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Abstract

Stacked artificial neural network architectures have been proposed for industrial condition monitoring on the premise that adding
sequential learning stages improves predictive accuracy, yet this premise is rarely tested against simpler alternatives under
leakage-free, cross-validated evaluation. This study conducts a rigorous, block-aware empirical investigation of predictive fault
diagnosis on the benchmark UCI Condition Monitoring of Hydraulic Systems dataset (2,205 operating cycles, 17 multi-rate
sensors, four superimposed component-degradation labels). We first demonstrate that naive random cross-validation on this
dataset inflates reported accuracy by up to 26 percentage points relative to a block-aware (leakage-free) protocol, because the
dataset is organised as long contiguous condition blocks. Under the corrected protocol, we reproduce and stress-test the stacking
mechanism used by a representative elaborative stepwise stacked neural network (ESSANN) architecture from the recent
literature, implementing it faithfully as a deep-ensemble multilayer perceptron (MLP) with feature-concatenation stacking and a
boosting-style hard-example variant, and evaluate all architectures under 4-fold block-aware cross-validation with paired per-
fold robustness checks. Both neural stacking variants degrade accuracy relative to a single-stage MLP ensemble consistently
across every fold on both primary targets (valve condition, accumulator pressure), revealing that naive depth is not a principled
correction mechanism and is vulnerable to training-data starvation. In contrast, a two-stage Random Forest architecture and
Gradient Boosting, which stage learners on the complete training set every round, improve on the single-stage baseline
consistently across all folds on valve condition (Gradient Boosting: 98.1% + 1.1%, +11.3 points over Random Forest in every
fold), but the same improvement is not sign-consistent across folds for accumulator pressure, where no tested architecture reliably
outperforms a plain Random Forest baseline once fold-to-fold variance is accounted for. We further show that predictive entropy
from a deep ensemble is a well-calibrated, monotonic indicator of classification risk (100% accuracy in the lowest-entropy
quintile versus 41-63% in the highest), but that thresholds calibrated on training-set entropy are unusable in deployment, over-
flagging 94-98% of unseen samples as "uncertain"; calibrating instead on a held-out validation block reduces this to a deployable
44-60%. We conclude with a practical, evidence-graded architecture recommendation and a risk-stratified decision framework
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for confidence-gated industrial control actions.

Keywords

Predictive Maintenance, Hydraulic Power Units, Condition Monitoring, Uncertainty Quantification, Ensemble Learning,
Stacked Neural Networks, Industrial Internet of Things, Explainable Al

1. Introduction

Industrial automation increasingly relies on data-driven
condition monitoring to detect component degradation before
failure, reducing unplanned downtime and maintenance costs
[1-4]. Hydraulic power units (HPUSs) are acommon subsystem
in elevators, presses, and material-handling equipment [5].
Their failure modes are cooler fouling, valve wear, internal
pump leakage, and accumulator pressure losses. are individu-
ally well characterized but frequently co-occur, complicating
single-fault diagnostic approaches [6, 7].

A recent stream of work has proposed elaborative stepwise
stacked artificial neural network (ESSANN) architectures for
industrial automation, in which multiple multilayer perceptron
(MLP) stages are stacked so that the output of one stage is
propagated as input to the next, with the implicit assumption
that additional stages progressively correct the errors of earlier
ones [8]. This assumption that architectural depth alone im-
proves predictive performance is intuitive but, to our
knowledge, has not been directly tested against (a) leakage-
free evaluation protocols appropriate for block-structured in-
dustrial time-series data, or (b) simpler ensemble alternatives
evaluated under identical conditions. Reported gains for such
architectures are typically presented as percentage compari-
sons against conceptual or non-retrained baselines (e.g., ge-
neric blockchain or immune-system-inspired industrial con-
trol frameworks), rather than against standard machine learn-
ing baselines trained and evaluated on the same data with the
same validation protocol.

This paper addresses that gap directly. Using the publicly
available UCI Condition Monitoring of Hydraulic Systems
dataset [9, 10], the contribution of this work is as follows:

A naive random train/test split on the UCI Condition Mon-
itoring of Hydraulic Systems dataset is shown to inflate re-
ported accuracy relative to a block-aware (group-wise) split
that keeps each contiguous condition block wholly within one
partition. The inflation reaches 26.8 percentage points for in-
dividual target/model combinations, because the dataset is or-
ganised as long contiguous condition blocks; the same risk is
argued to apply to block-structured industrial process data
more generally.

The stacking mechanism at the centre of ESSANN-style ar-
chitectures is reproduced faithfully as a deep-ensemble MLP
with feature-concatenation stacking, together with a boosting-
style variant that specializes later stages on harder examples.
Under leakage-free evaluation, both variants underperform a
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single-stage MLP ensemble on the two targets with genuine
nonlinear structure — evidence that added depth alone is not
areliable correction mechanism and that later stages are prone
to training-data starvation.

Under 4-fold block-aware cross-validation with paired per-
fold checks, the same staged-correction idea implemented
with tree learners trained on the complete set at every stage
(two-stage Random Forest and Gradient Boosting) improves
on a single-stage baseline for valve condition in every fold,
but not consistently for accumulator pressure, where no tested
architecture reliably beats a plain Random Forest. This locates
the neural variants' failure in the choice of base learner and
training protocol rather than in the staging concept, and shows
that a per-target, repeated-CV validation is necessary before
any architectural advantage is claimed.

