requires a short initial window on the new tool, but uses it only to
record baseline statistics—no adaptation training runs on the target tool. The adap-
tation architectures are also MB-scale, multi-subnetwork, and effectively black-box. A
second line applies stochastic degradation models— multi-stage Wiener processes with
Bayesian online updating [11, 12] and interacting-multiple-model Kalman filtering [13].
These provide principled uncertainty quantification for remaining-life estimates but
are not designed for high-dimensional vibration feature spaces. Recent work continues
along both routes: feature decoupling with domain-adaptive representation learning
for cross-condition prediction [14], adversarial domain generalization that needs no
signals from the unseen condition but treats wear as a classification task [15], and
meta-learning that warms up on historical data and then fine-tunes on one to five
labeled trial cuts under the new condition [16]. On PHM 2010, Redjaimia et al [17]
name cross-tool variability as a central difficulty and address it with a physics-informed
health-indicator label and a multi-branch deep network. Closest in spirit to the present
work, Lim and Kim [18] argue that the healthy baseline shifts from one tool and
mounting to the next and rebuild a per-tool baseline from a short initial healthy seg-
ment, without fault labels, for wear diagnosis. The approach taken here is of that
kind: remove the cross-tool shift in the data itself (baseline normalization, AVB tar-
get, intersection screening) and fit a single explicit polynomial, so that a new tool
needs only a short calibration window: signal statistics for feature normalization, plus
a one-time initial wear measurement to anchor absolute VB—mno adaptation training.

Gap 1. Most of this literature either targets cross-condition transfer, which needs
signals or labels from the new condition, or does not separate the cross-individual case
under fixed conditions from it; the calibration-only case—same process, new tool—is
rarely defined and treated on its own.



2.2 Machine-learning tool-wear prediction

Sensor-based wear prediction has moved from hand-crafted features with shallow
regressors [3] to deep architectures on PHM 2010 and similar benchmarks [4, 5], and
more recently to multi-sensor fusion with graph neural networks and Transformers
that jointly regress remaining life and classify health state [19]. Two responses to the
cost of labeled data have emerged. One embeds physics: a thermo-mechanical force
model that includes wear reduces the dependence on large experimental datasets [20];
a fitted wear-evolution law fused with a data-driven model through a particle filter
enforces monotonic wear with few sensors [21]; and symbolic regression with recursive
updating yields interpretable closed-form expressions for wear prognostics [22]. The
other designs for few samples directly, for example stacked recurrent networks trained
on a few tens of samples [23]. Interpretability is pursued through explicit-formula
architectures: Kolmogorov—Arnold networks [24] applied to wear monitoring [25] and,
on PHM 2010, a BiILSTM-KAN model with SHAP-based feature refinement [26].

Gap 2. These studies report accuracy on single-tool or random splits far more
often than on held-out tools, and—whether the model is a deep network, a symbolic
expression, or a hybrid—they seldom state how model complexity was chosen when
only two or three labeled tools exist; the reliability of that choice is, to our knowledge,
not examined on PHM 2010.

2.3 Polynomial networks

GMDH [27, 28] introduced self-organizing polynomial modeling: layered low-order
polynomials whose structure, depth, and complexity are chosen by an external criterion
rather than by the analyst [29]. AIM [30] engineered this into richer node types,
the validation-set-free PSE criterion [9], and statistical coefficient pruning; machining
applications exist for drilling and milling tool life [31, 32], all in single-tool settings
(Section 4). The recently proposed KAN [24] shares the goal of accurate models with
explicit symbolic output via learnable spline activations, and has been applied to
tool wear monitoring [25], but published KAN studies remain single-tool; cross-tool
generalization of explicit-formula models is, to our knowledge, untested ground.

Gap 3. Explicit-formula models have not been evaluated under leave-one-tool-out
protocols, and when one of them fails on a tool, the mechanism of the failure is rarely
analyzed at the level of the fitted terms.

2.4 Model selection without held-out data

GMDH chooses network structure by an external criterion computed on a subsample
withheld from coefficient fitting [33], which is a validation split in all but name. The
alternative is to estimate prediction error from the training data with a complexity
penalty: Mallows’ C, [34], AIC [35], and BIC [36] charge each parameter a fixed
cost; PRESS [37] and generalized cross-validation [38] approximate leave-one-out error
in closed form without refitting; and the predicted squared error criterion [9] is the
member of this family used in GMDH-type networks, with an explicit prior-variance
term (Section 4.2). Efron [39] shows that such covariance penalties and cross-validation
[40, 41] estimate the same quantity, and that the penalties can have lower variance.



Two properties of cross-validation matter at small sample sizes: its estimates carry
large error bars when n is small [42], and using the same folds both to tune and to assess
a model gives optimistic estimates unless the tuning is nested [43]—which requires
more groups than three tools provide. In sparse regression, the universal threshold of
Donoho and Johnstone [44] sets the Lasso penalty from a noise-level estimate alone,
with no resampling. One caveat applies to all penalty criteria: an adaptive structure
search inflates the effective number of parameters beyond the raw count [45], so the
penalty is a lower bound on the complexity actually explored.

Gap 4. Tool-wear studies that tune model complexity almost always do so by cross-
validation, over passes or over tools; with two labeled training tools the former leaks
within-tool autocorrelation and the latter has two folds, and how either behaves in
this regime has not, to our knowledge, been tested against validation-free criteria on
a public wear benchmark.

2.5 PHM 2010 and comparability

On PHM 2010 itself, Martinez-Arellano et al [1] gave the first systematic account
of cross-tool heterogeneity: C1 wears fastest in the first ~20 passes yet ends with
the smallest total increment, and models trained on it transfer poorly. Our mea-
surements agree (Section 5), and the pipeline proposed here is a direct response to
that observation. Subsequent work spans CNN and hybrid deep architectures [4, 5]
and feature-selection-plus- optimization ensembles, e.g. XGBoost with PSO-optimized
components reporting R? > 0.96 [46]. We deliberately do not rank ourselves against
such figures: sensor channels (studies differ in whether they exploit the force, vibra-
tion, or acoustic-emission channels), feature pipelines, and train/test protocols differ
across papers, and the evaluation protocol of Lin et al [46] is not specified at the level
needed for a matched comparison. All results in this paper use the six public force
and vibration channels (excluding acoustic emission), and all baselines are run under
the identical pipeline (Section 6).

Gap 5. Published PHM 2010 cross-tool validations almost universally report only
the C14C4—C6 split, so the behavior of a method on the remaining folds—including
its failures—is left unreported.

Table 1 maps these gaps to the three claims of Section 1 and to the sections that
deliver the evidence.

