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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   Raman spectroscopy reliability is often compromised by artifacts like noise and signal saturation.

■   We propose a hybrid framework synergizing explicit physical knowledge with implicit deep learning.

■   This approach generates high-confidence pseudo-labels to guide model training without manual input.

■   It achieves state-of-the-art accuracy and perfect recall, enabling robust automated quality control.
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Raman  spectroscopy  is  a  critical  analytical  technique  across  numerous
engineering disciplines; however, the reliability of its measurements is often
compromised  by  artifacts  stemming  from  complex  instrumental  and
sample-specific variations. Automating quality assessment poses a signif-
icant  challenge:  conventional  physics-based thresholds,  though  inter-
pretable, lack the flexibility to accommodate diverse anomalies, while data-
driven deep learning approaches typically overlook valuable domain knowl-
edge. To address this gap, we propose PAQC—a hybrid-intelligence method
that synergistically  integrates  explicit  physical  priors  with  implicit  repre-
sentation  learning.  Our  approach  processes  unlabeled  spectral  data
through dual parallel streams: an explicit knowledge stream that computes
physically-informed  quality  metrics  to  produce  high-confidence  pseudo-
labels,  and  an  implicit  knowledge  stream  that  uses  a  peak-attention
autoencoder,  guided  by  known  peak  locations,  to  extract  discriminative
deep features. These two streams are cohesively fused through a progres-
sive contrastive learning network, yielding a highly separable feature space
tailored  for  anomaly  detection.  For  practical  deployment,  a  Mahalanobis
distance-based  classifier  enables  real-time  quality  diagnosis  of  individual
spectra.  Evaluated  on  a  real-world  dataset  using  a  rigorous  5-fold  cross-
validation protocol, PAQC achieves state-of-the-art performance with an F1-
score  of  98.98%  ±  0.67%,  while  critically  maintaining  a  perfect  100.00%
recall,  underscoring its effectiveness as a robust and scalable solution for
automated quality control in knowledge-sensitive engineering applications.

 INTRODUCTION
Raman  spectroscopy,  as  a  non-destructive molecular  vibrational  charac-

terization  technique,  is  an  indispensable  analytical  tool  in  materials  science,
biomedicine, chemical analysis, and cultural heritage authentication since its
discovery  in  1928.  Over  the  past  two  decades,  significant  advancements  in
laser  technology,  photoelectric  detectors,  and  spectral  acquisition  systems
have driven the development of portable Raman instrumentation, enabling a
transition  from  benchtop  equipment  to  handheld  devices  with  powerful  on-
site detection capabilities.

During practical  spectral  acquisition,  however,  the quality  and reliability  of
the measurement data are frequently compromised by anomalous phenom-
ena  originating  from  instrumental  limitations  and  sample  characteristics.1

These anomalies, such as signal saturation, excessive noise, and strong fluo-
rescence backgrounds, can corrupt critical spectral features, thus undermining
the  validity  of  any  subsequent  engineering  decision-making.  With  the
widespread implementation of chemometrics, the influence of input spectral
quality  on  model  performance  has  become  increasingly  significant.2 As
Raman  technology  is  increasingly  deployed  in  high-throughput and  auto-
mated  application  scenarios,  the  need  for  a  robust,  objective,  and  scalable
quality control  method has become a critical  challenge in engineering infor-
matics.

Addressing  this  challenge  automatically  reveals  a  fundamental  dilemma.
Traditional physics-based models offer interpretability but often lack the flex-
ibility  to  handle  the  complexity  of  real-world  artifacts.  In  contrast,  modern
data-driven  methods  provide  powerful  feature  learning  but  typically  operate
as "black  boxes"  that  overlook  valuable  domain  knowledge  and,  more  criti-
cally, require large-scale curated data—creating a practical paradox.

The first paradigm, rooted in physics, addresses quality control by quantifying

explicit,  known  artifacts  through  interpretable  metrics.  These  metrics  target
common  anomalies  such  as  spectral  saturation,3 where  intense  signals
exceed the detector's dynamic range, and baseline distortion, often caused by
sample  fluorescence  or  instrumental  effects.4–8 They  also  assess  spectral
noise arising from factors like photon shot noise and detector thermal noise,
typically  using variations of  the Signal-to-Noise Ratio (SNR).9–16 While  these
physics-based  indicators  provide  an  explicit  representation  of  quality,  they
often  struggle  to  capture  the  complex  interplay  between  different  artifacts
and may require task-specific tuning, limiting their generalizability when used
in isolation as a complete quality control solution.

The  second  paradigm  leverages  purely  data-driven  algorithms  to  learn
patterns of  "normal"  and "anomalous"  behavior  directly  from the data,  with-
out  explicit  knowledge of  the artifact  types.  The evolution of  these methods
began with  classical  statistical  approaches  like  Principal  Component  Analy-
sis (PCA)17 and Isolation Forest,18 which often struggle with the high dimen-
sionality  and  complex  non-linear  structures  inherent  in  spectral  data.  While
shallow  models  such  as  the  One-Class  Support  Vector  Machine  (OC-SVM)
offered theoretical improvements by modeling only the normal data distribu-
tion,19–22 they still face significant challenges in constructing a robust feature
space  for  diverse  spectra.  Consequently,  deep  learning  has  emerged  as  a
powerful  alternative,  with  architectures  based  on  autoencoders23 and  Deep
Support  Vector  Data  Description  (Deep  SVDD)24–27 demonstrating far  supe-
rior feature learning capabilities. Despite their architectural diversity, however,
these  advanced  approaches  universally  converge  on  a  critical  bottleneck:
their  performance  relies  heavily  on  large-scale,  pre-screened,  high-quality
normal  training  data.  This  creates  a  practical  paradox:  to  build  an  effective
anomaly detector, one must first manually perform the very task of anomaly
detection to curate a clean training set.  This expensive and often subjective
pre-processing  step  hinders  scalability  and  creates  a  fundamental  conflict
between  model  robustness  and  data  acquisition  demands,  highlighting  the
urgent  need  for  a  new  paradigm  capable  of  learning  from  un-curated,  real-
world engineering data.