Ensemble predictive entropy is shown to rank-order classi-
fication risk well (near-perfect accuracy in the lowest-entropy
quintile, 41-63% in the highest), but an escalation threshold
taken from training-set entropy over-flags 94-98% of unseen
samples and is unusable in deployment; recalibrating the
threshold on a held-out validation block reduces flagging to a
deployable 44-60%. A confidence-gating procedure decou-
pled from the point-prediction model follows from this result.

2. Related Works

2.1. Data-Driven Condition Monitoring of
Hydraulic Systems

The hydraulic test-rig dataset used in this study was intro-
duced by Helwig et al. [10] and has since been used exten-
sively for fault classification benchmarking. Prior work has
applied gradient-boosted trees [6], convolutional neural net-
works on raw sensor streams [7], and hybrid signal-pro-
cessing/statistical-learning pipelines combining empirical
mode decomposition, PCA, and least-squares support vector
machines [5] to this dataset, generally reporting high (>95%)
classification accuracy. However, the evaluation protocols in
this literature are not always explicit about whether train/test
partitioning respects the block-structured, cyclically repeating
experimental design of the data; our results in Section 4.1 sug-
gest this is a material methodological concern for this dataset
and, plausibly, for other block-structured industrial datasets
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more broadly.

2.2. Stacked and Elaborative Neural
Architectures in Industrial Automation

Stacked generalisation, combining the outputs of several
base learners through a meta-learner, is a well-established en-
semble technique [11]. Its application to industrial automation
via architectures that stack multiple MLP stages, propagating
each stage's output as an input to the next, has been proposed
under names including elaborative stepwise stacked artificial
neural networks (ESSANN) [8]. This method reports favour-
able comparisons against conceptual baselines such as unified
artificial immune systems and blockchain-based cyber-threat
mitigation frameworks evaluated on different metrics (delay,
bandwidth, packet loss) rather than head-to-head predictive
accuracy on the same task and data. Our study complements
this literature by isolating the stacking mechanism itself and
testing it, on real sensor data, against machine-learning base-
lines trained under identical conditions.

2.3. Uncertainty Quantification for Industrial
Decision Support

Deep ensembles [12] and related techniques like Monte
Carlo dropout [13] provide practical epistemic uncertainty es-
timates without requiring a fully Bayesian treatment of net-
work weights. In industrial and safety-critical settings, well-
calibrated uncertainty is valuable not because it directly im-
proves point-prediction accuracy, but because it enables risk-
stratified decision-making like routing low-confidence cases

to human review or secondary instrumentation rather than act-
ing on an unreliable automated prediction [14]. This distinc-
tion, between uncertainty as an accuracy-improving mecha-
nism and uncertainty as a deployment-risk signal, is central to
the reframing of results we present in Section 5.

3. Material and Method

The proposed methodology comprises a leakage-controlled
pipeline for fault diagnosis in industrial hydraulic power units
[15, 16]. The UCI Hydraulic Systems dataset, containing
2,205 load cycles from 17 sensors sampled at three rates, is
first transformed through per-cycle feature engineering, pro-
ducing 187 standardised descriptors from sensor statistics.
Block-aware grouping subsequently encodes the four joint la-
bels into condition blocks while preventing duplicate cycles
from spanning training and testing partitions. A GroupK-
Fold/GroupShuffleSplit strategy with block-level isolation is
then applied to obtain a leakage-controlled evaluation set.
Candidate architectures, including logistic regression, random
forest, single-stage multilayer perceptron, and alternative
stacked ensembles, are evaluated using four-fold accuracy,
paired performance differences, entropy-quantile calibration,
and training-validation threshold transfer.

The resulting framework incorporates inference-time con-
fidence gating based on predictive entropy. Predictions below
the calibrated entropy threshold are automatically approved,
whereas uncertain predictions are escalated for human review,
secondary sensing, or conservative action. This decouples de-
cision routing from the post-prediction model and provides a
risk-aware mechanism for deploying automated fault diagno-
sis under uncertainty.

METHODOLOGY PIPELINE

UCI Hydraulic Systems dataset
2205 load cycles, 17 sensors at 3 sampling rates
(1/10/100 Hz), 4 Component-degradation labels +
Steady-53tate flag

l

Per-cycle Feature Engineering
11 statistical descriptors * 17 sensors -» 187-D
vector/oycle z-standardization fitted on TRAIN partition
only (no leakage)

l

Block-Aware Grouping
Run-length enceding of the 4 joint labels -> 194

condition blocks, block ID prevents near-duplicate
cycles spanning train/test

ﬁ

Leakage-Controlled Evaluation Split
GroupkFold/GroupShuffleSplit on Block D naive
random K-fold retained ONLY as 2 Leakage baseline

!