3 Problem Formulation

Flank wear follows the classical three-stage pattern—break-in, steady-state, and accel-
erated wear—with the steady-state region covering roughly 70% of tool life and
carrying the practical value of prediction: tracking wear accurately enough to sched-
ule tool change before the accelerated stage. Cross-tool prediction is formulated here
as follows: given complete wear-labeled histories of a set of training tools, predict the
wear of an unseen tool of the same specification under the same cutting conditions,
using no wear labels from that tool beyond a short calibration window after mount-
ing. Throughout this paper, cross-tool therefore refers to different individual cutters of



Table 1 Research gaps identified in Section 2 and where this paper addresses them.

Gap

Response in this paper

Where

1: calibration-only cross-tool case
not treated on its own

2, 4: complexity selection with two
or three labeled tools not exam-
ined

3, 5: explicit-formula models not
evaluated leave-one-tool-out; fail-
ures unreported and unanalyzed

Claim 1: fixed-condition setting
defined; offsets removed in the data
with a calibration window and no
adaptation training

Claim 2: grouped cross-validation
vs. validation-free criteria compared
on all three folds

Claim 3: complete LOTO for PIN
and all baselines; the failed fold ana-
lyzed at the level of the fitted terms

Sections 3, 5

Sections 4.2, 6.5

Sections 6.3, 7

one nominal specification (same geometry, size, substrate grade, and coating designa-
tion), mounted on the same machine and cutting the same workpiece material with the
same parameters. It does not refer to tools that differ in material, coating, geometry,
or dimensions; what varies between tools is unit-to-unit variation from manufacturing
and mounting tolerances, which is observed only through its effect on the signals and
the wear trajectories (Section 5).

3.1 Degradation decomposition and the AVB target

For tool j at pass t we decompose flank wear as
VB, (t) = VBy ; + AVB;(t), (1)

where VBg ;, the mean wear over the first WiniT passes, is an individual constant
reflecting the as-manufactured edge state, and AVB;(¢) is the accumulated wear incre-
ment. The initial offsets differ substantially between individuals (44.15 to 67.64 pum
across the PHM 2010 tools, Table 2), but these differences stem from initial edge con-
dition, not from different wear mechanisms. Predicting AVB instead of absolute VB
therefore has three consequences. First, the model no longer has to learn each tool’s
starting point along with its wear progression; the individual offset is removed at the
source. Second, the target moves into the training domain: in VB space the test tool’s
upper range exceeds the training tools’ by tens of microns and the model must extrap-
olate, whereas in AVB space the test tool’s total wear increment exceeds the larger
of the two training tools’ by only about 0.3 um—essentially fully covered. Third, the
transformation is causally deployable: VBg ; is obtained by measuring wear over the
first WinrT passes of a new tool, requiring no knowledge of its future—the cost is a
one-time initial wear measurement per tool, not a relabeled training set. The match-
ing input-side correction—initial-baseline normalization of the features—is described
in Section 5.

3.2 Physical basis and working assumptions

The signal-side premise is the force-wear chain: as the edge dulls, contact area and
normal force grow (in the sense of Archard’s wear relation). This increased cutting



force is measured directly by the three-axis dynamometer, and also appears in the
vibration channels through the tool-spindle transfer dynamics [47]. Under fixed cut-
ting conditions this response is monotone for most amplitude-type features, which is
what licenses Pearson correlation as a lightweight, small-sample-stable ranking statis-
tic for feature screening even where the true relation is nonlinear. It also yields a
testable physical prediction—the feed direction carries the largest dynamic load, so
feed-direction (z-axis) force features should be the most wear-sensitive—that the
induced models can confirm or refute.

Three working assumptions underlie the pipeline, each falsifiable by the exper-
iments of Section 6. (i) Tools of the same specification, free of early abnormal
degradation, share the same wear dynamics; individual differences are confined to off-
sets, not mechanisms. This is a population-level assumption about quality-conforming
tools, and Section 6.3 shows both where it holds and where it breaks. (ii) Features
that correlate strongly with wear on all training tools are more likely to carry a
transferable wear signature than features that excel on one tool only—the premise of
intersection screening. (iii) The AVB transformation geometrically removes target out-
of-distribution risk, provided the test tool’s total wear increment does not exceed the
training tools’ coverage. None of these is asserted a priori; the staged experiments are
designed so that each assumption’s failure would be visible as a specific performance
signature.

4 Polynomial Induction Network

The Polynomial Induction Network (PIN) follows the self-organizing polynomial mod-
eling lineage of GMDH [27, 28] and its commercial successor AIM [30]. Abductive
polynomial networks have prior applications in machining: tool-life prediction in high-
speed milling [32] and in drilling [31]. These studies established the feasibility of
polynomial networks for tool wear modeling, but all operate on a single tool or
under fixed cutting conditions; cross-tool generalization was not addressed. This work
extends the approach to the cross-tool setting by combining PIN with the target
transformation and normalization strategy of Section 3 and the feature screening of
Section 5.

4.1 Kolmogorov—Gabor polynomial and network structure

PIN approximates the Kolmogorov—-Gabor polynomial
y=ao+ ) awi+ ) ) agma+Y > Y apmwwete,  (2)
i i g i § k

whose complete expansion is intractable in practice: a full second-order expansion of
the 306-dimensional feature set in this study already exceeds 47,000 terms, far beyond
the 630 available training samples. GMDH resolves this by a layered approximation:
each layer fits only low-order polynomials of two or three variables, and the outputs
of one layer become candidate inputs of the next, so that high-order interactions are
built up incrementally under a fixed sample budget [27].



A PIN network is composed of typed polynomial nodes. Normalizer nodes linearly
rescale each raw input, z = b+ wx, with the scale set from the feature—target correla-
tion; Unitizer nodes invert the scaling at the output. Between them, four functional
node types are searched:

e Single (layer L1): a cubic polynomial of one input, § = ag + a1o + asz? + aza® (4
coefficients). L1 identifies the single most predictive feature and its best nonlinear
mapping, and its selection is directly interpretable: if L1 selects the peak-to-peak
amplitude of the z-axis cutting force, the network is asserting that feed-direction
cutting-force amplitude is the strongest single indicator of wear.

¢ Double (L2+): a bivariate polynomial with cross term, § = ag + a12; + asx; +
azx;x; + a4x% + asxf + aex? + a7x§-’ (8 coefficients), extending the classical GMDH
quadratic element with pure cubic terms.

e Triple (L24): the analogous trivariate polynomial with all first- and second-order
terms plus the trivariate product and pure cubic terms (14 terms in total); more
expressive, but requiring more samples.

¢ White (L2+): a purely linear combination of m intermediate variables, § = ag +
Yo%, iz, which fuses signals from different physical channels in the manner of
multi-sensor fusion.

4.2 Validation-set-free model selection: PSE
Candidate nodes are ranked by the Predicted Squared Error criterion [9],

N
PSE = FSE + KP,  FSE = %Z(Qt —y)?, ~ KP=CPM- % o2, (3)
t=1
where K is the number of polynomial coefficients in the model, N the number of
fitting samples, 0127 an estimate of the model error variance that the implementation
derives from the training data by a fixed rule, so that no prior variance has to be
supplied by the user (the rule belongs to the proprietary implementation; see Code
availability), and CPM (complexity penalty multiplier) a hyperparameter controlling
the strength of the complexity penalty. FSE rewards fit; KP grows linearly with K
and penalizes over-parameterization, so minimizing PSE trades expressiveness against
generalization automatically.