To  overcome  the  limitations  of  purely  physics-based  and  purely  data-
driven models,  as discussed in  the Introduction,  the development  of  hybrid-
intelligence methods has become a significant trend in the field of engineer-
ing  informatics.  The  core  idea  lies  in  combining  the  interpretability  afforded
by domain knowledge with the powerful non-linear fitting capabilities of deep
learning  to  build  more  robust  and  trustworthy  engineering  decision-support
systems. This paradigm has seen wide application in the engineering domain.
For  instance,  Wei  et  al.28 and Sun et  al.29 in  their  work  utilized prior  physical
knowledge  to  generate  pseudo-labels,  successfully  applying  them  to  tasks
such as fault detection. A more advanced direction involves directly integrat-
ing physics information (such as partial differential equations) as a constraint
into the neural network's training process, known as Physics-Informed Neural
Networks (PINNs). This technique has also shown great potential in fields like
fault diagnosis.30,31

The PAQC framework proposed in this work adheres to this hybrid-intelli-
gence paradigm but is distinguished by the depth and strategy of its knowl-
edge  fusion  compared  to  existing  research.  Rather  than  simply  generating
static pseudo-labels, PAQC introduces a novel progressive curriculum learn-
ing  strategy  that  dynamically  manages  uncertainty.  This  study  focuses  on
three global anomaly types that are paramount for automated quality control:
signal saturation, elevated baseline and strong noise. While localized anomalies
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like  cosmic  ray  spikes  are  important,  our  primary  goal  is  to  first  assess  the
foundational quality  of  a  measurement,  a  critical  step for  any robust  instru-
mentation system. The PAQC method processes unlabeled data through two
parallel  streams:  (1)  an  explicit  knowledge  stream  employs  a  physics-
informed  evaluation  module  to  generate  high-confidence  pseudo-labels;  (2)
concurrently,  an implicit  knowledge stream utilizes a peak-attention autoen-
coder,  which  leverages  explicit  peak-location  priors,  to  extract  robust  deep
features.  The  outputs  are  then  fused  in  a  progressive  contrastive  learning
network to build a highly accurate diagnostic model,  which is deployable for
real-time, single-spectrum classification.

The main contributions of this work are summarized as follows:
(1) We propose a novel hybrid-intelligence paradigm for engineering signal

quality  assessment  that  effectively  resolves  the  conflict  between  traditional
physics-based models and data-driven black-box models.

(2)  We  develop  a  new  technique  for  knowledge  fusion  where  explicit,
physics-informed  metrics  are  used  to  generate  reliable  supervisory  signals
that guide a self-supervised contrastive learning network.

(3)  We  design  and  validate  an  end-to-end  automated  method  on  a  real-
world dataset, demonstrating its state-of-the-art performance and its poten-
tial  as  a  robust  quality  control  solution  for  knowledge-intensive  engineering
applications.

 MATERIALS AND METHODS
 Dataset and preprocessing

To rigorously evaluate the PAQC framework under realistic conditions,  we
compiled  a  comprehensive  dataset  derived  from  authentic  experimental
measurements. This dataset was not artificially generated but was accumu-
lated over the course of numerous routine experiments, ensuring it encapsu-
lates  the  diversity  and  unpredictability  of  real-world  data  acquisition.  It
comprises measurements from a variety of different samples under a range
of  testing  conditions,  such  as  varied  laser  power,  integration  times,  and
sample  positioning.  This  process  naturally  produced  spectra  with  a  wide
spectrum of  quality  levels.  All  1920  spectra  were  collected  using  a  portable
Raman spectrometer,  covering a wavenumber range of  202-3200 cm-1 with
1500 data points per spectrum. Each spectrum was then manually inspected
and  labeled  by  experts,  yielding  four  distinct  categories  that  represent
authentic measurement outcomes:

Normal  (1000 samples)  with  clear  peaks  and  stable  baselines;  and  three
types of  anomalous  spectra  corresponding  to  common  experimental  arti-
facts—Noisy  (205  samples)  with  significant  random  fluctuations,  Saturated
(300 samples) with peak clipping, and Flat (415 samples) with overwhelming
fluorescence  background.  Representative  examples  of  each  category  are
shown  in Figure  1A.  To  preserve  the  original  artifact  characteristics  for  our

unsupervised task, the only preprocessing applied was min-max normalization.

mean±std

For  a  rigorous  evaluation  of  the  model's  performance  and  to  ensure  the
generalizability  of  our  findings,  the  complete  dataset  of  1920  spectra  was
partitioned  using  a  5-fold  cross-validation  (CV)  strategy.  This  protocol  was
adopted to provide a robust estimation of performance and directly address
the limitations of relying on a single data partition. The dataset was first shuf-
fled and divided into 5  non-overlapping folds of  equal  size.  In  each of  the 5
iterations,  4  folds  were  used  as  the  training  set  (for  both  autoencoder  pre-
training and contrastive learning) and the remaining fold was held out as the
test  set.  The  offline  calibration  step  was  performed  using  the  'Normal'
samples identified within the 4-fold training set. This process was repeated 5
times,  ensuring  that  every  spectrum  was  used  for  testing  exactly  once.  All
performance metrics reported in this manuscript (e.g., Table 1) are the mean
±  standard  deviation  ( )  across  these  5  independent  runs.  This
protocol provides a robust and unbiased estimate of the model's true gener-
alization capability.

 System overview
The overall  architecture of the PAQC framework,  illustrated in Figure 1B,is

designed  around  two  parallel  processes.  In  the  first,  a  series  of  physics-
informed metrics are calculated for each spectrum to produce a Comprehen-
sive Anomaly Score (CAS). These scores are then converted into high-confi-
dence  pseudo-labels.  Concurrently,  a  Peak-Attention  Autoencoder  learns  a
robust,  low-dimensional  feature  representation  from  the  raw  spectral  data.
Finally,  the  outputs  from  these  two  processes—the  deep  features  and  the
physics-guided  pseudo-labels—are  integrated  within  a  progressive
contrastive  learning  network  to  optimize  the  feature  space  for  precise
anomaly detection.

 Physics-informed quality metrics
The  cornerstone  of  the  PAQC  framework  is  the  use  of  physics-informed

quality metrics. This module's task is to formalize established domain knowl-
edge  from  spectroscopy  into  a  series  of  computable,  interpretable  physical
indicators, enabling a rapid, coarse-grained quality assessment. A key design
choice is for these indicators to be substance-agnostic, ensuring broad appli-
cability.  We  therefore  focus  on  universal  artifacts  like  saturation,  noise,  and
baseline distortion.

T1 T2 T3

 Saturation  Index  (SI). The direct  morphological  characteristic  of  satu-
rated spectra is the presence of plateau structures at peak tops, with intensi-
ties  approaching  maximum  values.  To  quantitatively  characterize  this,  a
Spectral Saturation Index (SI) was developed based on a multi-threshold slid-
ing  window  analysis.  The  calculation  is  based  on  the  following  framework:
First,  three  characteristic  thresholds  ( =0.95, =0.97, =0.99) are  estab-
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Figure 1.  Data Challenges and System Architecture of PAQC framework (A) Representative raw Raman spectra illustrating the four primary categories in the dataset: Normal
(high-quality), Noisy (low SNR), Saturated (signal clipping), and Flat (fluorescence interference). (B) The overall workflow of the proposed PAQC hybrid-intelligence framework. It
processes unlabeled spectra through two parallel streams: an explicit knowledge stream calculating physics-informed metrics (SI, SBI, NI) to generate high-confidence pseudo-
labels, and an implicit knowledge stream utilizing a Peak-Attention Autoencoder to extract deep features. These are fused via a progressive contrastive learning.
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ω1 ω2 ω3

C(ω,Ti)

C(ω,Ti)