Candidate Architectures
Logistic Reg., Random Forest, single-stage MLP
ensemble Stacked-MLP V1 (concat), Stacked-MLP V2
{boosting-style) Two-stage RF+RF, Gradient Boosting

|

Evaluation & Uncertainty Calibration
4-fold accuracy + paired per fold difference, entropy-
quintile calibration, Training Vs Validation-block
threshold transfer

(a) Proposed methodology block diagram
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(b) Proposed confidence-gating flowchart

Figure 1. Proposed Methodology and Confidence-Gating Framework.

cooler, valve, internal pump, and hydraulic accumulator) was
3.1. Dataset quantitatively and independently varied across multiple sever-
ity grades. Seventeen sensors were recorded per cycle at three
We use the Condition Monitoring of Hydraulic Systemsda- ~ sampling rates (Table 1), yielding raw feature dimensionali-
taset (UCI  Machine Learning Repository, DOI ties of 6,000 samples/cycle for the six pressure sensors and
10.24432/C5CW21) [9]. The data were collected from a hy-  motor power, 600 for the two flow sensors, and 60 for the four
draulic test rig comprising a primary working circuit and a  temperature sensors, one vibration sensor, and three virtual ef-
secondary cooling-filtration circuit connected via an oil tank.  ficiency channels.
The system executed 2,205 repeated load cycles of 60 s dura-
tion, during which the condition of four components (i.e

Table 1. Sensor inventory and sampling characteristics.

Sensor code (s) Physical quantity Unit Sampling rate Samples/cycle
PS1-PS6 Pressure bar 100 Hz 6000

EPS1 Motor power A\ 100 Hz 6000

FS1-FS2 Volume flow L/min 10 Hz 600

TS1-TS4 Temperature °C 1 Hz 60

VS1 Vibration mm/s 1 Hz 60

CE Cooling efficiency (virtual) % 1 Hz 60

CP Cooling power (virtual) kW 1 Hz 60

SE System efficiency factor % 1 Hz 60

Four target labels are annotated per cycle: cooler condition ~ 90%, 100% of optimal switching behavior), internal pump
(3%, 20%, 100% efficiency), valve condition (73%, 80%, leakage (none, weak, severe), and accumulator pressure (90,
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100, 115, 130 bar). A fifth binary flag indicates whether
steady-state conditions were reached. Class distributions (Ta-
ble 2) show that cooler and pump-leakage labels are close to

balanced or moderately skewed, while valve condition is dom-
inated by the "optimal" class (51% of cycles).

Table 2. Target label distributions (n = 2,205 cycles).

Target Classes

Cooler condition (%) 3/20/100

Valve condition (%) 73/80/90/100

Pump leakage none / weak/severe

Accumulator (bar) 90/100/115/130

The dataset is organised as long contiguous blocks of con-
stant condition rather than randomised trials. Across all 2,205
cycles, we identified only 194 contiguous condition blocks
(mean block length approximately 11.4 cycles, with several
blocks exceeding 700 consecutive cycles for the cooler-con-
dition label). This block structure has immediate implications
for correct assessment, as described in Section 3.3.

3.2. Feature Engineering

Rather than operating on raw multi-rate sensor streams di-
rectly, we compute eleven per-cycle statistical descriptors for
each of the seventeen sensors: mean, standard deviation, min-
imum, maximum, median, range, skewness, kurtosis, mean of
the first 10% of samples, mean of the last 10% of samples, and
the difference between the two (an intra-cycle trend indicator).
This produces a 187-dimensional feature vector per cycle. For
six cycles in which the PS4 pressure sensor recorded a con-
stant value of zero throughout the 60 s window, skewness and
kurtosis are undefined (0/0); these values are set to zero, re-
flecting the absence of within-cycle variation rather than miss-
ing data. All features are standardized (zero mean, unit vari-
ance) using statistics computed on the training partition only,
in every experiment reported below.

3.3. Evaluation Protocol

The dataset is organised in contiguous condition blocks
(Section 3.1), thus a randomly shuffled k-fold split places cy-

cles from the same block in both the training and test partitions.

Adjacent cycles within a block are physically near-duplicates
in operating condition, so this constitutes a form of tem-
poral/condition leakage that inflates apparent generalization
performance. We therefore report results under two protocols
for comparison: (i) a naive random k-fold split (k = 4, shuf-
fled), representative of protocols not explicitly designed for
this block structure; and (ii) a block-aware (group) split, in
which entire contiguous condition blocks are assigned wholly
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Count per class

732 /732 /741
360/360/360/1125
1221/492 /492
808/399/399 /599

to either the training or test partition, implemented via scikit-
learn's GroupKFold and GroupShuffleSplit using a block
identifier derived from run-length encoding of the four target
labels jointly [17]. All architecture-comparison and calibra-
tion experiments (Sections 4.2-4.4) use the block-aware pro-
tocol exclusively.

3.4. Proposed Ensemble Architectures

We compare six model classes, all trained on the standard-
ized 187-dimensional feature vector:

Logistic Regression, as a linear reference model.

Random Forest (RF), 150-300 trees, as a strong non-neural
nonlinear baseline [18].

Single-stage deep-ensemble MLP: five independently boot-
strap-sampled and randomly initialized MLPs (two hidden
layers, 64 and 32 units), whose class-probability outputs are
averaged; predictive entropy of the averaged distribution
serves as the uncertainty estimate.

