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Abstract

Binary anomaly alarms are often insufficient for sensor systems because maintenance
actions depend on whether abnormal behavior is localized to a sensor channel or reflects
a process-level event. This paper proposes Hierarchical Residual Attribution with su-
pervised channel shortlisting (HRA-SL), a diagnostic framework for multivariate sensor
windows under a controlled injected-perturbation protocol. HRA fits calibration-based
cross-channel consistency residuals for source-level diagnosis; HRA + spectral is the main
source-diagnosis configuration; and HRA-SL adds supervised channel-candidate shortlist-
ing for affected-channel localization. The evaluation uses synthetic, UCI HAR, and UCI Air
Quality base signals with split-before-injection protocols over five seeds and five severity
levels. HRA + spectral improves source-level macro-F1 over statistical, spectral, statisti-
cal + spectral, tuned TCN-AE, tuned USAD-like AE, and GRU-AE reconstruction-feature
baselines, reaching 0.780 ± 0.028, 0.655 ± 0.017, and 0.554 ± 0.029, respectively. Ablations
show that HRA-Core carries most source-level signal, while residual-attribution features
support channel ranking and diagnostic interpretation. The fixed HGB HRA-SL localizer
reaches top-1 affected-channel localization of 0.916, 0.714, and 0.715. Under matched
target-channel supervision, HRA-SL is practically tied with AE-only HGB on synthetic
data (0.916 versus 0.918) and UCI HAR (0.714 versus 0.716), and is higher on Air Quality
(0.715 versus 0.652). It also improves over the strongest unsupervised tuned reconstruction
ranking baseline by 0.127, 0.357, and 0.048 top-1 under different supervision assumptions.
The study establishes a controlled-injection benchmark for reproducible sensor source diag-
nosis and affected-channel shortlisting on public base signals, providing pre-deployment
evidence that can be extended to field-fault studies with maintenance records.

Keywords: sensor fault diagnosis; residual attribution; multivariate time series; injected
perturbations; source-level macro-F1; affected-channel shortlisting; IoT sensing

1. Introduction
Sensor anomaly detection is commonly evaluated as a binary task: a multivariate

window is either normal or anomalous. For sensor-system operation, that answer is often
too coarse. A sensor-local fault such as drift, dropout, clipping, a time lag, or a noise-
floor change points toward maintenance, recalibration, or channel replacement. A process
fault instead suggests intervention in the monitored physical or environmental process.
The source of the anomaly therefore determines the response beyond the presence of
an alarm.
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This paper studies source-level diagnosis for multivariate sensor time series using a
reproducible injected-perturbation protocol. The task separates three decisions: detecting
whether a window is faulty, diagnosing whether the fault is sensor-local or process-level,
and shortlisting likely affected channels for sensor-local faults.

We propose Hierarchical Residual Attribution with supervised channel shortlisting
(HRA-SL), a diagnostic framework for this task. The framework separates three mod-
ules: HRA is the source-level residual-diagnosis component, HRA + spectral is the main
source-diagnosis configuration, and HRA-SL is the supervised shortlisting extension for
affected-channel localization. The HRA component learns normal cross-channel consis-
tency from calibration windows, computes residual attribution scores for each channel,
summarizes residual concentration and residual coherence, and concatenates these features
with a calibration-fitted HRA-Core diagnostic signature block. A diagnostic probe sepa-
rates normal, sensor-local, and process-fault windows. For the localization step, HRA-SL
treats each channel in a sensor-local training window as a candidate and learns a super-
vised shortlisting model from training-split target-channel labels. Figure 1 summarizes
the workflow.

Figure 1. HRA-SL diagnostic workflow. Controlled perturbations are injected into synthetic or
public base sensor windows. Calibration-fitted cross-channel consistency models produce HRA-Core
and residual-attribution features for source-level diagnosis. For sensor-local training windows,
target-channel labels supervise a channel-candidate shortlisting model, and the test split provides
localization metrics.

The validation scope is deliberate: controlled injected perturbations provide known
source and channel labels on public base signals, enabling repeatable diagnosis tests before
field-fault studies with maintenance records and repair outcomes.

The main contributions are:

1. We introduce HRA, a calibration-fitted residual source-diagnosis component that con-
verts cross-channel consistency errors into magnitude, concentration, and coherence
evidence for normal, sensor-local, and process-fault decisions.

2. We extend HRA to HRA-SL, a supervised affected-channel shortlisting module
that combines HRA channel cues with autoencoder reconstruction-energy cues in a
matched channel-candidate ranking protocol.