Ti

R(Ti)

lished  for  the  normalized  spectrum,  representing  warning,  moderate,  and
severe  saturation  states,  respectively.  Considering  the  decisive  role  of  high-
threshold  regions  in  saturation  determination,  different  importance  weights
are  assigned  (  =  0.15,  =  0.25,  =  0.60).  Second,  a  sliding  window
(size  =  10,  overlap  =  50%)  is  employed  for  local  spectral  analysis.  For  each
window w, the proportion of points  with signal intensities exceeding
threshold  Tᵢ is  calculated,  and high-coverage windows where  >  0.5
are  identified.  For  each  threshold ,  the  proportion  of  these  high-coverage
windows  among  all  windows, ,  is  calculated  as  the  basic  saturation
characteristic. Finally, the SI is computed via a weighted summation:

SI= ∑i
ωi ·R(Ti) (1)

R(Ti)

Ti i

i (T)

where  is  the  proportion  of  high-coverage  windows exceeding  a  high-
intensity threshold  (e.g., 0.95, 0.99), and  is the corresponding weight. This
formulation is designed to be particularly sensitive to "flat-top" clipping, a crit-
ical artifact. Higher weights ( ) are assigned to higher thresholds , reflect-
ing the physical  understanding that  a  spectrum approaching 100% intensity
is  a  more  severe  and  unambiguous  indicator  of  saturation  than  one  just
approaching 95%. This index effectively quantifies the degree of signal satu-
ration.

 Spectral  Baseline  Index  (SBI). To  address  the  requirements  for  Raman
spectral  baseline quality  evaluation,  a  multi-region normalized baseline area
evaluation method is proposed. This method employs a region segmentation
strategy,  dividing  the  Raman  spectrum  into  three  critical  regions  (200-
1000 cm-1, 1002-2000  cm-1,  and  2002-3200 cm-1 in our  dataset),  corre-
sponding to the fingerprint region, mid-frequency region, and high-frequency
region, respectively, enabling fine-grained assessment of baseline character-
istics across different regions. The baseline in each region is estimated using
the adaptive iteratively reweighted penalized least squares (airPLS) algorithm,
which is robust to the presence of Raman peaks. The Spectral Baseline Index
(SBI) for each region is then calculated as the normalized area under the esti-
mated  baseline  curve,  making  the  indices  comparable  across  regions  of
different widths.

SBIi =
1
Δνi

νi,maxw
νi,min

Bi (ν)dν (2)

SBIi
Bi (ν)

νi,max νi,min

νi νi νi,max− νi,min

where  represents  the  normalized  baseline  area  index  within  the  i-th
wavenumber  interval,  represents  the  baseline  function  extracted  via
airPLS method; ν represents Raman shift in cm-1;  and  represent the
maximum and minimum wavenumbers of the i-th interval,  respectively;  and

represents the width of the wavenumber interval, i.e.,  = .
 Noise  Index  (NI). This  research  employs  a  noise  calculation  approach

based  on  baseline  removal.  The  method  first  applies  the  aforementioned
airPLS algorithm for baseline correction. Subsequently, an adaptive threshold
peak detection strategy is  adopted.  The whole-spectrum standard deviation
serves  as  an  initial  (typically  overestimated)  noise  level  estimate,  and  the
detection threshold is set at twice this level to ensure that low-intensity noise
is filtered while  retaining genuine characteristic  peaks.  For  the SNR calcula-
tion,  peak attributes are utilized to  construct  masks,  dividing peak and non-
peak regions.  For background noise estimation,  the Median Absolute Devia-
tion  (MAD)  is  employed  instead  of  the  traditional  standard  deviation  to
enhance robustness against outliers. The SNR is calculated as the ratio of the
average  peak  intensity  to  the  background  noise  level,  and  converted  to  a
decibel representation:

SNRdB = 10 · log10

(
Isignal
Inoise

)
(3)

Isignal =
1
Np

Np

∑
i=1

Ipeak,i; Inoise =median(|Ibg−median(Ibg)|)

Isignal Np

Inoise
where  represents the average value of all detected Raman peak inten-
sities, and  represents the Median Absolute Deviation (MAD) of the back-
ground  region  signal  separated  by  masking.  To  facilitate  integration  with
other  indicators,  the  SNR (in  dB)  is  converted  into  a  Noise  Index  (NI)  within
the  [0,1]  range  via  a  piecewise  linear  mapping  function.  This  mapping  is

based  on  empirical  thresholds  for  Raman  spectral  quality:  an  NI  of  1.0
(extremely high noise) is assigned to SNR ≤ 5 dB, and 0.0 (negligible noise) to
SNR  ≥  30  dB,  with  linear  variation  in  between.  This  normalization  strategy
enables the noise indicator to be weighted and combined with other indicators,
establishing  a  foundation  for  subsequent  comprehensive  anomaly  scoring.

NI=max
(
0,min

(
1,1− SNRdB−5

25

))
(4)

 Comprehensive  anomaly  score  calculation. The  individual  indices  are
integrated into a single Comprehensive Anomaly Score (CAS) via a weighted
linear combination, providing a holistic measure of spectral quality.

CAS=
Nm

∑
i=1

wi · li (5)

li wi

Nm

Nm = 3 wi

where  denotes  the  i-th  evaluation  index  (SI,  SBI,  NI)  and  is its  corre-
sponding  weight,  and  is  the  total  number  of  metrics  (in  this  study,

). A key advantage of this model is its flexibility: the weights  can be
tuned  to  adapt  to  specific  application  scenarios.  For  instance,  in  analytical
tasks highly sensitive to peak shape, the weight for the Saturation Index (SI)
could be  increased,  whereas  for  samples  with  strong  fluorescence  back-
grounds, the weight for the Spectral Baseline Index (SBI) could be prioritized.

For  reproducibility  in  this  study,  the  weights  were  set  based  on  empirical
analysis of the artifacts' impact (SI = 0.3,  NI = 0.5,  SBI = 0.2),  prioritizing the
noise component. A detailed justification for these physics-informed param-
eters  is  provided  in  the  Supplemental  Information  (Section  S1.3).  This
computationally efficient scoring provides a robust foundation for the subse-
quent  pseudo-label  generation.  Detailed  validation  and  visual  analysis  for
each of  these  three  physical  indices  are  presented  in  the  RESULTS section,
demonstrating their  effectiveness  in  distinguishing  different  spectral  cate-
gories.

Gpeak

The specific values for these physics-informed parameters (e.g., SI thresh-
olds,  peak  detection  prominence,  smoothing  sigma)  are  not  treated  as
data-driven  hyperparameters  but  as  codified  domain  knowledge  based  on
instrument characteristics and the physical  definition of  spectral  features.  A
detailed justification for these parameter choices in the context of their physical
meaning is provided in the Supplemental Information (Section S1.3).

 Physics-guided feature extraction
The  first  part  of  our  implicit  knowledge  engine  is  a  deep  autoencoder

designed not as a black box, but as a feature extractor that is actively guided
by physical priors. While a standard autoencoder treats all parts of the spec-
trum  equally,  our  proposed  Peak-Attention  Enhanced  Autoencoder  focuses
its  representational  power  on  the  physically  meaningful  characteristic
peaks—the primary carriers of chemical information (Figure 2).