The property of PSE that matters most in this application is that it requires no
validation set: the penalty term is computed on the training data itself. Classical
GMDH must split the data into a training set and a selection set [29], which is costly
when each tool contributes only 315 samples; PSE-based selection uses all training
data [30]. With only two training tools available, this is a structural advantage rather
than a convenience, and it is one of the three pillars of the proposed approach.

4.3 Coefficient carving and layered induction

Not every term of a candidate polynomial earns its place. PIN prunes coeflicients by a
t-statistic-guided rule (carving): the candidate is first fitted by ordinary least squares;



each coeflicient’s two-sided p-value is computed with N — K degrees of freedom; terms
with confidence below the carving level CL (i.e., p; > 1 — CL) are removed; and the
surviving terms are refitted. Two caveats keep this honest: successive passes of the
same tool are serially correlated, so the i.i.d. assumption behind these p-values does
not strictly hold, and the operating threshold found by the hyperparameter search
(CL = 0.75, i.e. retaining terms with p < 0.25) is far more lenient than conventional
significance levels. We therefore use the t-statistics as a confidence-guided pruning
heuristic—a principled way to rank and discard weak terms—rather than as formal
statistical inference. Every coefficient in the final polynomial corresponds to a term
that survived this screen, which keeps the model both compact and readable.

Network construction is a layer-by-layer greedy search (Fig. 1). Initialization com-
putes a floor PSE from the best single linear feature; any candidate must beat it to
survive. L1 fits a Single node to every input feature and retains the best survivors.
Each subsequent layer takes the original features plus all surviving nodes of previ-
ous layers as candidate inputs, searches Double, Triple, and White combinations, and
keeps nodes that improve the incumbent PSE. Induction stops when a preset maxi-
mum depth is reached or when no candidate improves PSE—the criterion’s judgment
that added complexity would no longer pay for itself.

PIN exposes four model hyperparameters (CPM; CL; maximum depth; L1 sur-
vivor count), each with a direct statistical meaning, plus two preprocessing parameters
introduced in this study (Winrr, the initial-baseline window, and 7T, the intersec-
tion screening threshold; Section 5). Training reduces to a sequence of OLS fits,
O(K?N + K?3): the full induction runs in about 300 s of wall-clock time on a laptop
CPU (Intel Core Ultra 5 125H, single-process Python implementation) with no GPU
or deep-learning framework. Inference is a single polynomial evaluation—under 1 ms
per sample with a sub-kilobyte parameter footprint—so the trained model can run on
edge hardware at the machine.

5 Data and Feature Engineering

5.1 PHM 2010 dataset

Experiments use the PHM 2010 milling dataset [48]: full life-cycle cutting on a Roders
Tech RFM760 high-speed CNC mill (down milling, 6-mm three-flute tungsten-carbide
ball-nose cutter, HRC52 stainless steel, 10,400 rpm, 1,555 mm/min feed, a,, = 0.2 mm,
a. = 0.125 mm, 315 passes per tool). All six cutters share this single specification; the
dataset documents no difference in material, coating, geometry, or dimensions among
them, so C1, C4, and C6 are three individual units of the same tool, in the sense of
cross-tool defined in Section 3. Three of the six tools (C1, C4, C6) carry flank wear
labels: after each pass, flank wear was measured optically on each of the three flutes,
and we take the maximum across flutes as VB. The public release contains seven
channels—three-axis cutting force, three-axis vibration (x/y/z), and acoustic-emission
RMS. All modeling here uses the six mechanical channels (force and vibration);
the acoustic-emission channel, whose frequency band and noise characteristics differ
markedly from the mechanical channels, is not used.

10
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Fig. 1 Layered induction in PIN. The K screened features (K = 21 in the optimal model) are
normalized (LO0); L1 fits a cubic Single node per feature and retains the top-s survivors (s = 10 here);
from L2 on, candidate inputs are the raw features (dotted arrows, schematic) plus all earlier survivors,
and PSE selects the node type (Double, Triple, or White). Each layer promotes its lowest-PSE nodes
(red dashed arrows); induction stops automatically once PSE no longer improves, and the Unitizer
rescales the output to AVB in pym.

Table 2 Wear statistics of the three
labeled tools (units: pm).

Tool VBO VBmax AVBmax

C1 56.74  172.69 115.95
C4 44.15  210.92 166.77
C6 67.64  234.72 167.08

The measurement system on this machine is described by Li et al [49] (Fig. 2): a
Kistler three-component platform dynamometer mounted between the workpiece and
the machine table measures the cutting forces, three Kistler piezoelectric accelerome-
ters and a Kistler acoustic-emission sensor are mounted on the workpiece, the channels
are digitized by a National Instruments data-acquisition system, and flank wear is
measured off-line with a LEICA MZ12 microscope. The PHM 2010 release itself con-
tains no photographs of the tools or of the worn cutting edges; the wear information
it provides is the per-flute VB value of every pass.

Table 2 shows the cross-tool heterogeneity that motivates the target transformation
of Section 3: the initial wear VB spans a 23-um range across tools, while the total

11
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Fig. 2 Experimental set-up of the source study on the same Réders RFM760 machine and sensor
system: cutter, workpiece, Kistler dynamometer, accelerometers and acoustic-emission sensor, and
the data-acquisition chain. Reproduced from Li et al [49] (their Fig. 2) under the Creative Commons
Attribution 3.0 United States License. The photograph documents the 2009 preparatory study of the
same group; its cutting parameters (23,600 rpm, two-flute cutter) differ from those of the PHM 2010
runs listed above.

wear increments AVBy,,, of C4 and C6 (the closer pair) differ by only 0.31 pm.
In VB space, by contrast, C6 exceeds C1l’s maximum by 62 pum, forcing polynomial
extrapolation exactly where it is least reliable. Validation follows a leave-one-tool-
out (LOTO) protocol (630 training / 315 test samples in every split): the test tool
contributes nothing to model training, feature screening, or the global normalization
statistics; its own first WiniT passes supply only its per-tool baseline (feature means
from signal, VB from wear measurement), mimicking the calibration a newly mounted
tool would receive in deployment.