3. We evaluate the method over three datasets, five seeds, and five severity levels with
split-before-injection controls, reporting source-diagnosis gains, matched-supervision
shortlisting comparisons, and per-run reproducibility artifacts.
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2. Related Work
2.1. Multivariate Time-Series Anomaly Detection

Multivariate time-series anomaly detection has been studied with reconstruction, fore-
casting, recurrent, graph, contrastive, and transformer models. USAD [1] uses adversarially
trained autoencoders for multivariate anomaly detection; OmniAnomaly [2] uses stochastic
recurrent modeling; GDN [3] learns graph structure among sensors; TranAD [4] applies
transformer networks to multivariate anomaly detection; and Anomaly Transformer [5]
uses association discrepancy for time-series anomaly scoring. Interpretable multivariate
anomaly systems include hierarchical inter-metric temporal embedding [6], Microsoft
time-series anomaly detection service [7], TadGAN [8], MAD-GAN [9], STAD-GAN [10],
DCdetector [11], Deep Isolation Forest [12], graph-transformer anomaly detection for
IoT [13], and recent Granger-causal root-cause analysis [14]. Reviews summarize the
breadth of time-series anomaly-detection methods [15,16], and benchmark studies show
that reported performance is sensitive to evaluation protocol, thresholding, and dataset
choice [17,18]. IoT anomaly-detection surveys similarly highlight time-series anomaly-
detection challenges and deployment constraints [19].

These methods primarily output anomaly scores, reconstruction errors, or forecasting
errors. Fewer studies jointly evaluate source-level diagnosis and affected-channel short-
listing under a split-before-injection protocol. HRA-SL instead evaluates whether residual
structure can support both decisions after a window becomes abnormal.

2.2. Residual-Based Fault Diagnosis

Residuals are central in classical model-based and data-driven fault diagnosis. Model-
based fault-diagnosis reviews [20] describe residual generation, evaluation, and isolation
as core ideas for diagnosing deviations from expected behavior, while process-monitoring
reviews [21] cover data-driven monitoring and diagnosis more broadly. Sensor-network
fault taxonomies [22] catalog common data fault types, including outliers, stuck-at read-
ings, noise, and calibration errors. Recent work on separating sensor anomalies from
process anomalies [23] is especially close to our source-level diagnosis goal. Industrial
transfer-learning surveys [24], domain feature decoupling for rotating-machinery fault
diagnosis [25], joint collaborative adaptation for rolling-bearing diagnosis [26], and time-
frequency pretraining for rotating machinery [27] illustrate the growing role of learned
representations in sensor diagnostics. The rotating-machinery studies address supervised
or transfer diagnosis under unseen operating conditions, class imbalance, or variable oper-
ating regimes in vibration-like machinery signals. HRA-SL instead evaluates source-level
sensor-local/process diagnosis and affected-channel shortlisting in multivariate sensor
windows, where the output is not a machine-condition class alone but also a ranked channel
candidate list.

Acoustic-emission localization methods, including deep residual learning for steel-
concrete composite slabs [28] and enhanced guided-wave phased-array localization [29],
also localize physical sources from sensor signals, but their acoustic modality, geometry
assumptions, and spatial labels differ from source-level sensor-local/process diagnosis and
channel-candidate shortlisting.

HRA builds on this residual-diagnosis lineage by converting calibration-fitted resid-
uals into channel attribution, concentration, and coherence features for source diagnosis
and affected-channel shortlisting. The remaining gap is a reproducible task protocol that
tests whether such residual evidence separates sensor-local faults from process-level events
while also ranking affected channels.
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2.3. Reproducible Sensor Benchmarks

Public benchmark signals support reproducible evaluation. UCI HAR [30] provides
six inertial smartphone channels from body acceleration and gyroscope signals. UCI Air
Quality provides environmental gas and concentration channels from an urban pollution
monitoring scenario. Industrial process benchmarks such as SWaT [31] further motivate
reproducible sensor-system evaluation. What is less common is using public base signals to
create controlled source labels while preserving train/test separation before perturbation
injection. We use public signals as base windows under the split and perturbation protocol
described below.

2.4. Time-Series Representations and Probes

Modern time-series representation learning has expanded beyond anomaly scor-
ing. TS2Vec [32], CoST [33], time-frequency contrastive pre-training [34], TimesURL [35],
Time2Feat [36], and ShapeFormer [37] show that time-series windows can be represented
through contrastive, interpretable, or shapelet-like feature spaces. Forecasting-oriented archi-
tectures such as Informer [38], PatchTST [39], TimesNet [40], Chronos [41], MOMENT [42],
and Timer [43] provide additional context for time-series feature transfer. For supervised
probes, LSTM-FCN [44] and ROCKET [45] motivate feature-and-probe comparisons. These
works motivate strong feature baselines, but they do not directly answer how interpretable
residual signatures, spectral features, and supervised channel-candidate probes behave in a
source-level diagnostic workflow.