Gpeak

Gpeak

The  core  of  this  guidance  is  a  physics-informed  guidance  matrix, ,
which incorporates prior knowledge about the nature of Raman spectra. The
generation  of  follows  a  multi-step  process:  First,  a  high  prominence
threshold  (prominence  >  0.3)  is  established  for  peak  detection,  effectively
filtering weak peaks and noise to retain only principal  peaks with significant
physical meaning. Then, a binary guidance matrix is constructed at the iden-
tified  peak  positions.  Subsequently,  a  Gaussian  filter  is  applied  to  smooth
these regions, creating a gradient attention weight distribution that simulates
the  half-width  characteristic  of  Raman  peaks.  Finally,  the  matrix  undergoes
normalization to ensure its weight distribution is within the [0,1] range.

Apeak Afeature

To efficiently integrate this physical prior, the model adopts a dual-channel
attention  architecture  that  processes  both  local  peak  features  and  global
spectral information.  The  peak  detection  channel  comprises  three  convolu-
tional neural network layers to capture peak morphological features, while the
feature  attention  channel  adopts  a  multilayer  perceptron  for  global  context.
The  outputs  from  both  channels,  and ,  are  dynamically  fused
through  learnable  parameters  α  and  β.  These  parameters  are  processed
through a sigmoid function and then normalized to ensure their sum equals
1, realizing an adaptive balance between the two attention components:

Acombined = α ·Apeak+β ·Afeature (6)

The final attention weights are updated according to a fixed proportion:
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Afinal = 0.7 · (Acombined ·Gpeak)+0.3 ·Acombined (7)

Gpeak

Gpeak Acombined

where  represents  the  peak  guidance  matrix.  This  fusion  strategy
strongly biases the network's focus towards the physically significant regions
identified  by ,  while  the  0.3  *  term  preserves  a  degree  of  data-
driven  exploration,  preventing  over-reliance  on  the  physical  prior.  This
ensures that the feature extraction process is both anchored by established
knowledge and adaptive to new patterns.

A  complete,  detailed  description  of  this  dual-channel architecture,  includ-
ing the specific  layer  dimensions,  residual  connections,  and activation func-
tions, is provided in the Supplemental Information (Section S1.1.1)

 Progressive pseudo-label generation
This stage serves as the critical bridge between the physics-informed eval-

uation and the deep representation learning. The continuous Comprehensive
Anomaly Scores (CAS), derived from the physics-informed metrics (Eq. 5), are
converted  into  discrete  pseudo-labels.  These  labels  provide  the  crucial
supervisory  signal  for  the  subsequent  contrastive  learning  stage.  This
conversion process is designed to be both robust and adaptive.

Instead  of  using  a  fixed  threshold,  which  is  brittle  across  different  data
batches,  we  employ  a  dynamic,  ranking-based  strategy.  For  each  batch,
spectra are ranked by their CAS scores. The top k% of samples with the high-
est scores are assigned the 'Anomaly' pseudo-label, while the remaining (100-
k)% are designated as 'Normal'. This relative, top-k approach ensures robust-
ness against distributional shifts between batches.

To further  enhance  learning  stability,  we  introduce  a  progressive,  curricu-
lum-learning-inspired  strategy.  The  anomaly  ratio  k  is  dynamically  adjusted
across  training  epochs.  Based  on  a  prior  estimation  that  the  true  anomaly
ratio in our dataset is approximately 15%, we designed a three-stage curriculum:

Initial  Stage  (k  =  10%):  The  model  is  trained  on  only  the  most  confident,
unambiguous anomalies, establishing a stable initial feature space.

Middle Stage (k = 15%): The anomaly ratio is increased to match the esti-
mated true proportion, training the model on a well-balanced set of samples
to learn finer-grained distinctions.

Final  Stage  (k  =  20%):  The  model  is  challenged  with  the  most  difficult,
ambiguous boundary cases by extending the ratio beyond the estimated true
proportion, refining its final discriminative power.

This  progressive  strategy  effectively  balances  the  trade-off  between
pseudo-label  quality  and  quantity,  mitigating  the  impact  of  potential  label
noise in early training and ensuring a smooth, robust optimization process.

k

Guidelines  for  Unknown  Anomaly  Rates:  For  real-world  scenarios  where
the ground-truth anomaly rate is unknown, we propose a "Distribution-Driven
Heuristic"  to  select ,  underpinned  by  the  framework's  inherent  robustness
via decoupled design.

k

1.  Distribution-driven  heuristic:  Operators  should  first  analyze  the
histogram of CAS scores for a calibration batch (as shown in Figure 6C). We
recommend setting the target  at the "elbow point" of the distribution or the
valley  trailing  the  dominant  normal  peak.  This  statistical  natural  boundary
provides a data-driven, logical estimation of the anomaly proportion.

k

k
k

2.  Inherent  robustness  via  decoupled  design:  Crucially,  the  framework  is
designed to be insensitive to the precision of this selection. This robustness
stems  from  the  decoupling  of  representation  learning  and  inference:  the
parameter  serves only to structure the feature space,  while  the final  deci-
sion  rigor  is  independently  governed  by  the  inference  threshold  (e.g.,  99.0th
percentile).  Furthermore,  the  progressive  curriculum  prevents  label  noise
from corrupting the feature space even if  is overestimated. This dual mech-
anism ensures that a simple, approximate choice of  does not compromise
the final diagnostic performance.

 Pseudo-label guided representation learning
The final stage of the PAQC framework uses the supervisory signal gener-

ated from the physics-informed metrics to guide the final optimization of the
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Figure 2.  Architecture of the Peak-attention enhanced Autoencoder.
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deep  feature  representation.  This  section  details  the  contrastive  learning
strategy  used  to  learn  this  discriminative  representation  and  the  efficient
inference mechanism for real-time diagnosis.

The contrastive learning network utilizes the features from the peak-guided
autoencoder  as  input,  projecting  them  into  a  new  space  via  a  non-linear
projection  head.  The  projection  head  is  a  three-layer  MLP  with  a  "narrow-
wide-narrow" architecture (input dimension → 256 → 128 → 64), incorporat-
ing  batch  normalization  and  ReLU  activation.  This  structure  enhances  the
model's expressive capability while preserving discriminative information. To
generate  positive  pairs  for  contrastive  learning,  two  different  augmented
views are created for each sample by applying random noise (at a 0.05 level)
and slight frequency shifts.

zi
P(i)

Our  core  innovation  lies  in  how  the  supervisory  signal  derived  from  the
explicit knowledge component is used to structure the learned feature space.
Unlike traditional contrastive learning that only treats augmented views of the
same sample  as  positive  pairs,  our  approach introduces class-level consis-
tency  defined  by  the  pseudo-labels.  As  illustrated  in Figure  3,  positive  pairs
are formed from two mechanisms: (1) self-augmentation consistency, where
different  views  of  the  same  sample  are  paired;  and  (2)  class  consistency,
where  different  samples  sharing  the  same  pseudo-label  are  paired.
Conversely,  samples  with  different  pseudo-labels  form  negative  pairs.  This
dual-constraint mechanism, optimized via a contrastive loss function (Eq. 8),
which enables the model to learn a highly discriminative feature representa-
tion.  For  any  given  anchor  sample ,  the  loss  is  designed  to  maximize  the
similarity  with  its  positive  pairs  (samples  with  the  same  pseudo-label)
relative to all other samples in the batch:

Li =− log
∑zp∈P(i) exp(sim(zi,zp)/)
∑za∈A(i) exp(sim(zi,za)/)

(8)

P(i) zi zi
A(i)

where:  is  the  set  of  all  positive  pairs  for  in  the  batch  (including 
itself  or  its  augmentation).  is  the  set  of  all  samples  in  the  batch (posi-
tives and negatives).  is the temperature parameter, set to 0.3 as specified in
Section S1.2.4.