5.2 Feature extraction and normalization

Each pass yields six channels of ~220,000 samples at 50 kHz. Per channel, 51 sta-
tistical features are extracted in three domains: 13 time-domain (mean, standard
deviation, RMS, peak-to-peak, shape / crest / impulse factors, skewness, kurtosis,
etc.), 8 frequency-domain (spectral centroid, RMSF, dominant frequency and ampli-
tude, spectral entropy, etc.), and 30 time—frequency features from a level-4 db4 wavelet
packet decomposition (16 sub-band energies, 8 sub-band RMS values, 4 sub-band kur-
toses, 2 packet entropies), for a total of 51 x 6 = 306 features. The full list is given in
the supplementary material (S1). At 10,400 rpm the tooth passing frequency is 520 Hz,
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Fig. 3 Per-pass wear trajectories of the three labeled tools. (a) Absolute flank wear VB: C1’s break-
in behavior (steep rise over the first ~25 passes, then a long plateau) is visually distinct from C4’s
and C6’s steadier increase. (b) Relative wear increment AVB: the three curves converge far more
closely, illustrating the target-transformation rationale of Section 3. Shaded bands mark the wear
stages used for the stage-wise error analysis of Table 9: early (passes 15-50), steady (50-250), and
accelerated (250-315); passes 1-14 contain the calibration window.

so each 1.56-kHz WPD sub-band spans roughly three TPF harmonics; the sub-band
RMS features that recur in the final models correspond to high-order harmonic bands.

Two normalization schemes are compared. Static z-scoring uses the global mean
and standard deviation of the training tools; if the test tool’s signal distribution is
shifted—as it is here—that shift passes straight into the model input. Initial-baseline
normalization instead centers each tool on itself:

(€ (1) — (€D
i(ct)(t) — z (t) Hinit , (4)
Oglobal

where ,ul(f:t) is the feature mean over the first Winir passes of tool C; and ogiobal is

fixed from the training tools. Operationally this amounts to a short calibration period
after tool change—run WinrT passes, record the baseline, and predict from deviations
thereafter—which is feasible on a production line and requires no prior data from the
new tool. The same “model the increment from an individual baseline” logic has a
precedent in battery cycle-life prediction [50].

5.3 Intersection feature screening

All 306 features track the same wear trend, so the feature set is highly collinear and
the covariance matrix is close to singular; screening is a necessity, not a refinement.
The obvious approach, ranking features by |r| (Pearson) against AVB on the pooled
training set, has a failure mode: a feature that ranks first on one tool and hundredth
on the other can still enter the top 50 on pooled statistics, yet its high rank reflects
one tool’s idiosyncrasies and transfers unpredictably.

13



The intersection feature selection (IF'S) used here keeps only features that rank
highly on both training tools: rank features by |r| separately on C1 and on C4, take the
top T of each, and retain the intersection. With T' = 75 this yields 37 features; at the
final operating point T' = 60 it yields 21. The rank correlation between the two tools’
feature orderings (Spearman p = 0.7150) is high enough for a stable intersection to
exist, yet low enough that intersection and pooled ranking select materially different
sets. The resulting features are cross-tool stable by construction: they are retained
because they correlate strongly with wear on two tools independently, which makes
them more likely to reflect a shared wear signature than single-tool accidents. Section 6
quantifies the effect (R? rising from 0.589 with pooled top-50 screening to 0.8935 with
intersection screening, all else equal).

The ranking statistic is a design choice, and a linear one. Section 6.3 (Table 6)
repeats the entire pipeline with Spearman’s p, mutual information, and the maximal
information coefficient (MIC) in place of |r|. None of them surpasses Pearson on more
than one fold, and MIC is uninformative on this benchmark: because the released
wear labels form a smooth, monotone series, any feature that is itself monotone in
pass count attains MIC ~ 1, which happens for 107-177 of the 306 features per tool,
so the top-75 ranking is decided by ties. Pearson |r| is retained.

6 Experiments and Results

Unless noted otherwise, models are trained on C1+C4 (630 samples) and evaluated
on C6 (315 samples), reporting R?, RMSE, and MAE on the test tool only:

> i (i — 9:)?

R? =1- &= ’_ RMSE =
Zi:l(yi - y)2

1 < A 1< )
02— 9% MAB = -3 lyi—gil, (5)
i=1

i=1

where y; and ¢; are the measured and predicted wear of pass ¢, § is the mean measured
wear of the test tool, and n is the number of test passes. R? is computed against
the test tool’s own mean, so R? < 0 means the model is worse than predicting that
constant. This split mimics the deployment case of predicting for a newly mounted
tool from existing tool histories; the remaining LOTO folds are reported in Section 6.3.
Because VBy is a measured per-tool constant, error metrics are identical in AVB and
reconstructed-VB space, and each is reported once. The test tool’s first WiniT passes
serve as its calibration window; headline metrics include them for comparability with
prior work, and Section 6.2 gives the excluded-window figures, which differ negligibly.

6.1 Diagnostic evolution

Rather than presenting the final configuration in isolation, we trace the sequence
of failures that produced it, since each step isolates one cause of cross-tool failure
(Table 3).

The static baseline (stage 1) fails outright: C6’s initial wear and signal level differ
from the training tools, so statically normalized features carry a systematic offset
and all models—PIN, linear regression, and SVR alike—score negative R?. Switching

14



Table 3 Diagnostic evolution on the C1+C4 — C6 split.

Stage Normalization =~ Target Features R? RMSE (um)
1 static z-score VB pooled top-50 —0.616 59.38
2 initial baseline VB pooled top-50 —2.354 85.54
3 initial baseline =~ AVB pooled top-50 +0.589 29.95
4 initial baseline ~AVB intersection (T'=75, 37) 0.8935 15.25
5 initial baseline ~AVB physical groups (10) 0.1083 44.11
Optimized initial baseline ~AVB intersection (7'=60, 21)  0.9398 11.46

target R? = 0.85

Optimized
intersection (T = 60, 21 features) 0.9398
Stage 4

intersection (T = 75, 37 features) 0.8935
Stage 3

initial baseline, target AVB

0.589

Stage 2 _
initial baseline, target VB 2354

Stage 1 _
static z-score, target VB 0.616

-25 -2.0 -1.5 -1.0 -0.5 0.0 0.5 1.0
R? on C6 (test tool)

Fig. 4 R? progression on the C1+C4 — C6 split across the diagnostic stages of Table 3 (Stage 5, a
failed side branch, is reported separately in the text and omitted here).

to initial-baseline normalization alone (stage 2) makes things worse (R? = —2.354):
with the signal offset removed, the target offset is exposed, and predicting absolute
VB forces the polynomial to extrapolate beyond the training range. Only when both
corrections are applied together—baseline normalization and the AVB target (stage
3)—does R? turn positive (0.589). The two distribution shifts must be treated jointly;
fixing either one alone is not merely insufficient but can be counterproductive.

Stage 3’s residual gap traces to feature screening: pooled Pearson ranking admits
features that rank highly on one training tool only. Replacing it with intersection
screening (stage 4; T = 75, 37 features, three layers) lifts R? to 0.8935. Stage 5 probes
the opposite strategy—one representative feature per physical mechanism group, 10
in total—and fails (R? = 0.1083): all ten representatives are amplitude-type statistics
tracking the same wear trend, with pairwise |r| > 0.927, so the design matrix is
nearly rank-one and OLS fitting degrades. High wear correlation is necessary but not
sufficient; the retained set also needs enough statistical diversity to keep the covariance
matrix well conditioned. Across all diagnostic stages on this split, the L1 seed is Ax_ptp,
the feed-direction cutting-force peak-to-peak value—a first-order interpretability check
that persists under every feature-engineering change (across all six main experimental
settings, including the other LOTO folds, it is selected in five; Section 7).
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Table 4 Layer structure of the optimal model (CPM=0.5, CL=0.75,
WintT=10, T=60).