3. Materials and Methods
3.1. Problem Formulation

Let X ∈ RT×C denote a multivariate sensor window with length T and C channels.
The source-level target is

y ∈ {normal, sensor-local fault, process fault}.

For sensor-local faults, the perturbation generator records a target channel c⋆. Source-level
diagnosis is trained from window features and source labels. In the supervised shortlisting
setting, c⋆ labels positive channel candidates in the supervised-training split and defines
localization metrics on the test split.

The primary endpoint is source-level macro-F1 over the three source classes. Secondary
diagnostics include fault-only sensor-local/process macro-F1, ROC-AUC, PR-AUC, false
alarm rate (FAR), top-1 and top-2 affected-channel shortlisting, mean reciprocal rank (MRR),
and mean rank.

The experiments were implemented in Python; the public artifact records the package
requirements and run metadata, including PyTorch 2.7.1+cu118 and CUDA availability on
the assembly machine.

3.2. Data Sources and Injected Perturbations

Table 1 summarizes the evaluation protocol. The synthetic benchmark generates
multichannel windows from shared oscillatory and random-walk latent components
with channel-specific gains, offsets, noise, and lags. UCI HAR contributes wearable-
like inertial channels. UCI Air Quality contributes environmental gas and concentration
sensor channels.

Each run uses windows of length T = 128, 50 training windows per fine-grained
class, and 50 test windows per fine-grained class. Synthetic experiments use 240 calibration
windows. UCI HAR uses subject-disjoint calibration, supervised-training, and test subject
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groups within the public training partition. UCI Air Quality uses a 35%/30%/35% chrono-
logical raw-series split. Interpolation is performed within each block, and missing-value
fills and normalization statistics are estimated from calibration plus training blocks and
applied to the test block.

Table 1. Evaluation protocol. Public-data experiments split the base signals before perturbation
injection, with preprocessing and normalization fitted from the calibration and training portions.

Dataset Channels Main Matrix Severities Split Protocol

Synthetic 8 5 seeds × 5 severities 0.75–1.75 independent generation
UCI HAR 6 5 seeds × 5 severities 0.75–1.75 subject-disjoint split
UCI Air Quality 8 5 seeds × 5 severities 0.75–1.75 chronological split

Sensor-local perturbations include offset drift, scale drift, gradual trend drift, noise-
floor change, saturation, dropout, and time lag. These perturbation families follow common
sensor data-fault mechanisms [22]: calibration bias and gain error, slow drift, elevated
measurement noise, range saturation, communication or sensing dropout, and synchro-
nization delay. The numerical ranges are controlled stress-test settings, and the coherent
multichannel process shock is a stylized process-level perturbation. For each perturbed
window, the perturbation starts at a random point between 25% and 55% of the window
and continues to the end. Exact parameter ranges, seeds, and command-line settings are
included in the supplementary reproducibility artifact.

3.3. HRA Feature Construction

HRA first fits cross-channel consistency models from calibration windows. For each
target channel c, a ridge predictor estimates X:,c from the remaining channels:

x̂t,c = fc(Xt,−c), rt,c = xt,c − x̂t,c.

The implementation uses α = 1.0 for the ridge models and keeps this value fixed across
datasets. The residual matrix R = [rt,c] is then transformed into the feature blocks below.

HRA-Core diagnostic signature. HRA-Core is the window-level residual diagnostic
signature used for source-level classification. It is fitted from calibration windows by
training the leave-one-channel ridge consistency models above, after per-window channel
normalization. At inference time, the fitted models are applied to a candidate window to ob-
tain residuals for all channels. HRA-Core then converts the observed window and residual
matrix into a fixed-length diagnostic vector with four groups of statistics. First, it records
per-channel residual magnitude and trend statistics, including residual mean-square error,
mean absolute error, maximum absolute residual, and residual slope. Second, it records
direct channel-behavior cues from the observed window, including zero-valued sample
ratios, clipping ratios estimated from within-window quantiles, and a normalized lag cue
computed by cross-correlating each channel with the mean of the remaining channels
over lags from −8 to 8. Third, it records global consistency summaries, including coarse
MSE-based residual-energy concentration, aggregate residual magnitude, first-difference
magnitude, and upper-triangular channel-correlation statistics. Fourth, it computes a
change signature by scanning 17 candidate split points between 0.2T and 0.8T and selecting
the split with the largest combined change in channel means, channel standard deviations,
slopes, and residual energy. For that selected split, HRA-Core stores the largest sorted abso-
lute changes in mean, log-standard-deviation ratio, slope, residual-energy ratio, zero ratio,
clipping ratio, and inter-channel correlation, together with thresholded affected-channel
counts and split-level summary values. Thus, HRA-Core is a source-level diagnostic sig-
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nature: it summarizes how a whole window departs from calibration-fitted cross-channel
consistency, but it is not the per-channel ranking block used for localization.