For  deployment  and  inference,  we  adopt  an  efficient  real-time  diagnostic
strategy. This process is divided into two phases:

normal

∑−1
norma

1. Offline Calibration: After the contrastive learning network is fully trained,
all  high-confidence  'Normal'  samples  from  the  training  set  are  passed
through the frozen feature extractor. The distribution of these normal features
is  then  modeled  by  calculating  its  mean  vector  ( )  and  its  regularized
inverse covariance matrix ( ) in the feature space.

2.  Online  Diagnosis:  For  any  new,  incoming  single  spectrum,  the  system
performs  a  rapid  diagnosis.  The  spectrum  is  first  passed  through  the  fixed
feature extractor to obtain its feature vector. Then, its Mahalanobis distance
to  the  pre-calibrated  'Normal'  centroid  is  calculated.  By  comparing  this
distance to a pre-defined threshold,  an instantaneous and robust classifica-
tion of the spectrum's quality is achieved, making the framework suitable for
real-time engineering applications.

Critically,  the  selection  of  this  threshold  is  not  based  on  a  simple  default
percentile  (e.g.,  95%).  Instead,  our  final  decision  threshold  was  determined
through  a  comprehensive  sensitivity  analysis  (presented  in  Supplemental
Information, Section S4.2). This analysis identified the 99.0th percentile of the
normal  calibration  distances  as  the  optimal  balance  for  a  quality  control
application.  This choice was made because it  represents the optimal  trade-
off  that  achieves  a  state-of-the-art  F1-score  while  simultaneously  ensuring
that all true anomalies are identified (i.e., maintaining perfect recall), a critical
requirement for quality control systems.

 RESULTS
 Validation of physics-informed quality metrics

This  section  validates  the  effectiveness  of  the  physics-informed  quality
metrics,  which  form  the  foundation  of  the  PAQC  framework's  guidance
system.  Each  of  the  three  individual  indices—Saturation  (SI),  Baseline  (SBI),
and  Noise  (NI)—is  analyzed  separately  to  confirm  its  ability  to  distinguish
different spectral characteristics based on physical principles.

Figure 4A demonstrates the detection effectiveness of the saturation index,
revealing significant differences in saturation characteristics among different
types  of  spectra.  Normal  spectra  (blue)  exhibit  clear  characteristic  peaks
without  any  saturated  regions,  resulting  in  an  SI  value  of  0.000.  In  contrast,
saturated  and  flat  spectra  show  obvious  saturation  features  in  the  low
wavenumber  regions.  The  violin  plot  of  the  SI  distribution  further  quantifies
these  characteristics  across  the  entire  dataset,  showing  that  while  Normal
and  Noisy  samples  have  SI  values  concentrated  near  0,  Saturated  samples
have  a  significantly  higher  and  wider  SI  distribution  (median  of  0.26).  The
adopted  sliding  window  analysis  effectively  distinguishes  between  natural
Raman peaks and saturated regions by recognizing fundamental differences
in  their  morphology;  Raman  peaks  exhibit  natural  shapes  (Lorentzian  or
Gaussian),  whereas  saturated  regions  appear  as  unnatural  flat-top trunca-
tions.

Figure 4B shows the multi-region baseline analysis,  revealing characteris-
tic differences that are valuable for anomaly detection. The violin plot quanti-
fies  the  distribution  of  baseline  areas,  demonstrating  significant  differences
across  the  three  wavenumber  intervals,  which  reflects  the  wavelength-
dependent  nature  of  fluorescence  interference.  A  key  distinction  between
Saturated  and  Flat  spectra  lies  in  the  signal  characteristics  after  baseline
removal:  Saturated  spectra,  despite  strong  fluorescence,  still  retain  distinct
Raman peaks, whereas Flat spectra show almost no identifiable peaks. This
indicates  different  underlying  anomaly  mechanisms—signal  truncation  for
saturated spectra versus a complete lack of Raman activity or overwhelming
fluorescence for flat spectra.

Figure  4C shows the  Noise  Index  (NI)  analysis  results.  The  SNR distribu-
tion  plot  on  the  left  reveals  significant  differences  among  the  four  spectral
classes.  Normal  spectra  exhibit  the  highest  SNR  (mean  μ  =  22.3  dB),  while
Noisy  spectra  show an extremely  low SNR (mean μ  =  8.2  dB),  allowing this
metric to almost completely separate these two classes. However, Saturated
and Flat spectra partially overlap with Normal spectra in the SNR dimension.

 

Figure 3.  Schematic diagram of the contrastive learning strategy.
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This  distribution  reaffirms  the  difficulty  of  distinguishing  all  anomaly  types
with a single indicator and justifies the necessity of our multi-indicator fusion
approach to  capture  the characteristics  of  different  anomaly  types compre-
hensively.

Collectively,  the  analyses  of  the  Saturation,  Baseline,  and  Noise  Indices
demonstrate  that  our  physics-informed  module  forms  a  robust  and  well-
differentiated  quality  scoring  system.  While  each  index  effectively  targets  a
specific type of spectral artifact, their real power lies in their combined appli-
cation.  Different  anomaly  types  exhibit  distinct  signatures  across  these
indices, providing a comprehensive and interpretable view of spectral quality.
Crucially,  this  multi-indicator  evaluation  is  computationally  efficient,  with  an
average processing  time  of  approximately  0.03s  per  spectrum.  This  effi-
ciency ensures  that  the  explicit  knowledge  component  can  operate  effec-
tively  in  large-scale datasets,  providing  a  rapid  and  robust  quality  assess-

ment that lays a solid foundation for the subsequent deep learning stages of
our framework.

 Validation of physics-guided feature extraction
This  section  validates  the  effectiveness  of  the  physics-guided  feature

extraction module. We provide a comprehensive evaluation of how using an
explicit  physical  prior—the  locations  of  known  spectral  peaks—to  guide  the
autoencoder's  attention  mechanism  impacts  reconstruction  quality.  The
analysis covers  both  spectral  reconstructions and attention weight  distribu-
tions, as shown in Figure 5.