Layer Node type Inputs Coefficients
L2 Triple Ax_std, Ax_wpd_el2, Ay_spec_mean 10
L3 (output)  Triple Az wpd_rms5, L2 output, Vy_std 9
Total (final model) 19

The layer-1 winner L1_S_Ax_ptp (cubic, 4 coefficients, PSE 94.40) guides the induction
but is not part of the final path; the full explicit model with all coefficients and scaling
constants is given in Supplementary Material S2.

6.2 Hyperparameter search and optimal configuration

Starting from the stage-4 configuration, a staged full-factorial search (56 runs) opti-
mizes the hyperparameters: Stage A sweeps CPM x CL (5 x 5, giving CPM* = 0.5,
CL* = 0.75, R? = 0.9151); Stage B sweeps Wixit x T (4 x 7, giving Wik = 10,
T* = 60, R? = 0.9398); Stage C confirms depth 3. The two stages contribute +0.022
and +0.025 in R? respectively. Tightening T from 75 to 60 shrinks the intersection
from 37 to 21 features, discarding exactly those whose ranks disagree most between
C1 and C4—the least cross-tool-stable members of the set.

The optimal model reaches R? = 0.9398, RMSE = 11.46 ym, MAE = 9.53 um on
C6—a relative error of about 6.9% of C6’s AVB range. Excluding the test tool’s cali-
bration window (passes 11-315), R? = 0.9353 and RMSE = 11.59 pum; we regard these
strictly out-of-sample figures as the operative result. The final model is a nesting of
two Triple nodes over five of the 21 screened features, 19 coefficients in total (Table 4):
an inner node combining the feed-direction force standard deviation (Ax_std), a feed-
direction force wavelet sub-band energy (Ax_wpd_e12), and the y-axis force spectral
mean (10 coefficients), and an output node combining that intermediate with a z-axis
force wavelet RMS and the y-axis vibration standard deviation (9 coefficients). The
layer-1 winner—the cubic seed on Ax_ptp that anchors the induction—is superseded
by richer combinations in deeper layers and does not appear in the final composition;
layer winners in GMDH-type induction are not necessarily nested. The full polynomial
is compact enough to print, which Section 7 uses for physical interpretation.

Two sensitivity observations matter for practice. First, depth: at stage-4 settings,
training PSE keeps falling through depth 4 and 5, but test R? collapses from 0.8935
(depth 3) to 0.0931 (depth 4)— the PSE minimum at depth 3 correctly identifies
the generalization optimum, which is the criterion behaving as designed. Second, the
baseline window: Wintr > 20 is broadly unstable, consistent with long calibration win-
dows absorbing early wear trend into the baseline and erasing the signal. An isolated
anomaly at (CPM=0.5, CL=0.80), where R? drops to —0.97 while both neighboring CL
values are normal, is noted as a sensitivity of the criterion at specific penalty—threshold
combinations (Section 7).
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Fig. 5 Optimal-model prediction on the C6 test set (CPM = 0.5, CL = 0.75, WiniT = 10, T = 60;
R? = 0.9398, RMSE = 11.46 pm, MAE = 9.53 um over all 315 passes). (a) Measured vs. predicted
VB with a 2RMSE band; (b) per-pass residual y; — g; (blue: underestimate, orange: overestimate).
The residual pattern is discussed in Section 7.

Table 5 Complete LOTO cross-validation (stage-4 settings; screening
re-run per fold) and baseline models under matched conditions.

Train Test Features R? RMSE (um)
C14C4  C6 37 0.8935 15.25
C14C6 C4 43 0.8743 13.66
C44+C6 C1 37 —0.607 35.21
SVR (RBF, tuned; optimal feature set, C6) 0.3566 37.47
Linear regression (same conditions, C6) —20.98 219.00

6.3 Leave-one-tool-out validation

Most published work on PHM 2010 reports only the C1+C4 — C6 split. We report
all three folds, each with independent intersection screening at the stage-4 settings
(Table 5).

Two folds generalize (R? > 0.87); one fails. The failure is specific to PIN rather
than to the tool: under the identical pipeline the no-signal template reaches 0.410 on
C1, a validation-free Lasso 0.488, and gradient boosting 0.720 (Table 7), so the wear
of C1 is learnable from C4 and C6. C1 does differ from the other tools—a steep rise
over the first ~25 passes, a long plateau, then late acceleration, with a total increment
(115.95 pm) that is 69% of theirs—but the PIN error is not concentrated where the
curve shape differs: 93% of the squared error falls after pass 200, and Section 7.3
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Fig. 6 Predicted vs. measured VB for all 315 C6 passes, colored by pass number; the dashed line
marks perfect prediction (y = z).

Table 6 Screening-statistic ablation: PIN R? per LOTO fold when the
per-tool ranking statistic of IF'S is replaced, with everything else
unchanged (stage-4 settings, T' = 75). Intersection size in parentheses.
MIC ties at 1.0 are broken at random; three seeds are shown. Pre-
registered criterion: a statistic replaces Pearson if it exceeds it by at least
0.05 on at least two folds; none does. Full results, including RMSE and
the calibration-window-excluded R?, are in Supplementary Material S5.

Ranking statistic Cl4+C4—C6 C14C6—C4 C44+C6—C1
Pearson |r| (used) 0.893 (37) 0.874 (43)  —0.607 (37)
Spearman |p| 0.850 (58) 0.897 (43)  —0.219 (47)
Mutual information 0.560 (54) 0.928 (563)  —3.116 (52)
MIC, tie-break seed 0 0.700 (29)  0.797 (25)  —0.503 (29)
MIC, tie-break seed 1 0.906 (31)  0.807 (28)  0.362 (28)
MIC, tie-break seed 2 0.832 (30) 0.775 (24)  —1.030 (30)

traces it to the polynomial’s interaction terms being evaluated outside the joint range
of the training features. The fold is also sensitive to the screening statistic (Table 6):
replacing Pearson’s |r| moves PIN’s C1 result between —3.1 and +0.36, while the other
two folds stay within 0.56-0.93. We regard reporting and analyzing this failure as part
of the validation, not a caveat to it.

Table 6 answers whether a nonlinear ranking statistic would improve the inter-
section. Spearman’s p and mutual information each win one fold and lose the others;
mutual information drops the primary fold to 0.560. MIC saturates: 166, 107, and 177
of the 306 features reach MIC > 0.999 on C1, C4, and C6 respectively, so its top-75
set is a random draw among tied features, and the three seeds span R? from —1.03
to +0.36 on C1. The spread across statistics is itself informative about the C1 fold,
which responds to the feature set far more than the other two folds do.
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Selection-bias disclosure.