Channel attribution. HRA computes a per-channel attribution score ac from residual
energy and change signatures. The scan considers 17 candidate split points between 0.2T
and 0.8T and is not given the injected start index. The score combines residual energy,
mean shift, scale shift, slope change, noise-floor change, dropout evidence, and clipping
evidence. Affected-channel localization ranks channels by ac.

Residual concentration. Let pc = ac/ ∑j aj. HRA uses the top-1 attribution mass maxc pc,
the sum of the two largest attribution masses, normalized entropy −∑c pc log(pc)/ log C,
the Gini coefficient of the attribution distribution, and residual spread. These quantities
summarize how concentrated the residual evidence is across channels and are passed to the
diagnostic probe as explicit residual-structure features.

Residual coherence. HRA computes off-diagonal residual-correlation summaries,
including mean and maximum absolute residual correlation. Process faults may produce
coherent multichannel residual structure, but the pattern depends on dataset coupling and
perturbation strength.

The feature-block ablations in Section 4.3 keep these components separate: HRA-Core
is the calibration-fitted window-level diagnostic signature; attribution scores are the per-
channel ranking scores; residual summaries collect per-channel residual magnitudes, max-
ima, slopes, and aggregate residual-change terms; and residual concentration/coherence
indices are explicit summaries derived from the attribution distribution and residual-
correlation matrix. The HRA + spectral configuration augments the HRA feature rep-
resentation with the matched spectral feature block for source-level diagnosis. At the
source-diagnosis module level, HRA is lightweight in a fitted-model footprint: the fitted
HRA consistency model contains 36 ridge coefficients for the six-channel UCI HAR setting
and 64 for the eight-channel synthetic and Air Quality settings. The HRA + spectral config-
uration adds a non-neural spectral feature block, giving 72 and 128 recorded source-module
entries, respectively.

Supplementary design analyses vary the ridge parameter over α ∈ {0.01, 0.1, 1, 10, 100}
and vary the change-signature scan across candidate counts and scan ranges. The fixed
α = 1.0 setting is used as a common protocol value rather than a dataset-specific tuned pa-
rameter, and the 17-point scan over [0.2T, 0.8T] is retained as a stable protocol-performance
compromise in the tested grid.

3.4. Source-Level Probe

HRA uses a two-stage logistic diagnostic probe. Stage 1 separates normal from faulty
windows. Stage 2 is trained on faulty training windows and separates sensor-local from
process faults. The Stage-1 threshold is selected on training windows, and standardization,
feature selection, and model selection follow the predefined train/test split. Flat three-class
probes are reported as a design sensitivity check that separates the value of the hierarchical
workflow from the value of the feature representation.

3.5. Supervised Affected-Channel Shortlisting

The HRA attribution score ac provides an unsupervised channel ranking. The super-
vised localization experiment uses a dedicated supervised localizer, HRA-SL, for affected-
channel candidate ranking. For each sensor-local training window, HRA-SL forms one
candidate example per channel. The candidate with channel index c⋆ is labeled positive
and all other channel candidates are labeled negative.

The HRA-SL channel-candidate feature vector contains channel-level statistics from
the observed window, HRA residual-attribution evidence, and calibration-fitted TCN-AE
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and USAD-like [1] reconstruction energies. Reconstruction models use calibration-split val-
idation for early stopping and hyperparameter selection. The main HRA-SL localizer uses
a fixed gradient-boosted tree classifier for all datasets, separating source-level diagnosis
from affected-channel shortlisting.

3.6. Baselines

The baseline set covers statistical, spectral, reconstruction-feature, and supervised
shortlisting alternatives as follows:

• Statistical features with the same hierarchical logistic probe;
• Spectral time-frequency features with the same hierarchical logistic probe;
• Statistical + spectral feature fusion with the same hierarchical logistic probe;
• Tuned TCN-AE and tuned USAD-like [1] reconstruction-feature baselines;
• A GRU-AE reconstruction-feature baseline;
• Supervised channel-localizer comparators, including AE-only reconstruction-energy

localizers.

The reconstruction baselines use calibration-split fitting, reconstruction-error features,
and the same downstream hierarchical probe. The supervised channel-localizer baselines
use the same target-channel protocol as HRA-SL. Supplementary Table S5 documents layer
counts, hidden dimensions, kernel or recurrent settings, optimizer settings, learning-rate grid,
epoch budgets, early stopping, seeds, selection criterion, and retained parameter counts for
TCN-AE, USAD-like AE, GRU-AE, and adapted TranAD. Supplementary Table S4 reports
the adapted official TranAD reconstruction-evidence evaluation under the same split and
downstream-probe constraints.