Stacked MLP, feature-concatenation variant (V1): a faith-
ful reproduction of the ESSANN stacking mechanism. Each
subsequent ensemble stage is trained on the full training set
augmented with the class-probability outputs of the previous
stage; at inference, a sample is finalized at the first stage
whose predictive entropy falls below a percentile-based
threshold, or at the final stage otherwise.

Stacked MLP, boosting-style variant (V2): as V1, but each
subsequent stage is trained only on the subset of training ex-
amples flagged as uncertain by the previous stage, in the man-
ner of staged boosting.

Two-stage Random Forest (RF+RF): as V1's architecture,
but with Random Forest as the base learner at both stages and
the second stage always trained on the complete training set.

Gradient Boosting (GB): 200 estimators, max depth 3,
learning rate 0.05, as a properly staged reference in which
every boosting round is fit on the full training set [19-21].

The primary architecture-comparison results (Section 4.2,
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Table 4) use 4-fold block-aware cross-validation (GroupK-
Fold on the block identifier defined in Section 3.3) with paired
per-fold robustness reporting; for tractability across six archi-
tectures and four folds, ensemble size is set to three members
per stage with 400 MLP training iterations, applied uniformly
across all ensemble-based architectures. An initial single-split
screening comparison (75/25 block-aware partition, five en-
semble members per stage, 600 MLP training iterations) is
used only for the calibration analyses in Sections 4.3-4.4, to-
gether with an additional held-out validation partition, as de-
scribed in Section 3.5.

3.5. Uncertainty Quantification and Calibration

For deep-ensemble models, predictive uncertainty for an in-
put x is the Shannon entropy of the ensemble-averaged class-
probability vector. H(x) = —Xi pi(x) log pi(x). For
Random Forest, the analogous quantity is computed from the
forest's internal tree-averaged class-probability output. We
evaluate calibration in two ways: (i) binning test-set predic-
tions into entropy quintiles and reporting empirical accuracy
per bin, to assess whether entropy rank-orders correctness;
and (ii) comparing an escalation threshold (the 60th percentile
of entropy) computed on training-set predictions against the
same percentile computed on a held-out validation block (20%

(a) Logistic Regression

1.0 1.0
0.9 0.9 1
g 0
s 0.8 © 0.8
e =
=1 =1
] g
<< <
0.7 0.7 A
0.6 0.6 1
mm Random split (leakage-prone) mmm Random split (leakage-prone)
B Block-aware split (no leakage) mmm Block-aware split (no leakage)
0.5 0.5

Cooler Valve Pump Accumulator

Leakage

of the training partition, disjoint from both training and test
blocks), to assess whether a threshold calibrated on already-
seen data transfers to unseen operating blocks [4].

4. Results

4.1. Evaluation Leakage Under Random
Splitting

Table 3 compares 4-fold cross-validated accuracy under
random versus block-aware splitting for Logistic Regression,
Random Forest, and the single-stage MLP ensemble, across
all four fault targets, using the full 187-feature representation.

The gap is largest for the valve and accumulator targets (up
to 26.8 percentage points for the MLP ensemble on valve con-
dition) and negligible for the near-saturated pump-leakage tar-
get. Cooler and pump-leakage classification are effectively
solved by all three model classes regardless of split protocol
and are therefore treated as sanity-check targets rather than
primary evaluation targets in the remainder of this study; valve
condition and accumulator pressure, which combine genuine
nonlinear structure with meaningful leakage sensitivity, are
used as the primary targets for architecture comparison.

(b) Random Forest

Accumulator

CotI)Ier Vaive Pump
Leakage

Figure 2. Random-split versus block-aware-split accuracy for (a) Logistic Regression and (b) Random Forest, across all four fault targets.

Table 3. Random-split vs. block-aware-split accuracy (4-fold CV, mean + SD).

Target Model Random-split acc. Block-aware acc. Gap (pts)
Cooler Logistic 1.000 £+ 0.001 0.980 +0.023 2.0
Cooler Random Forest 0.999 +£0.002 0.954 +£0.075 4.5
Cooler MLP ensemble 0.998 +0.002 0.966 + 0.049 32

Valve Logistic 0.926 + 0.005 0.697 +£0.161 229
Valve Random Forest 0.991 +0.005 0.869 + 0.067 12.2
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Target

Valve

Pump leakage
Pump leakage
Pump leakage
Accumulator
Accumulator

Accumulator

Model

MLP ensemble
Logistic
Random Forest
MLP ensemble
Logistic
Random Forest

MLP ensemble

Random-split acc.

0.917 +0.006
0.995 +0.004
0.996 +0.002
0.993 +0.006
0.945 +0.003
0.991 +0.003
0.963 +0.006

Block-aware acc. Gap (pts)
0.649 £ 0.145 26.8
0.989+£0.012 0.6

0.996 +0.003 0.0

0.983 +£0.012 1.0

0.831 £0.060 11.4
0.804 £0.119 18.7
0.807 £ 0.056 15.6

4.2. Architecture Comparison Under 4-Fold
Block-Aware Cross-Validation

An initial single-split comparison (75/25 block-aware par-
tition) suggested that both tree-staged architectures (RF+RF,
Gradient Boosting) improved on the Random Forest baseline
for both primary targets. Because a single split can overstate
or understate true architectural differences, particularly on a

(a) Valve condition

4-fold block-aware CV accuracy
< o o e o o
= in ) ~ =] 0

e
w
.