The hyperparameter search of Section 6.2 used the C6 split for evaluation, and C6
is also the reported test set, so R? = 0.9398 carries selection bias. With only three
labeled tools this protocol is common in the literature, but we state it explicitly and
offer the C4 fold (R? = 0.8743), whose hyperparameters were not tuned for that tool,
as the conservative estimate of cross-tool performance.

6.4 Baselines and negative results

Under matched conditions (optimal feature set and normalization), tuned SVR reaches
R? =0.3566 (RMSE 37.47 ym, MAE 28.80 ym) and linear regression fails at —20.98
(RMSE 219.00 pm, MAE 145.34 pm; Table 5). The SVR was tuned by grid search over
(C,,¢e) with 5-fold cross-validation on the training tools (best: C=10, y=0.1, £=0.5;
CV R? = 0.573); the linear model is ordinary least squares with no regularization.
The intersection-screened feature space is highly collinear (mean pairwise |r| > 0.92),
which destabilizes plain OLS, while PIN’s layered induction with PSE-based stopping
navigates it.

To rule out the possibility that the linear failure merely reflects missing regular-
ization, and to answer whether the screening or the tuning protocol disadvantages
conventional learners, we run ridge, elastic-net or Lasso, and gradient-boosted-tree
baselines under the identical pipeline on all three LOTO folds in a 2 x 2 design: the
features are either the intersection-screened set of each fold or all 306, and the hyper-
parameters are chosen either by two-fold leave-one-training-tool-out cross-validation
(so no test-tool information enters the choice) or by a rule that needs no held-out
data—generalized cross-validation for ridge, the universal threshold for the Lasso
(Section 6.5), and library defaults for boosting. Table 7 reports the results together
with the two no-signal references defined in Section 6.6. All stage-4 baselines of Table 7
are produced by one script under one protocol; the SVR and OLS results of Table 5
were obtained separately at the optimal 21-feature setting.

Three results follow. First, screening does not handicap the conventional learners:
with cross-validated tuning, the all-feature variant beats the screened one by at least
0.05 on only one of the three folds for each of the three models. Second, the tuning
protocol matters more than the feature set: the validation-free Lasso beats the cross-
validated elastic net by at least 0.05 (the margin fixed in advance) on two of three
folds with either feature set, and does so with five to six non-zero coefficients on the
screened features. Third, and most important for how PIN should be read, on the
primary fold a five-coefficient Lasso (0.895) and an untuned gradient-boosting model
on all 306 features (0.897) match PIN (0.894); on C4, PIN is the highest of the sensor-
based learners (0.874), although the no-signal references exceed it there (0.938-0.949,
Section 6.6); and on C1 every conventional baseline except the degenerate ridge-GCV
fit on the screened features exceeds PIN. We therefore claim no accuracy advantage for
PIN over conventional learners on this benchmark. Ridge with GCV on the screened
features is a cautionary case rather than a bug: GCV selects an almost unregularized
penalty on 630 highly collinear samples and the fit collapses (—16.1 and —1414); we
report it rather than tune it away.
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Table 7 Reference baselines under the identical pipeline (stage-4 settings, AVB space,
R? per LOTO fold, all 315 passes). Columns: test tool of each fold. “Screened” uses the
intersection-selected features of the fold (37, 43, 37); “All” uses the 306 features.
Grouped CV = two-fold leave-one-training-tool-out; GCV = generalized cross-validation;
UT = universal threshold; the no-signal baselines use pass index only.

Screened All 306
Model Tuning C6 C4 C1 C6 C4 C1
PIN PSE 0.894 0.874 —0.607 — — —
No-signal template — 0.785 0.938 0.410 — — —
No-signal cubic — 0.780 0.949 0.433 — — —
Ridge grouped CV  0.032 0.839 0.315 —149.5 0.804 0.601
Ridge GCV —16.1 0.777 —1414 -145.3 0.717 0.817
Elastic net grouped CV  0.701 0.813 0.304 —2.28 0.808 0.653
Lasso uT 0.895 0.827 0.488 0.805 0.784 0.728
Grad. boosting grouped CV  0.758 0.828 0.720 0.882 0.803 0.509
Grad. boosting defaults 0.682 0.850 0.712  0.897 0.810 0.472

We also record a negative extension: appending 23 cross-channel ratio features (306
— 329 dimensions) and re-running the identical pipeline collapsed R? to 0.2985, as a
single admitted ratio feature displaced the L1 seed and re-routed the induction path;
the extension was discarded. No results from other datasets are reported in this work.

6.5 Model selection with two training tools

Claim 2 of Section 1 concerns the protocol by which model complexity is chosen, not
the model. With two training tools a tool-grouped cross-validation has exactly two
folds, each of which trains on a single tool. We test what this does to a model family
that is directly comparable to PIN: penalized regression on the degree-2 polynomial
expansion of the screened features (37, 43, and 37 features expand to 740, 989, and
740 terms; n = 630), fitted in three ways—Lasso and elastic net with the penalty
chosen by two-fold grouped cross-validation over a 25-point grid, and Lasso with the
penalty fixed by the universal threshold a = 6+/21np/n [44], where & is the residual
standard deviation of a ridge fit on the training data. Table 8 reports all three folds.

On the primary fold, cross-validation selects o =~ 0.027 for the Lasso and 0.003 for
the elastic net—38 and 469 non-zero terms—and both fits collapse on C6 (R? = —27.2
and —46.4); the universal threshold selects five terms and reaches 0.885. On C4 the
protocols agree (0.828-0.853), and on C1 the validation-free Lasso is again the better
of the two Lasso fits (0.426 vs. 0.379). The two-fold estimate misleads not because
cross-validation is wrong in principle but because each fold trains on one tool: the
tuning objective measures transfer from one tool to one other tool, which is exactly the
quantity that varies most between tools (Section 5), and small-sample cross-validation
carries large error bars in any case [42]. PSE selects the PIN network on the same 630
samples without any split and yields 0.894 on the same fold. The two validation-free
criteria therefore agree with each other and disagree with cross-validation. We read
this as evidence for the selection protocol, not for a particular learner: a five-term
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Table 8 Model selection with two training tools: R2 per LOTO fold (all 315 passes) for
penalized regression on the degree-2 expansion of the screened features, with the penalty chosen
by grouped cross-validation or by a validation-free rule, alongside PIN (PSE) and the no-signal
template. Columns C6, C4, C1: test tool of the fold. Last column: non-zero terms on the C6 / C4
/ C1 folds. Selected penalties, noise estimates, and the tuning grids of all baselines are in
Supplementary Material S6.