4. Results
4.1. Source-Level Baseline Comparison

Table 2 reports the source-level baseline comparison. HRA + spectral provides the
main HRA source-level configuration and improves over the evaluated baselines across
the three datasets. It reaches 0.780 ± 0.028, 0.655 ± 0.017, and 0.554 ± 0.029 source-level
macro-F1 on synthetic windows, UCI HAR, and Air Quality, respectively. Relative to
tuned TCN-AE, HRA + spectral improves source-level macro-F1 by 0.421, 0.292, and 0.046
on synthetic, UCI HAR, and Air Quality, respectively, using paired bootstrap differences
over matched seed/severity cells. Figure 2 visualizes the same source-level macro-F1
comparison across the evaluated baselines.

Table 2. Source-level baseline summary. Macro-F1 is source-level macro-F1 over normal, sensor-local
fault, and process fault classes. Fault-source F1 is computed over the two faulty source classes. F1
values are means ±95% CI half-width over the predefined 25 seed/severity runs; FAR is reported as
the mean false-alarm rate. Localization results are reported separately in Section 4.2 and Table 3.

Dataset Method Macro-F1 Fault-Source F1 FAR

Synthetic Statistical 0.566 ± 0.027 0.767 ± 0.029 0.549
Synthetic Spectral 0.672 ± 0.025 0.763 ± 0.024 0.490
Synthetic Stat. + spectral 0.699 ± 0.025 0.800 ± 0.024 0.466
Synthetic Tuned TCN-AE 0.359 ± 0.010 0.496 ± 0.013 0.635
Synthetic Tuned USAD-like AE 0.567 ± 0.035 0.718 ± 0.035 0.354
Synthetic GRU-AE 0.392 ± 0.015 0.551 ± 0.017 0.721
Synthetic HRA + spectral 0.780 ± 0.028 0.903 ± 0.023 0.458
UCI HAR Statistical 0.557 ± 0.016 0.828 ± 0.019 0.756
UCI HAR Spectral 0.571 ± 0.013 0.798 ± 0.013 0.761
UCI HAR Stat. + spectral 0.631 ± 0.016 0.875 ± 0.014 0.766
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Table 2. Cont.

Dataset Method Macro-F1 Fault-Source F1 FAR

UCI HAR Tuned TCN-AE 0.363 ± 0.005 0.558 ± 0.006 0.867
UCI HAR Tuned USAD-like AE 0.336 ± 0.013 0.515 ± 0.015 0.770
UCI HAR GRU-AE 0.405 ± 0.011 0.602 ± 0.018 0.802
UCI HAR HRA + spectral 0.655 ± 0.017 0.907 ± 0.013 0.770
Air Quality Statistical 0.394 ± 0.014 0.576 ± 0.016 0.472
Air Quality Spectral 0.400 ± 0.017 0.588 ± 0.020 0.723
Air Quality Stat. + spectral 0.461 ± 0.016 0.647 ± 0.024 0.711
Air Quality Tuned TCN-AE 0.508 ± 0.028 0.629 ± 0.023 0.454
Air Quality Tuned USAD-like AE 0.342 ± 0.011 0.522 ± 0.012 0.801
Air Quality GRU-AE 0.305 ± 0.009 0.477 ± 0.012 0.786
Air Quality HRA + spectral 0.554 ± 0.029 0.699 ± 0.025 0.611

Synthetic UCI HAR Air Quality
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Figure 2. Source-level macro-F1 for evaluated baselines. Error bars show 95% confidence intervals
over the matched seed/severity matrix. Localization comparisons are reported separately in Table 3.

4.2. Supervised Channel Shortlisting

Table 3 reports the HRA-SL localization experiment together with matched supervised
and unsupervised ranking comparators. The fixed HGB HRA-SL localizer, using HRA
residual and reconstruction-energy channel-candidate features, reaches top-1 affected-
channel localization of 0.916 on synthetic data, 0.714 on UCI HAR, and 0.715 on Air Quality.
Under matched target-channel supervision, AE-only HGB is practically tied with HRA-SL
on synthetic data and UCI HAR, and HRA-SL is higher on Air Quality. Against the
strongest unsupervised tuned reconstruction ranking baseline, HRA-SL improves top-1
localization by +0.127 on synthetic data (95% CI [0.117, 0.137]), +0.357 on UCI HAR (95% CI
[0.344, 0.370]), and +0.048 on Air Quality (95% CI [0.033, 0.063]). Table 4 reports top-2 values
and confidence intervals for the matched supervised comparison.