0.2-

MLP MLP stack

RF
(baseline)

T
MLP stack  RF+RF stack  Gradient
ensemble  (concat, V1) (boosted, V2) (full-data) Boosting

dataset with only 194 condition blocks of highly variable
length. We repeated the full six-architecture comparison under
4-fold block-aware cross-validation (GroupKFold, groups de-
fined identically to Section 3.3). For computational tractabil-
ity across six architectures and four folds, ensemble size was
reduced to three members per stage (from five) and MLP
training iterations to 400 (from 600); this reduction was ap-
plied uniformly to every ensemble-based architecture, pre-
serving the fairness of the comparison. Table 4 and Figure 3
report the resulting per-fold mean and standard deviation.

(b) Accumulator pressure

T
MLP MLP stack MLP stack  RF+RF stack  Gradient
ensemble (concat, V1) (boosted, V2) (full-data) Boosting

RF
(baseling)

Figure 3. 4-fold block-aware CV accuracy by architecture on (a) valve condition and (b) accumulator pressure. Bars show mean + SD across

folds; points show individual fold accuracies.

Table 4. Architecture comparison, 4-fold block-aware cross-validation (mean + SD across folds).

Accumulator accuracy

Mechanism

Architecture Valve accuracy
Random Forest (baseline) 0.869 + 0.067
MLP ensemble (single-stage) 0.629 +0.150
Stacked MLP, concatenation (V1) 0.606 +0.138

0.804 +£0.119 Single-stage
0.824 +0.069 Single-stage
0.813 +0.082 Full-data, 3 stages
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Architecture Valve accuracy Accumulator accuracy Mechanism

Stacked MLP, boosting-style (V2) 0.405 +0.103 0.619 +0.083 Shrinking-subset, 3 stages
Two-stage Random Forest (RF+RF) 0.888 £ 0.057 0.810+0.118 Full-data, 2 stages

Gradient Boosting 0.981+0.011 0.821+0.116 Full-data, staged residual correction.

Cross-validation confirms the single-split finding for valve
condition but substantially revises it for accumulator pressure.
On valve condition, the ranking is stable and well-separated:
Gradient Boosting (0.981 +0.011) and RF+RF (0.888 £0.057)
both clearly exceed the Random Forest baseline (0.869 +
0.067), while both neural stacking variants fall well below the
single-stage MLP ensemble (0.629 £0.150), with the boost-
ing-style variant (V2) collapsing to 0.405 #+0.103. On accu-
mulator pressure, however, the four best-performing architec-
tures (RF, MLP ensemble, V1, RF+RF, GB) all fall within a

narrow, heavily overlapping band of 0.804-0.824, with stand-
ard deviations (0.069-0.119) far exceeding the differences be-
tween their means; only the boosting-style variant (V2, 0.619
+0.083) is distinguishable from the rest.

To assess whether the apparent single-split advantages for
RF+RF and Gradient Boosting are genuine rather than an ar-
tifact of fold-to-fold variance, we compute paired per-fold ac-
curacy differences against the Random Forest baseline (Table
5).

Table 5. Paired per-fold accuracy differences vs. baseline (robustness check).

Target Comparison Per-fold differences Mean diff. Sign consistent across all folds?
Valve RF+RF — RF +0.007, +0.031, +0.013, +0.025 +0.019 Yes (all positive)

Valve GB — RF +0.038, +0.209, +0.049, +0.154 +0.113 Yes (all positive)

Valve V1 — MLP single —0.027,—-0.004, —0.049, —0.013 -0.023 Yes (all negative)

Valve V2 — MLP single -0.279, —0.093, —0.370, —0.156 —0.224 Yes (all negative)

Accumulator RF+RF — RF +0.018, —0.007, 0.000, +0.013 +0.006 No (mixed sign)

Accumulator GB — RF +0.027, —0.024, +0.009, +0.058 +0.018 No (mixed sign)

Accumulator V1 — MLP single —-0.013, +0.018, —0.016, —0.034 —-0.011 No (mixed sign)

Accumulator V2 — MLP single —0.127,-0.294, -0.201, —0.198 -0.205 Yes (all negative)

On valve condition, every comparison is sign-consistent
across all four folds: RF+RF and Gradient Boosting improve
on the Random Forest baseline in every single fold, and both
neural stacking variants degrade relative to the single-stage
MLP ensemble in every fold. This is strong evidence that these
differences reflect genuine architectural properties rather than
sampling variance. On accumulator pressure, only the boost-
ing-style variant's degradation (V2 vs. MLP single) is sign-
consistent; the RF+RF and Gradient Boosting improvements
over the Random Forest baseline are not -- each is positive in
some folds and negative in others, with a mean difference
small relative to the fold-to-fold standard deviation. We there-
fore do not claim that RF+RF or Gradient Boosting reliably
outperform a plain Random Forest on the accumulator target;
the honest conclusion is that no tested architecture reliably
beats the Random Forest baseline on this target, and that ac-
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cumulator pressure classification is substantially more sensi-
tive to which operating blocks happen to fall in the training
versus test partition than valve condition is. This instability is
itself consistent with the entropy-calibration and threshold-
transfer findings in Sections 4.3-4.4, which independently
identify accumulator pressure as the less stable of the two pri-
mary targets under block-wise distribution shift.