Figure  5A illustrates  the  reconstruction  comparison  for  normal  and  satu-
rated spectra. For normal spectra, the introduction of peak guidance reduced
the MSE by 19.24%. The improvement was more significant for artifact-heavy
spectra  like  the  saturated  example,  which  saw  a  97.95%  reduction  in  MSE.
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Figure 4.  Visualization and statistical analysis of physics-informed quality metrics (A) Saturation Analysis (SI): Comparison of spectral morphologies (Left) shows distinct "flat-
top" plateaus in saturated spectra compared to normal peaks. The SI distribution (Right) confirms significantly higher values for the Saturated class. (B) Baseline Analysis (SBI):
Multi-region segmentation (200-1000, 1002-2000, 2002-3200 cm-1) reveals that Flat spectra possess significantly larger baseline areas due to fluorescence. (C) Noise Analysis
(NI):  Signal-to-Noise Ratio (SNR) distributions demonstrate that the Noise Index derived from SNR effectively separates Noisy spectra (mean SNR ≈ 8.2 dB) from other cate-
gories.
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The attention weight distribution plot below it  clearly demonstrates the core
function  of  this  guidance:  the  attention  weights  are  transformed  from  a
dispersed  state  to  one  sharply  concentrated  on  the  physically  significant
Raman  peaks.  This  "focused"  attention  enables  the  model  to  prioritize
preserving the position, intensity, and morphology of Raman peaks, which are
key characteristics for sample identification.

Figure  5B  further  quantifies  the  reconstruction  improvements  across  all
four spectral types. The results indicate that the mechanism brings significant
quality  improvements  to  all  categories,  with  the  most  notable  reductions  in
MSE for  noisy  (97.26%)  and  flat  (97.54%)  spectra.  The  overall  average  MSE
improvement  across  all  classes  reached  62.19%,  thoroughly  validating  the
effectiveness of the proposed peak-guided attention mechanism.

From a mechanistic perspective,  peak-guided attention enhances weights
near peak points while reducing them in non-peak regions. For normal spectra,
this  strengthens  the  precise  reconstruction  of  characteristic  peaks;  for
anomalous spectra, it helps reduce interference from non-informative regions
(e.g., noise,  steep  baselines).  It  was  also  observed  that  the  model's  recon-
struction  capability  for  normal  spectra  was  significantly  better  than  for
anomalous spectra,  which  aligns  with  the  basic  concept  of  using  autoen-
coders  for  anomaly  detection—highlighting anomalies  by  optimizing  recon-
struction for the normal class.

In  summary,  this  comprehensive  analysis  indicates  that  the  peak-guided
attention  mechanism  not  only  improves  overall  reconstruction  quality  but,
more importantly, enhances the model's sensitivity to the physical character-
istics of Raman spectra. It enables the implicit knowledge engine to perform
representation learning based on the essential features of spectra rather than
superficial  noise.  This  establishes  a  solid  foundation  for  the  subsequent
stages, ensuring that the model captures features that truly reflect molecular
vibration information.

 Analysis of the progressive pseudo-labeling strategy
This  section  analyzes  the  critical  bridge  between  the  two  parts  of  our

framework:  the  progressive  pseudo-labeling  strategy.  We  first  examine  the
distribution of the anomaly scores derived from the physics-informed metrics
and  then  visualize  how  the  progressive,  top-k%  strategy  translates  these
scores into an evolving set of supervisory labels for the subsequent learning
stage, as shown in Figure 6.

Figure  6C  shows  the  anomaly  score  distributions  for  each  true  class.  A
clear  separation  is  visible:  Normal  spectra  (blue)  consistently  receive  low

scores,  while Saturated spectra (red) receive the highest.  Noisy (yellow) and
Flat  (green)  spectra  fall  in  between,  with  some  overlap.  This  distribution
confirms that our physics-informed scores effectively map spectral artifacts
to  a  quantitative  scale,  but  also  highlights  the  challenge  of  using  a  single,
fixed threshold, as it would struggle with the overlapping boundary regions.

To address this, our progressive, top-k% strategy generates pseudo-labels
in an "easy-to-difficult" curriculum. The t-SNE visualizations in Figure 6A (true
labels) and Figure 6B (pseudo-labels) demonstrate this process. At the initial
10% threshold (dark red),  the model correctly identifies the core of the most
obvious  anomaly  cluster  (Saturated  spectra).  As  the  threshold  increases  to
15% and 20% (lighter shades of red), the pseudo-labeling expands outwards,
gradually  incorporating the more ambiguous Noisy and Flat  spectra located
at the cluster boundaries.

It  is  also  instructive  to  analyze  the  discrepancies  between  the  pseudo-
labels and the true labels.  Notably,  some samples with "Noisy" or  "Flat"  true
labels  are  assigned  "Normal"  pseudo-labels  (e.g.,  in  the  circled  region  of
Figure 6). This is not a failure, but rather an intentional feature of our conser-
vative,  curriculum-based  approach.  The  framework  deliberately  avoids
assigning  "Anomaly"  labels  to  these  highly  ambiguous,  low-score  boundary
cases, especially in the early stages, to maintain the purity of the supervisory
signal. It prioritizes building a robust decision boundary based on high-confi-
dence examples first.

This inherent caution is a key reason for the framework's stability. By starting
with  high-purity  pseudo-labels  and  progressively  introducing  more  complex
examples,  our  strategy  effectively  mitigates  the  risk  of  the  model  being
corrupted  by  label  noise  during  early  training—a  common  failure  mode  in
pseudo-labeling  systems.  This  provides  a  high-quality,  evolving  supervisory
signal that is crucial for the success of the final contrastive learning stage.

 Overall performance of the PAQC framework
The final  performance  of  the  integrated  PAQC  framework  is  comprehen-

sively  presented  in Figure  7,  which  validates  both  the  quality  of  the  learned
feature space and the effectiveness of the rigorously-defined real-time diag-
nostic classifier.

 Overall  anomaly  detection  performance. The  analysis  begins  with  the
general structure of the feature space, as intuitively visualized in the 3D Prin-
cipal  Component  Analysis  (PCA)  view  (Figure  7B).  This  plot  demonstrates
that the normal (blue) and anomalous (red) samples form two highly distinct
and compact  clusters  that  are  linearly  separable,  with  the  few misclassified

 

Figure 5.  Analysis of the impact of Peak-Guided attention mechanism on Autoencoder reconstruction quality (A) Qualitative comparison of spectral reconstruction and atten-
tion weight distributions for Normal and Saturated spectra. The "With guide" attention weights (red lines) sharply focus on characteristic peaks, leading to precise peak recon-
struction,  whereas  "Without  guide"  weights  (blue  lines)  are  dispersed.  (B)  Quantitative  evaluation  of  reconstruction  quality  improvement.  The  bar  chart  shows  the  significant
reduction in Mean Squared Error (MSE) across all spectral categories after introducing the peak-attention mechanism, with an overall average improvement of 62.19%.
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samples (red  squares)  residing  at  the  interface  between  them.  This  funda-
mental  separability validates that our physics-guided learning paradigm has
successfully sculpted a feature representation that is inherently and robustly
discriminative.