The matched supervised comparison in Table 4 shows that AE-only HGB is a
strong task-specific comparator: it uses training-split target-channel labels, per-channel
reconstruction-energy cues from TCN-AE and USAD-like models, and the same HGB can-
didate classifier. On synthetic and UCI HAR data, HRA-SL and AE-only HGB are practical
ties at top-1 (0.916 versus 0.918, and 0.714 versus 0.716). Their top-2 and MRR values are
also close on both datasets. On Air Quality, where shared environmental drift produces a
more heterogeneous localization setting, HRA-SL is higher than AE-only HGB on top-1
(0.715 versus 0.652), top-2 (0.849 versus 0.820), and MRR (0.822 versus 0.783). These results
make the complementarity claim dataset- and classifier-dependent: HRA residual cues and
AE reconstruction-energy cues are most clearly complementary for Air Quality, while the
synthetic and UCI HAR matched-supervision comparisons are effectively saturated.
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Table 3. Affected-channel shortlisting comparison. HRA-SL and AE-only HGB use target-channel
labels in the supervised-training split with the fixed HGB candidate classifier. HRA attribution
ranking provides the unsupervised residual-attribution comparator, while tuned TCN-AE and tuned
USAD-like AE provide unsupervised reconstruction-ranking comparators.

Dataset Ranking Method Supervision Top-1 Loc. MRR

Synthetic HRA-SL (HGB) supervised 0.916 0.950
AE-only HGB supervised 0.918 0.949
HRA attribution ranking unsupervised HRA ranking 0.556 0.650
Tuned TCN-AE unsupervised reconstruction 0.462 0.622
Tuned USAD-like AE unsupervised reconstruction 0.789 0.866

UCI HAR HRA-SL (HGB) supervised 0.714 0.812
AE-only HGB supervised 0.716 0.812
HRA attribution ranking unsupervised HRA ranking 0.614 0.737
Tuned TCN-AE unsupervised reconstruction 0.357 0.556
Tuned USAD-like AE unsupervised reconstruction 0.253 0.454

Air Quality HRA-SL (HGB) supervised 0.715 0.822
AE-only HGB supervised 0.652 0.783
HRA attribution ranking unsupervised HRA ranking 0.354 0.534
Tuned TCN-AE unsupervised reconstruction 0.666 0.785
Tuned USAD-like AE unsupervised reconstruction 0.296 0.473

Table 4. Matched supervised localizer comparison. Values are affected-channel localization means
±95% CI half-width over the predefined 25 seed/severity runs. HRA-SL (HGB) uses the HRA + AE
channel-candidate feature block with the fixed HGB classifier, and AE-only HGB uses the same
target-channel supervision and classifier with reconstruction-energy channel cues.

Dataset Supervised Localizer Top-1 Loc. Top-2 Loc. MRR

Synthetic HRA-SL (HGB) 0.916 ± 0.023 0.964 ± 0.014 0.950 ± 0.014
AE-only HGB 0.918 ± 0.024 0.957 ± 0.015 0.949 ± 0.016

UCI HAR HRA-SL (HGB) 0.714 ± 0.011 0.818 ± 0.008 0.812 ± 0.007
AE-only HGB 0.716 ± 0.009 0.814 ± 0.008 0.812 ± 0.006

Air Quality HRA-SL (HGB) 0.715 ± 0.030 0.849 ± 0.024 0.822 ± 0.021
AE-only HGB 0.652 ± 0.026 0.820 ± 0.026 0.783 ± 0.019

4.3. Feature-Block Ablations

Table 5 decomposes HRA into its central source-level component and individual
residual-structure feature blocks. The calibration-fitted diagnostic signature is the HRA-
Core source-level component, summarizing deviations from normal cross-channel consis-
tency using calibration-fitted statistics. This representation carries much of the source-level
information, especially on synthetic and UCI HAR data. Residual summaries, attribu-
tion scores, and explicit concentration/coherence indices provide interpretable residual-
structure evidence, while HRA + spectral gives the main fused source-level configuration.

Relative to HRA-Core, HRA + spectral improves source-level macro-F1 by about +0.062
on synthetic data and +0.034 on UCI HAR while remaining competitive on Air Quality.

As a design sensitivity check, flat three-class probes are reported in Supplementary
Materials. HRA + spectral with the hierarchical probe is essentially tied with the flat probe
on synthetic data, lower on UCI HAR, and slightly higher on Air Quality. This confirms that
the source-level performance is mainly carried by the HRA-Core/HRA + spectral repre-
sentation, while the hierarchy is retained to organize the alarm-source diagnostic workflow.
Figure 3 summarizes the feature-block ablation for source-level macro-F1.
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Table 5. Source-level HRA feature-block ablation. The table separates the calibration-fitted HRA-Core
diagnostic signature from individual residual summaries, attribution scores, explicit residual con-
centration/coherence indices, and the HRA + spectral source-level configuration. Macro-F1 and
fault-source F1 are means ± 95% CI half-width over 25 seed/severity runs; FAR is reported as the
mean false-alarm rate. Channel ranking and supervised affected-channel shortlisting are evaluated
separately in Table 3.