Model Penalty chosen by C6 C4 Cl Terms

Lasso, degree 2 2-fold grouped CV =~ —27.2  0.853 0379 38/34/5
Elastic net, degree 2  2-fold grouped CV. = —46.4 0.853  —1.73 469 / 34 / 315
Lasso, degree 2 universal threshold  0.885 0.828 0426 5/10/5
Ridge, linear (@ =1) fixed —6.44 0.820 357 37/43/37
PIN PSE 0.894 0874 —-0.607 —

No-signal template 0.785 0.938 0.410 O

Lasso chosen by a fixed rule is as accurate as the polynomial network on this fold, and
Table 7 shows the same for an untuned tree ensemble.

6.6 Where sensor-based prediction pays: no-signal baselines

Under strictly fixed cutting conditions, wear is strongly monotone in pass count, so
a baseline that ignores the sensors entirely is a mandatory control. We evaluate two:
a mean wear-curve template that predicts, at each pass, the average of the training
tools’” AVB values at that pass, and a cubic polynomial in pass index fitted to the
pooled training curves. Table 7 shows both are strong on average—stronger than
every conventional learner on two of the three folds—which calibrates how little of a
full-history R? on this benchmark is attributable to sensing per se.

Full-history R?, however, hides where the approaches differ. Table 9 breaks the
primary fold’s error into wear stages: the template is more accurate over the first ~150
passes, where every tool tracks the population mean, but its error grows to ~41 pym
RMSE in the accelerated-wear stage, because C6’s late-life wear exceeds the training
tools’ average and a pass-index replay cannot notice. The sensor-based PIN holds 9-
10 pm in exactly this stage—the region where tool-change decisions are made and
under-prediction is most costly. (The tuned configuration behaves the same: 9.97 vs.
37.87 pm.) The same analysis on the C4 fold gives the opposite outcome (template
11.8 vs. PIN 23.9 um in the accelerated stage): C4’s trajectory happens to lie close to
the mean of C1 and C6, so the template wins by geometric coincidence. The distinction
matters for deployment: a template’s accuracy depends on how closely the next tool
happens to track the historical mean—a condition unobservable in advance— whereas
a sensor-based model reads the individual tool’s actual state. With three labeled tools
we cannot quantify how often each case arises in a production population; we report
both.
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Table 9 RMSE (um) by wear stage on the primary fold
(C14C4—C6, stage-4 settings, calibration window excluded).

Stage (passes) PIN  No-signal template
15-50 (early) 10.94 4.65
50-150 (steady, first half) 22.11 7.01
150250 (steady, second half)  11.78 18.16
250-315 (accelerated) 9.15 40.94
All out-of-sample (15-315) 15.54 22.18

7 Discussion

7.1 Reading the induced polynomial

By interpretability we mean that the complete fitted model can be inspected, recom-
puted by hand from its printed coefficients, and traced back to the sensor features it
uses; we do not claim that every term carries its own physical meaning. Within this
scope we distinguish two levels of interpretability. At the first order, the L1 seed fea-
ture is directly readable against cutting mechanics, and we treat this as a genuine
explanatory claim. At higher order, the 1L2/L3 Triple nodes are fully visible polyno-
mials, but attributing a specific physical coupling to a given cross term would require
controlled experiments (e.g., modal analysis across cutting speeds) that this study
does not run; we report these as observations, not confirmed mechanisms.

At the first order, the L1 seed is Ax_ptp in five of six main experimental settings, the
one exception being a run where the training pair’s dominant axis shifted; this is the
peak-to-peak cutting force in the feed direction, and its dominance is consistent with
the feed direction carrying the largest dynamic cutting-force component as the edge
dulls (Section 3). We anchor this first-order claim on the layer-1 selection itself—the
strongest single feature the induction finds—since the final composition supersedes it:
the deployed model consists of two nested Triple nodes over five features, four from the
force channels (Ax_std, Ax_wpd_e12, Ay_spec_mean, Az_wpd_rms5) and one from vibra-
tion (Vy_std), with Ax_ptp absent from the final path (Section 6.2). Feed-direction
force features still dominate the composition. That both retained nodes resolve to
three-variable rather than two-variable forms indicates the wear-related information
is not captured by any single-channel or pairwise relationship alone. We note this as
an observation about model structure; we do not decompose the specific cross-terms
into individual physical couplings.

Reading Ax_ptp, the directly measured feed-direction cutting force, as an indica-
tor of the normal contact force in Archard’s relation is a qualitative, not calibrated,
correspondence: the dynamometer records the total feed-direction force, of which the
wear-driven normal component is one contributor, and edge geometry and spindle
dynamics also shape it; these factors are held constant under the fixed cutting con-
ditions used here, which is what licenses the interpretation in this study without
asserting it more generally.
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7.2 Observed sensitivities

A handful of empirical patterns are worth recording as observations, without claiming
a complete mechanistic account. The optimal baseline window (WiniT = 10) is small
enough to sit inside the break-in region rather than straddle it; windows that straddle
the break-in transition (e.g., Winrt = 20) show markedly degraded and unstable per-
formance, consistent with the baseline mean mixing break-in and steady-state signal
character. The complexity penalty and carving threshold interact non-monotonically
at one point in the search grid (an isolated collapse to R? ~ —0.97 at one combi-
nation, with both neighboring settings normal), which we attribute to the discrete,
threshold-driven nature of coefficient carving rather than to any flaw specific to this
dataset. Reducing ten highly wear-correlated features to a physically motivated repre-
sentative set (Section 6.1) failed because those features’ pairwise correlations exceed
0.9 and the resulting design matrix has an effective rank close to one; high correlation
with the target does not imply the statistical diversity a stable fit needs.

7.3 The C1 boundary

The one LOTO failure (Section 6.3) is a useful negative result rather than an anomaly
to be explained away, and its mechanism can be located in the fitted model. Three
candidate explanations were tested on the stage-4 network of the C44+C6—C1 fold,
retrained once so that its nodes could be instrumented; the criteria were fixed before
the tests were run, and the details are given in Supplementary Material S4.

Curve shape. C1’s wear curve does differ from C4’s and C6’s—a steep rise over
roughly the first 25 passes, a long near-flat plateau, then late acceleration—but the
error does not follow that shape. Over passes 16-200 the RMSE of the PIN prediction is
6-19 pm and these passes contribute 6% of the squared error, whereas passes 201-250
alone contribute 59% (RMSE 68 pm, mean overestimate 39 pum) and passes 251-315
a further 34%. A shape mismatch in the break-in region cannot explain an error that
appears 180 passes later.

Single-input effects. Three of the four inputs on the network’s path respond 1.3-2.6
times more steeply to wear on C1 than on the training tools (the fourth, slightly less),
so one might expect the model to read C1’s signals as more wear than has occurred.
Rescaling each input by the ratio of training to C1 slopes—an oracle correction that
uses C1’s labels and is not deployable—does not help (R? = —0.74), and neither does
removing the input clamp (—1.21): the clamp, which limits each input to its training
range before the polynomial is evaluated, protects the model rather than causing the
failure. PIN’s polynomial therefore does not extrapolate freely: inputs and output are
clipped to their training ranges by design, and on this fold 36 of the 315 predictions
sit at the output clamp.