Building  on  this,  the  2D t-SNE visualization  (Figure  7A)  allows  for  a  more
detailed  examination  of  the  inference  mechanism.  The  background  contour
visually represents the Mahalanobis distance-based anomaly score, creating
a clear decision surface. The red dashed line delineates the explicit  decision
boundary,  determined solely from the training set's normal data distribution.
This  panel  provides  direct  visual  evidence  of  how  the  diagnostic  classifier
operates,  partitioning  the  space  into  a  high-density  normal  region  and  a
sparse anomalous region.

The  quantitative  performance  is  detailed  in  the  confusion  matrix
(Figure  7C).  The  framework  achieves  a  state-of-the-art  F1-score  of  99.0%
and an accuracy of 99.6%. The model exhibits strong precision at 98.0% and
perfect sensitivity with a recall of 100.0%, successfully identifying all 48 out of
48 anomalous spectra. This outstanding balance is achieved under the strict,
reproducible 5-fold cross-validation protocol and using the empirically-justi-
fied  99.0%  inference  threshold  (as  detailed  in “representation  learning”
Section), highlighting the practical robustness of the method.

A  detailed  analysis  of  the  misclassified  samples  provides  deeper  insight
into the model's  behavior  at  the decision boundary.  As shown in the confu-
sion  matrix  (Figure  7C),  the  model  achieves  perfect  recall,  resulting  in  zero
false negatives. This demonstrates that the PAQC framework, guided by the
99.0%  threshold,  successfully  identifies  all  true  anomalies,  which  is  the
primary goal of a quality control system.

There is only one false positive—a Normal spectrum incorrectly flagged as
an anomaly. As shown in its spectral plot (Figure 7C, right) and its position in
the  t-SNE  view  (Figure  7A,  red  square),  this  is  an  "atypical"  normal  sample
whose  features  lie  just  outside  the  conservative  decision  boundary.  This
single error, occurring at the class interface, indicates the model's high sensi-
tivity  to  even  subtle  deviations  from  the  core  normal  pattern.  This  near-
perfect result underscores that the model does not suffer from systemic fail-
ure but rather accurately and robustly separates the normal and anomalous
clusters.

In  summary,  the  combination  of  a  fundamentally  discriminative  feature
space,  sculpted  by  our  hybrid-intelligence approach,  and  an  effective,  rigor-
ously-defined  distance-based  classifier  results  in  state-of-the-art perfor-
mance. These results provide a comprehensive and honest validation of the
PAQC paradigm, demonstrating its ability to translate a synergistic fusion of
explicit  physical  knowledge  and  implicit  deep  learning  into  a  reliable  and
automated solution for engineering quality control.

 Comparison  with  state-of-the-art  methods. We  compare  our  PAQC
framework against  three widely-used anomaly detection baselines:  Isolation
Forest (IF), One-Class SVM (OC-SVM), Deep Support Vector Data Description
(Deep SVDD), and Variational Autoencoder (VAE).32 Performance is evaluated
using  standard  classification  metrics:  Accuracy,  Precision,  Recall,  and  F1-
score. All experiments were conducted using PyTorch, and detailed hyperpa-
rameter settings  for  all  models  are  provided in  the  Supplementary  Informa-
tion, Section S3.2, to ensure reproducibility.

Before presenting the comparative results, it is crucial to re-emphasize that
all  performance metrics  were  obtained using  the  rigorous 5-fold  cross-vali-
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Figure 6.  Visualization  of  pseudo-label  generation  mechanism (A)  t-SNE  visualization  of  model  features  colored  by  true  labels,  highlighting  the  inherent  overlap  between
classes. (B) t-SNE visualization colored by generated pseudo-labels, illustrating the "easy-to-difficult" curriculum: the 10% threshold identifies the core Saturated cluster, while
the 15% and 20% thresholds progressively expand to include boundary Noisy and Flat samples. (C) Anomaly score distributions for each true class. The vertical lines indicate the
dynamic thresholds corresponding to the 10%, 15%, and 20% anomaly ratios, demonstrating how the progressive strategy captures samples from high certainty to high ambiguity.
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mean±std
dation  (CV)  protocol  detailed  in “Dataset” Section.  All  results,  including  for
baselines, are reported as the mean ± standard deviation ( ). This
protocol  ensures  a  rigorous  and  unbiased  evaluation,  guaranteeing  that  the
following results are a genuine validation of each model's ability to generalize
to previously unobserved data.

As shown in the baseline comparison section of Table 1, our PAQC frame-
work significantly outperforms all baseline paradigms. While traditional meth-
ods  like  Isolation  Forest  (F1:  63.41%  ±  1.55%)  and  One-Class  SVM  (F1:
75.25% ± 2.24%) struggle to model the complex spectral data, the deep learn-
ing approaches provide much stronger benchmarks.

The  deep  representation-based  Deep  SVDD,  after  extensive  optimization,
achieves  a  highly  competitive  F1-score  of  93.73%  ±  1.67%.  To  evaluate  the
generative  paradigm,  we implemented  a  deep VAE,  which  achieves  an  even
higher F1-score of 96.85% ± 0.58%. However, despite its high overall  perfor-
mance,  the VAE is  limited by its  recall  (96.25% ± 2.04%).  This  indicates that
while  effective,  pure  generative  models  still  struggle  to  detect  "hard
samples"—subtle, boundary-case anomalies that lack sufficient reconstruction
error to be flagged without explicit guidance.

In contrast, our PAQC method, representing a hybrid-intelligence paradigm,
achieves a superior F1-score of 98.98% ± 0.67% while maintaining a perfect
100.00%  ±  0.00%  recall.  This  performance  gap,  particularly  in  recall,  is
attributed to PAQC's synergistic design: unlike pure data-driven models (Deep
SVDD  and  VAE),  PAQC's  physics-guided  pseudo-labeling  and  contrastive
learning actively leverage domain knowledge to identify and capture even the
most  elusive  anomalies  that  other  methods  miss.  A  detailed  analysis  of  all
baseline models is available in the Supplementary Information, Section S3.

 Ablation study: The role of the progressive strategy. The pivotal role of
our  progressive  pseudo-labeling  strategy  is  quantitatively  assessed  in  the
ablation study section of Table 1. A key finding is the model's high sensitivity
to pseudo-label quality. This is a direct consequence of our semi-supervised
contrastive learning design, where pseudo-labels are not merely for initializa-
tion but actively define the positive and negative pairs that guide the feature
space optimization.

The results from the 5-fold cross-validation, presented in Table 1, reveal a
critical insight:  all  tested strategies consistently achieve a perfect 100.00% ±
0.00%  recall.  The  primary  differentiator  among  the  strategies,  therefore,
becomes precision, which reflects the quality of the learned decision boundary.