Dataset Method Macro-F1 Fault-Source F1 FAR

Synthetic HRA-Core signature 0.718 ± 0.033 0.875 ± 0.030 0.506
Synthetic Residual summaries 0.588 ± 0.028 0.754 ± 0.028 0.558
Synthetic Attribution scores 0.277 ± 0.009 0.495 ± 0.014 0.602
Synthetic Indices only 0.556 ± 0.026 0.696 ± 0.028 0.557
Synthetic HRA+spectral 0.780 ± 0.028 0.903 ± 0.023 0.458
UCI HAR HRA-Core signature 0.621 ± 0.020 0.880 ± 0.018 0.711
UCI HAR Residual summaries 0.499 ± 0.013 0.740 ± 0.017 0.706
UCI HAR Attribution scores 0.486 ± 0.008 0.679 ± 0.008 0.714
UCI HAR Indices only 0.607 ± 0.017 0.849 ± 0.018 0.684
UCI HAR HRA+spectral 0.655 ± 0.017 0.907 ± 0.013 0.770
Air Quality HRA-Core signature 0.562 ± 0.026 0.707 ± 0.025 0.476
Air Quality Residual summaries 0.561 ± 0.018 0.705 ± 0.016 0.480
Air Quality Attribution scores 0.297 ± 0.011 0.484 ± 0.016 0.686
Air Quality Indices only 0.398 ± 0.018 0.583 ± 0.010 0.899
Air Quality HRA+spectral 0.554 ± 0.029 0.699 ± 0.025 0.611

Synthetic UCI HAR Air Quality
0.0
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0.6
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HRA-Core signature Residual summaries Attribution scores Indices only HRA+spectral

Figure 3. Feature-block ablation for source-level macro-F1. The HRA-Core diagnostic signature
carries much of the source-level signal, while expanded residual features and spectral fusion provide
complementary dataset-dependent changes.

4.4. Fault-Type Analysis

The fine-grained perturbation analysis reported from the supplementary fault-type
localization table shows which injected faults drive the channel-ranking signal. Dropout
is localized well under the HRA attribution score in all three datasets: top-1 localization
is 0.996, 0.988, and 0.924 on synthetic, UCI HAR, and Air Quality. Offset and trend
drift are also strong on UCI HAR, with top-1 localization of 0.898 and 0.906, respectively.
Saturation and scale drift are harder on UCI HAR, while noise-floor, offset, saturation,
and scale perturbations are harder on Air Quality. These patterns also explain why the
unsupervised HRA attribution score is weaker than reconstruction-energy ranking on
synthetic and Air Quality for some local faults. Single-channel synthetic perturbations
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often create a direct reconstruction-energy peak at the affected channel, while the HRA score
intentionally balances residual energy with change, concentration, and coherence cues for
source diagnosis. In Air Quality, chronological distribution shift in PT08.S4(NO2), NO2(GT),
and NOx(GT), together with shared environmental variation where the first two principal
components explain about 0.89 of test-set variance, disperses residual evidence across
correlated channels. HRA attribution is therefore most useful as interpretable channel
evidence and as an input to HRA-SL, not as a universally strongest unsupervised localizer.
Figure 4 visualizes the fine-grained top-1 localization breakdown by injected sensor-local
fault type.
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Figure 4. Fine-grained sensor-local perturbation breakdown using HRA attribution scores. Bars show
top-1 affected-channel localization for each injected sensor-local fault type.

4.5. Design-Choice Analyses

Supplementary Tables S1–S6 summarize the design-choice, baseline, and diagnostic
analyses. In the ridge sweep over α ∈ {0.01, 0.1, 1, 10, 100}, HRA + spectral source-level
macro-F1 changes only narrowly on synthetic data and UCI HAR, with rounded ranges of
0.780–0.781 and 0.654–0.656, respectively; Air Quality ranges from 0.549 to 0.575, with α = 1
giving 0.554. HRA-Core is stable over the same grid, with macro-F1 spreads of 0.004, 0.001,
and 0.009 on synthetic, UCI HAR, and Air Quality.

The split-scan analysis compares candidate counts and scan ranges without using
the injected start index. In the retained [0.2T, 0.8T] scan, the 17-point HRA + spectral
setting remains within the main-result range on all three datasets and within 0.003 of the
best 5/17/65-point setting, while saving about 4.1–4.3 s per seed/severity cell compared
with 65 points. The retained scan is therefore a protocol-design compromise rather than a
dataset-tuned optimum.

An adapted official TranAD reconstruction-evidence evaluation is reported in
Supplementary Table S4: its source-level macro-F1 is 0.354, 0.383, and 0.304 on synthetic,
UCI HAR, and Air Quality under the same downstream diagnostic probe.

5. Discussion
The experiments support a three-step diagnostic workflow: fault detection, source-

level diagnosis, and affected-channel shortlisting. This workflow is more actionable than
binary anomaly detection because it links sensor-local and process-level events to different
operational responses.