Joint-range extrapolation. What changes after pass 200 is the combination of
inputs. The Mahalanobis distance of the four-input vector from the training tools’ dis-
tribution stays below the training maximum on every pass up to 200, exceeds it on
74% of passes 201-250 and on all of passes 251-315, and correlates with the absolute
error (Spearman p = 0.69 over passes 16-315; Fig. 7a). The leverage of each pass in
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Fig. 7 Absolute prediction error (shaded, left axis) and Mahalanobis distance of the network’s path
inputs from the training tools (line, right axis; dashed: maximum over the training passes) for (a)
the failed fold C44+C6—C1 and (b) the primary fold C1+C4—C6, stage-4 settings. On C1 the error
rises where the input combination leaves the training range; on C6 the distance exceeds the training
maximum on almost every pass, yet the prediction is accurate, so distance alone does not predict
failure.

the term space of the two Triple nodes tells the same story (p = 0.70 and 0.80). Indi-
vidually in range, the inputs jointly reach a region the training data never covered;
the interaction terms of the Triple nodes are evaluated there, and the prediction satu-
rates at the output clamp (AVB = 164.6 pm, the training maximum at Wit = 15;
Table 2 uses Winrr = 10) while the measured increment is 74-110 pm.

We state this as a correlation within the failed fold, not as a sufficient condition
for failure: on the primary fold the C6 inputs also lie outside the training range by
the same measure on 99% of passes (the C6 network uses 37 inputs, in which space a
new tool is almost always far from the training cloud), yet the prediction is accurate
(Fig. 7b). Distance from the training support therefore does not by itself predict
failure, and a label-free alarm built on it did not meet the false-alarm rate we had set
in advance (Supplementary Material S4). What the analysis does establish is where
PIN’s error on C1 comes from, and why bounded learners degrade more gracefully
on this fold: gradient boosting and the five-term Lasso remain at 0.49-0.72 (Table 7)
because their predictions do not depend on high-order interactions of inputs that have
left the training region together. The practical boundary is therefore a joint property
of the model class and the data: a polynomial with interaction terms should be trusted
only where the joint distribution of its inputs was sampled during training, and with
two training tools that region is narrower than the range of any single input suggests.

7.4 Limitations

The training set is 630 samples from two tools, small relative to typical deep-learning
benchmarks; all reported numbers are single-fold estimates, since three labeled tools
do not support a confidence interval on cross-tool generalization. All experiments use
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one machine, one tool geometry, one workpiece material, and fixed cutting parame-
ters. Transfer across cutting conditions is excluded by design rather than overlooked:
replacing a worn tool within an unchanged process is the most frequent cross-tool
situation on a production line, and it is the case in which the shared-mechanism
assumption of Section 1 is defensible. A joint cross-condition, cross-tool study would
require wear-labeled data over several cutting conditions and is left to future work.
This study uses the force and vibration channels but not the acoustic-emission signal
that a fuller sensor suite might exploit. PIN has not been shown to be more accurate
than sparse linear or tree-ensemble learners under validation-free tuning (Section 6.4);
its case rests on an auditable structure and on validation-free structure selection, not
on accuracy, and a practitioner who needs only the number may prefer the five-term
Lasso. Finally, the method has no built-in mechanism to signal, without labels, that a
new tool has entered a region where its prediction should not be trusted: the distance-
based alarm tested in Supplementary Material S4 was accurate on the failed fold but
raised alarms on almost every pass of a fold on which the prediction was correct, so a
usable version remains future work.

A property of the benchmark itself further bounds how the absolute errors should
be read. The wear annotations released with PHM 2010 are a smoothed series rather
than raw per-pass microscope readings: across the nine per-flute sequences of the three
labeled tools, none of the 2,826 successive transitions decreases, and the residual of
a seven-point moving quadratic fit has a standard deviation of 0.003-0.24 pym, that
is, 0.002-0.1% of the wear range and two to three orders of magnitude below the
repeatability of optical flank-wear measurement; two of the three flutes of C6 are
reproduced exactly by a piecewise-linear function with fifteen knots over 315 passes.
Checking against an independent public compilation of the same dataset confirms
that this smoothing is present in the released annotations and is not introduced by
our preprocessing. Because every study built on this benchmark inherits the same
targets, comparisons between methods are unaffected; the absolute errors reported
here, however, are measured against a smoothed target and would likely be larger
against raw per-pass readings.

8 Conclusion

We studied cross-tool flank-wear prediction in the case where the process is fixed and
only a few labeled tool histories exist, and organized the work around three claims.

First, the tool-to-tool differences that defeat a model trained on other tools can
be treated as offsets and removed in the data. Initial-baseline normalization of the
features, a relative wear target AVB, and intersection feature selection raised R? on
the primary PHM 2010 fold from —0.616 under static normalization to 0.8935, and a
newly mounted tool needs only a calibration window of signal statistics and one initial
wear measurement, with no adaptation training on that tool.

Second, with two training tools the choice of model complexity is the binding
constraint, and cross-validation is the wrong instrument for it. Tool-grouped cross-
validation over its two possible folds selected penalized regressions with 38-469 terms
that reached R? = —27 and —46 on the held-out tool, while two criteria that use no
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held-out data—PSE for the polynomial network and the universal threshold for the
Lasso—selected a five-term Lasso (0.885) and the polynomial network (0.894) on the
same fold. Validation-set-free selection is a property of the selection protocol, not of
the network.

Third, the polynomial induction network is an auditable model, not a more accu-
rate one. Under complete leave-one-tool-out validation it reached 0.8935 and 0.8743
on two folds—0.9398 on the primary fold after hyperparameter search, reported as
search-evaluation performance, in a 19-coefficient polynomial—and a five-coefficient
Lasso and an untuned gradient-boosting model matched it on the primary fold. Its
explicit structure made the third fold’s failure (—0.607) analyzable: the error lies not
where that tool’s wear curve differs in shape, but where the combination of its inputs
leaves the region the training tools covered and the interaction terms are evaluated
outside it. Bounded learners degrade more gracefully there; the trade is auditability
against robustness to joint extrapolation. The no-signal baseline calibrates all of this:
replaying the mean training wear curve is competitive on average, but its error grows
to 38-41 um RMSE in the accelerated-wear stage of a tool that wears faster than the
training mean, where the sensor-based model holds 9-10 pm—the regime in which
tool-change decisions carry the most risk.

The limitations—one dataset, three labeled tools, fixed cutting conditions, no
acoustic-emission channel, and a smoothed wear label—define the next steps: larger
multi-tool benchmarks, a joint cross-condition and cross-tool study, a reliable label-
free indicator of when a tool has left the training support (the distance-based alarm
tested here was not one), and prediction uncertainty rather than point estimates. No
results from datasets other than PHM 2010 are reported in this work.
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