The feature-concatenation and boosting-style neural stack-
ing mechanisms fail for the same underlying reasons on both
targets. For V1, concatenating a previous stage's probability
outputs as additional input features to a freshly initialized net-
work does not constitute a genuine correction mechanism; the
new network must relearn the underlying decision boundary
from a randomly initialized state, and the added features pro-
vide limited additional signal. For V2, restricting each subse-
guent stage's training set to a shrinking pool of hard examples
induces severe data starvation in later stages, which is the
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dominant cause of its more pronounced and consistently neg-
ative degradation on both targets. In contrast, the two-stage
Random Forest and Gradient Boosting architectures stage
learners on the complete training set at every round; this is the
more defensible design, and it is the design that produces a
robust improvement -- but only on the target (valve condition)
where the underlying classification problem itself is stable
across operating blocks. This isolates the failure of the neural
variants to the specific combination of base learner and train-
ing protocol used in ESSANN-style stacking, while also
showing that even a well-designed staged architecture cannot

manufacture a reliable improvement on a target whose diffi-
culty is dominated by block-to-block distribution shift rather
than by within-block nonlinearity.

4.3. Calibration of Predictive Uncertainty

Independent of whether escalation to a subsequent stage im-
proves point predictions, we evaluate whether ensemble pre-
dictive entropy is a reliable indicator of classification risk.
Test-set predictions from the single-stage MLP ensemble are
sorted by entropy and partitioned into quintiles (Table 6, Fig-
ure 4).

Table 6. Predictive-entropy calibration, single-stage MLP ensemble (test-set quintiles).

Entropy quintile Valve: mean entropy

0-20% (most confident) 0.002 0.989
20-40% 0.050 0.908
40-60% 0.298 0.724
60-80% 0.633 0.506
80-100% (least confident) 0.993 0.409

(a) Valve condition — entropy calibration
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Figure 4. Entropy-binned accuracy for (a) valve condition and (b) accumulator pressure. Bars indicate mean predictive entropy per bin (vight

axis).

Accuracy declines monotonically with entropy quintile for
both targets, from near-perfect (98.9-100%) in the lowest
quintile to 40.9-62.5% in the highest. This confirms that en-
semble predictive entropy rank-orders classification risk reli-
ably, independent of the stacking-mechanism findings in Sec-
tion 4.2 -- i.e., the model can correctly identify which of its
own predictions are untrustworthy even when it cannot correct
them through additional stacked stages.
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4.4. Calibration Threshold Transfer

A practical escalation or confidence-gating mechanism re-
quires selecting an entropy threshold above which a prediction
is flagged for secondary review [4]. We compare a threshold
computed from the 60th percentile of training-set entropy
(available without any held-out data) against the same percen-
tile computed on a held-out validation block, disjoint from
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both the training and test partitions (Table 7, Figure 5).

Table 7. Escalation threshold value and resulting flagging rate on the test set.

Target Threshold source

Valve Training-set entropy (60th percentile)
Valve Validation-block entropy (60th percentile)
Accumulator Training-set entropy (60th percentile)
Accumulator Validation-block entropy (60th percentile)

Threshold value % of test set flagged “uncertain”
0.138 98.4%
0.734 59.9%
0.111 94.3%
0.712 44.3%

Effect of calibration source on the proportion of test samples flagged for review

98.4%

100

o]
o
L

59.9%

(=]
o
1
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|
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o
1

Valve
condition

mm Threshold from training entropy (miscalibrated)
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94.3%

Accumulator
pressure

Figure 5. Effect of calibration source on the proportion of test samples flagged for secondary review.

Thresholds computed from training-set entropy are system-
atically too low, because the model is more confident on data
resembling its own training distribution than on genuinely un-
seen operating blocks; this results in 94-98% of test samples
being flagged “uncertain,” rendering the confidence-gating
mechanism practically useless (almost nothing would be auto-
approved). Calibrating the threshold on a held-out validation
block -- itself unseen during training, structurally identical to
the test set -- reduces the flagging rate to 44.3-59.9%, a pro-
portion consistent with the entropy distribution actually ob-
served on unseen operating blocks and therefore usable as an
operating point for a real deployment. We note that, in a sep-
arate single-split RF+RF experiment used specifically to iso-
late this threshold-transfer effect, final classification accuracy
was similar under both thresholds, because the second-stage
model performed comparably on both the genuinely hard and
the merely training-miscalibrated portions of the flagged set;
the calibration correction is nonetheless necessary for the flag-
ging decision itself to be actionable and interpretable by a con-
trol-room operator, independent of its effect on point-predic-
tion accuracy.
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5. Discussion

These results carry four implications for the design of Al-
enabled instrumentation and control systems for industrial
condition monitoring.