The ablation results show that HRA-Core carries most of the source-level signal, while
residual summaries, concentration/coherence indices, and attribution scores add targeted
information for interpretation and channel ranking. Spectral fusion helps most clearly
on synthetic and UCI HAR data, where time-frequency structure is discriminative. Air
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Quality shows a different response profile, with chronological distribution shift and shared
environmental background variation making spectral fusion less decisive.

The reconstruction baselines sharpen this interpretation. Tuned TCN-AE, tuned
USAD-like AE, and GRU-AE baselines trail HRA + spectral on source-level macro-F1,
but reconstruction-energy cues remain useful for localizing injected single-channel pertur-
bations. Their advantage in some unsupervised ranking cells is expected: reconstruction
energy is a direct per-channel error cue, whereas HRA attribution distributes evidence
across residual magnitude, local change, concentration, and coherence so that the same
representation can support source-level diagnosis. HRA-SL therefore combines HRA resid-
ual features with AE reconstruction-energy cues in a supervised candidate ranking model.
For affected-channel shortlisting, HRA-SL outperformed the strongest unsupervised tuned
reconstruction ranking baseline on all three datasets, matched the strongest supervised AE-
only localizer in practical terms on synthetic and UCI HAR, and was higher on Air Quality.

The controlled-injection setting is also a practical evaluation device. Public sensor
datasets rarely contain both source labels and affected-channel labels, while injected pertur-
bations make those labels available under a fixed split and severity matrix. This design turns
public base signals into a repeatable stress test for three operational questions: whether
a window is abnormal, whether the source is sensor-local or process-level, and which
channels should be inspected first. Field studies with naturally occurring failures, repair
logs, and changing operating regimes are the next validation stage; the present benchmark
provides a clean pre-deployment basis for selecting and evaluating candidate diagnos-
tic workflows.

6. Conclusions
This paper presented HRA-SL as a residual-attribution and supervised shortlisting

framework for multivariate sensor diagnostics. HRA provides the source-level residual-
diagnosis component, HRA + spectral is the main fused source-diagnosis configuration,
and HRA-SL extends this pipeline with supervised affected-channel shortlisting. In a
controlled injected-perturbation evaluation on synthetic, UCI HAR, and UCI Air Quality
base signals, HRA + spectral improved source-level macro-F1 over evaluated statistical,
spectral, statistical + spectral, tuned reconstruction-feature, GRU-AE, and adapted TranAD
reconstruction-evidence baselines under a matched diagnostic-probe protocol. The abla-
tions identify HRA-Core as the dominant source-level component and residual-attribution
features as channel-ranking and diagnostic-interpretation evidence. For affected-channel
shortlisting, HRA-SL outperformed the strongest unsupervised tuned reconstruction rank-
ing baseline on all three datasets, matched the strongest supervised AE-only localizer in
practical terms on synthetic and UCI HAR, and was higher on Air Quality.

At the source-diagnosis module level, HRA remains lightweight in a fitted-model
footprint, using 36–64 ridge coefficients; with the non-neural spectral block, HRA + spectral
has 72–128 recorded source-module entries across the evaluated channel counts.

The conclusions are bounded by the controlled perturbation protocol: source labels and
target-channel labels are generated by injection, HRA-SL uses training-split target-channel
labels for supervised shortlisting, and held-out labels quantify localization. Public datasets
provide reproducible base dynamics; field studies with naturally occurring hardware
failures, repair actions, and long-term regime changes are an important follow-up setting.
The main deployment condition is learnable cross-channel consistency, so weakly coupled,
delayed, or strongly nonstationary systems may benefit from physical consistency models
or additional features. Within this scope, HRA-SL offers a practical and reproducible
workflow for early-stage sensor-system diagnostic evaluation.
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Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/s26154986/s1: Table S1: Ridge-alpha sweep; Table S2: Split-
scan analysis; Table S3: Hierarchy/flat design sensitivity; Table S4: Adapted TranAD comparison;
Table S5: Deep-baseline hyperparameters; Table S6: Air Quality diagnostic summaries. The supple-
mentary artifact contains experiment code, per-run CSV/JSON files, generated tables, figure inputs,
perturbation settings, random seeds, and reproduction commands. The public artifact repository is
available at https://github.com/GeniusWanghaha/hra_sl_code_source (accessed on 1 August 2026).
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Abbreviations

AE Autoencoder
FAR False alarm rate
HRA Hierarchical Residual Attribution
HRA-SL Hierarchical Residual Attribution with supervised channel shortlisting
MRR Mean reciprocal rank
RCI Residual concentration index
RCS Residual coherence score
TCN Temporal convolutional network
USAD UnSupervised Anomaly Detection
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