First, the evaluation protocol is not a secondary methodo-
logical detail on block-structured industrial datasets -- it de-
termines whether reported accuracy reflects genuine generali-
sation to new operating conditions or merely interpolation
within an already-observed condition block. A gap of up to
26.8 percentage points between random and block-aware
splitting (Section 4.1) is large enough to change a reported re-
sult from state-of-the-art to mediocre. We recommend that fu-
ture work on this and structurally similar datasets (e.g., other
cyclically repeated industrial process datasets) report block-
aware or group-aware validation explicitly, and that reviewers
treat near-ceiling accuracy on such datasets with appropriate
scrutiny absent an explicit accounting for block structure. This
recommendation is not new in principle: leakage from naive
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random splitting is a documented driver of inflated, non-re-
producible results across machine-learning-based science
generally [15], and group-aware cross-validation for data with
temporal, spatial, or hierarchical dependence has been an es-
tablished methodology in ecology and spatial statistics for
over a decade [16]. What this study adds is a concrete demon-
stration that the same failure mode, at a magnitude large
enough to overturn a state-of-the-art claim, is present in a
widely used industrial condition-monitoring benchmark
whose block structure has not, to our knowledge, been explic-
itly flagged in prior applications of this dataset (Section 2.1).

Second, architectural depth in stacked neural networks is
not, by itself, a correction mechanism. The original motivation
for elaborative stepwise stacking -- that each additional MLP
stage progressively refines the prediction of the previous stage
-- requires either (a) that later stages receive genuinely new
information not available to earlier stages, or (b) that later
stages are trained in a manner that specifically targets the ear-
lier stage's errors without starving the training process of data.
This requirement echoes Wolpert's original formulation of
stacked generalisation [11], in which the meta-learner is de-
liberately trained on out-of-fold predictions so that it learns to
correct genuine generalisation error rather than simply mem-
orising the base learner's in-sample outputs -- a safeguard that
neither the feature-concatenation nor the boosting-style vari-
ant tested here implements, since both train each subsequent
stage on in-sample outputs from the preceding stage. Neither
condition was met by the feature-concatenation or boosting-
style variants tested here, and both consequently degraded ac-
curacy relative to the single-stage ensemble consistently
across every cross-validation fold on both classification tar-
gets (Table 5). Notably, the same staging principle succeeded
when implemented with Random Forest [18] or Gradient
Boosting [19, 20], both of which stage learners on the com-
plete dataset every round and use base learners well suited to
structured, engineered tabular features -- but, as discussed
next, this success was itself target-dependent. Practitioners de-
signing staged/stacked architectures for industrial tabular sen-
sor data should therefore treat tree-based staging as the safer
default choice over neural stacking, reserving the latter for set-
tings where the input modality (raw waveforms, images, or
genuinely sequential/temporal structure not captured by per-
cycle statistical features) favours representation learning that
trees cannot perform.

Third, an architecture's advantage on one fault target does
not automatically transfer to another target within the same
dataset and sensor suite, and single-split evaluation can ob-
scure this. Gradient Boosting's superiority on valve condition
is robust: it wins in every cross-validation fold by a wide mar-
gin (mean +11.3 points over Random Forest, minimum +3.8
points). On accumulator pressure, the same architecture's ap-
parent advantage in the initial single-split experiment (+3.9
points) was not reproduced consistently under 4-fold cross-
validation (mean +1.8 points, sign-inconsistent across folds) -
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- the honest conclusion is that no architecture tested here reli-
ably improves on a plain Random Forest for this target. This
asymmetry is diagnostically informative rather than merely
disappointing: it indicates that accumulator-pressure misclas-
sification is driven substantially by block-to-block distribu-
tion shift (different operating blocks produce systematically
different sensor signatures for the same nominal pressure class)
rather than by within-block nonlinear structure that a more ex-
pressive or better-staged model could exploit. Comparable in-
stability has been reported for other industrial multiclass fault-
classification problems characterised by high-dimensional,
nonlinear, and nonstationary sensor signals, where hybrid sig-
nal-decomposition and shrinkage-based pipelines have been
proposed specifically to counter this kind of variability [5],
suggesting that accumulator-pressure-like targets may be a re-
curring rather than idiosyncratic challenge in industrial condi-
tion monitoring rather than an artefact particular to this dataset.
Architecture selection for industrial condition monitoring
should therefore be validated per fault target, not assumed to
transfer from one component's diagnostic model to another's,
even within the same physical system and feature set. We re-
gard this as a broadly applicable methodological caution: sin-
gle train/test splits, even when block-aware, are insufficient to
establish that an architectural improvement is genuine, and re-
peated or k-fold evaluation with explicit paired-difference re-
porting (as in Table 5) should be treated as a minimum stand-
ard for architecture-comparison claims in industrial informat-
ics, consistent with broader recommendations for cross-vali-
dation under structured dependence [16].

Fourth, predictive uncertainty and predictive correction are
distinct capabilities that should not be conflated in system de-
sign. Ensemble entropy is a reliable indicator of when a mod-
el's prediction should not be trusted (Section 4.3), independent
of whether the model architecture can act on that signal to im-
prove the prediction itself (Section 4.2), and independent of
whether that architecture's advantage is robust across folds
(this section, above). For safety- and cost-relevant industrial
control decisions, this distinction motivates a two-part deploy-
ment architecture: a calibrated confidence estimate used
purely as a routing/gating signal (auto-approve high-confi-
dence predictions; route low-confidence predictions to human
review, a secondary sensor, or a more conservative default
control action), decoupled from whichever point-prediction
model achieves the best accuracy. Critically, the threshold de-
fining that routing boundary must be calibrated on data dis-
joint from training (Section 4.4); calibrating on training data
alone can render the mechanism non-functional in deployment
even though the underlying uncertainty ranking remains valid.
This training-versus-deployment miscalibration gap echoes a
broader, well-documented finding that modern neural net-
works tend to be poorly calibrated even when highly accurate,
motivating dedicated post-hoc calibration procedures in the
wider machine-learning literature [17]. Deep ensembles [12]
and Monte Carlo dropout [13] are both commonly presented
as practical remedies for this miscalibration, and our results
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support that framing at the level of uncertainty ranking; how-
ever, they also show that good ranking alone does not guaran-
tee a usable operating threshold without deployment-repre-
sentative calibration data, a distinction not always made ex-
plicit in industrial applications of these techniques [14].

6. Limitations and Future Work

This study has four principal limitations. The architecture
comparison rests on 4-fold block-aware cross-validation, but
the calibration analyses still use a single block-aware
train/validation/test partition, and the cross-validation config-
uration was deliberately reduced (three ensemble members,
400 iterations) for tractability; larger ensembles and a higher
fold count — for example leave-one-block-out or repeated k-
fold — would tighten the accuracy and calibration estimates,
most importantly for the accumulator target, where no archi-
tecture reliably beats a Random Forest given the observed
fold-to-fold variance. Feature engineering is also limited to
per-cycle statistical descriptors: frequency-domain features
(FFT, wavelet) that prior work found informative for this da-
taset were not evaluated and could shift the gaps between ar-
chitectures.

Two limitations bound scope rather than confidence. Only
two of the four fault targets (valve condition, accumulator
pressure) were used for architectural comparison, because
cooler condition and pump leakage are near-saturated across
all models; a multi-task formulation predicting all four labels
jointly — exploiting the label correlations noted in the prelim-
inary analysis — is a natural extension. Finally, the paper of-
fers an architectural guideline for confidence-gated control,
not a validated closed-loop system; a supervisory-control sim-
ulation that drives maintenance-alarm or setpoint logic from
confidence-gated forecasts, reporting false-alarm and missed-
detection rates against a fixed-threshold baseline, is the clear
next step.

7. Conclusion

This paper conducted a rigorous, leakage-aware, cross-val-
idated empirical evaluation of stacked and ensemble machine
learning architectures for fault diagnosis in industrial hydrau-
lic power units. We found that naive random-split evaluation
substantially inflates reported accuracy on this block-struc-
tured dataset (by up to 26.8 points). We also found that a faith-
fully reproduced neural stacking mechanism from the recent
ESSANN literature consistently degrades accuracy relative to
a single-stage ensemble across every cross-validation fold on
both primary fault targets, once evaluated under a leakage-free
protocol. The same staging concept succeeded when imple-
mented with tree-based learners staged on the complete train-
ing set, but only robustly so for one of the two targets studied
(valve condition): under 4-fold cross-validation with paired
per-fold robustness checks, Gradient Boosting improved on a
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plain Random Forest baseline in every fold for valve condition,
while no architecture tested reliably improved on the Random
Forest baseline for accumulator pressure once fold-to-fold
variance was properly accounted for. This target-dependent
result underscores that architectural comparisons in industrial
condition monitoring must be validated per fault target and
under repeated, block-aware cross-validation with explicit
paired-difference reporting. A single train/test split, even a
block-aware one, is not sufficient evidence of a genuine archi-
tectural advantage. We further showed that deep-ensemble
predictive uncertainty is well calibrated in rank on both targets
but requires validation-block calibration -- not training-data
calibration -- to be usable as a deployment-ready confidence-
gating signal. We recommend Gradient Boosting for targets
exhibiting robust nonlinear structure (exemplified here by
valve condition). A plain, well-tuned Random Forest as a safe
default where architectural gains do not replicate across folds
(exemplified here by accumulator pressure). A validation-cal-
ibrated ensemble uncertainty for confidence-gated routing of
low-confidence predictions to secondary review in both cases,
as a practical and evidence-supported basis for predictive con-
dition monitoring of industrial hydraulic systems. This paper
encourages the broader industrial-informatics community to
adopt block-aware, repeated cross-validation with paired ro-
bustness reporting as standard practice for cyclically struc-
tured process data [15, 16].

Abbreviations

HPU Hydraulic Power Unit

ESSANN Elaborative Stepwise Stacked Artificial
Neural Network

MLP Multilayer Perceptron

RF Random Forest

\"2! Stacked MLP, Feature-concatenation Variant

V2 Stacked MLP, Boosting-style Variant

RF+RF Two-stage Random Forest

GB Gradient Boosting

PS1-PS6  Pressure Sensors 1-6

EPS1 Motor Power Sensor

FS1-FS2  Volume Flow Sensors

TS1-TS4 Temperature Sensors

VS1 Vibration Sensor

CE Cooling Efficiency

CP Cooling Power

SE System Efficiency Factor

ucCl University of California, Irvine

PCA Principal Component Analysis

DOI Digital Object Identifier

Ccv Cross-Validation

SD Standard Deviation

Al Artificial Intelligence

FFT Fast Fourier Transform
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