The fixed-proportion strategies  clearly  illustrate  the challenge of  selecting
an optimal, fixed pseudo-label ratio, especially when the true anomaly ratio is
unknown  (assumed  to  be  ~15%  here).  The  15%  (Fixed)  strategy,  which  is
closest to the true anomaly ratio,  yields the best F1-score (97.37% ± 1.04%)
among all  fixed  approaches.  The  10% (Fixed)  strategy  is  too  "conservative."
By  under-sampling  the  anomaly  class,  it  fails  to  provide  the  model  with
enough  diverse  examples,  resulting  in  a  suboptimal  F1-score  (96.93%  ±
1.15%).  The  20%  (Fixed)  strategy  is  too  "aggressive."  By  labeling  20%  of
samples as anomalous, it inevitably introduces "label noise"—i.e., mislabeling
difficult normal samples as anomalies. This noise corrupts the feature space,
leading  to  the  lowest  precision  and  the  worst  F1-score  (96.36%  ±  1.52%)
among the fixed strategies.

→ →Our progressive strategy (10% 15% 20%) masterfully resolves this trade-
off by adopting an "easy-to-difficult" curriculum. It combines the strengths of
all  fixed  strategies:Initial  Stage  (10%):  It  starts  "conservatively,"  using  only
high-purity, unambiguous anomalies to establish a stable and robust feature
space,  avoiding  the  "noise"  of  the  20%  strategy.  Middle  Stage  (15%):  It
expands  to  the  "optimal"  15%  ratio,  learning  from  a  well-balanced  set  of
samples. Final Stage (20%): Once the feature space is stable, it "aggressively"
introduces  the  most  challenging  boundary  cases,  refining  its  discriminative
power without succumbing to the noise that plagued the fixed 20% strategy
from  the  start.  Consequently,  the  progressive  strategy  achieves  the  highest
precision (98.00% ± 1.31%) by most effectively mitigating label noise, result-
ing in the highest overall F1-score (98.98% ± 0.67%).

 DISCUSSION
The  experimental  results  comprehensively  validate  the  state-of-the-art

performance  of  the  PAQC  framework.  More  importantly,  they  provide  a
compelling solution to the dilemma between physics-based and data-driven

 

Figure 7.  Visualization of the final anomaly detection results and the real-time diagnostic mechanism (A) 2D t-SNE visualization (Left) overlaid with the Mahalanobis distance-
based anomaly score contour. The red dashed line delineates the explicit decision boundary determined by the 99.0th percentile of the training set, partitioning the space into a
high-density  normal  region and a sparse anomalous region.  (B)  Conceptual  3D PCA view of  the learned feature space (Top Right),  demonstrating the clear  linear  separability
between Normal (blue) and Anomalous (red) clusters. (C) Confusion matrix with error analysis (Bottom Right). The model achieves 100% recall. The single False Positive (Normal
sample misclassified as Anomaly) is analyzed, showing it lies just outside the conservative decision.
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models for engineering signal analysis. PAQC successfully demonstrates that
by  synergizing  physics-informed  metrics  with  a  powerful  deep  learning
network,  it  is  possible  to  achieve  a  system  that  is  both  robustly  high-
performing and grounded in domain expertise.  The physics-based guidance
provides  reliability  against  noisy,  unlabeled  data,  while  the  deep  network
provides  the  flexibility  to  learn  complex  patterns  that  defy  simple  physical
modeling.

A key methodological insight from our ablation study is the importance of
the knowledge fusion strategy. The success of the progressive pseudo-label-
ing  curriculum  highlights  that  for  hybrid-intelligence systems,  the  mecha-
nism for translating and feeding physics-based insights to the deep learning
model must be a co-designed, integral component, not a simple preprocess-
ing  step.  This  approach  of  intelligently  managing  the  uncertainty  from
physics-informed  sources  is  critical  for  robust  performance  in  real-world
engineering applications.

Furthermore,  the  PAQC  framework  demonstrates  significant  potential  for
scalability  across  heterogeneous  instrumentation  (e.g.,  transferring  from
handheld to benchtop devices).  This cross-instrument adaptability is under-
pinned  by  three  pillars:  (1)  Universality  of  Physics-Informed  Metrics:  The
fundamental definitions of  spectral  artifacts  (e.g.,  saturation plateaus,  base-
line  drift)  are  consistent  across  instrument  types.  Adapting  to  a  new device
requires only a simple,  one-time calibration of the physical  thresholds using
standard reference samples. (2) Structural Resilience of the Autoencoder: The
Peak-Attention  Autoencoder  is  designed  to  be  resolution-agnostic. Differ-
ences  in  spectral  resolution  or  ranges  between  instruments  can  be  bridged
via  standard  spectral  resampling  (interpolation)  to  match  the  model's  input
dimension. Crucially, the peak-attention mechanism focuses on the topologi-
cal  structure  of  Raman  peaks  rather  than  their  absolute  pixel  coordinates,
ensuring robust  feature  extraction  even  under  varying  instrumental  resolu-
tions.  (3)  Efficient  Transfer  Learning:  The  framework's  modular  design
enables rapid adaptation.  The heavy feature extractor  (Autoencoder)  can be
frozen,  while  the  lightweight  contrastive  projection  head—which  contains
significantly fewer parameters—can be efficiently fine-tuned. This allows the
model to adapt to a new instrument's specific noise profile using only a small
amount  of  data  and  minimal  training  time,  avoiding  the  need  for  expensive
full-model retraining.

The primary limitation of this work, which also points to a clear direction for
future  research,  lies  in  the  domain-specific  nature  of  the  explicit  knowledge
component. While the hybrid-intelligence paradigm of PAQC is highly gener-
alizable,  the  specific  physical  indicators  (SI,  SBI,  NI)  are  tailored  for  Raman
spectroscopy. Applying this paradigm to other engineering domains, such as
vibration analysis for  mechanical  fault  diagnosis or  signal  integrity  checking
in  communications,  would  necessitate  the  development  of  a  new,  domain-
specific  set  of  physics-informed  indicators.  This  highlights  a  promising
avenue  for  future  work:  collaborating  with  experts  in  various  engineering
fields  to  co-design  new  explicit  knowledge  modules  and  apply  the  PAQC
blueprint to a wider range of knowledge-intensive quality control challenges.

 CONCLUSION
In this work, we introduced and validated PAQC, a novel hybrid-intelligence

paradigm  for  automated  quality  control  in  engineering  applications  utilizing
Raman  spectroscopy.  Our  framework  addresses  the  fundamental  dilemma
between interpretable but simplistic physics-based models and powerful but
knowledge-agnostic  data-driven models.  The  core  contribution  is  a  frame-
work  that  successfully  fuses  physics-informed  metrics  with  a  self-super-
vised deep learning model.

Through a synergistic design, this work demonstrated how physics-based
insights  can  provide  robust  supervisory  signals  to  effectively  guide  a  deep
contrastive learning network. Extensive experiments validated this approach,
with  the  PAQC  framework  achieving  a  state-of-the-art  F1-score  of  98.98%.
This  work  demonstrates  that  by  strategically  combining  domain-specific
physical  insights  with  advanced  deep  learning  techniques,  it  is  possible  to
create  a  robust  and  automated  solution  for  engineering  quality  control.  The
core principle of PAQC—synergizing domain knowledge with advanced repre-
sentation learning—is highly generalizable. It  offers a promising blueprint for
developing robust, unsupervised decision-support systems for other analyti-
cal instrumentation and knowledge-intensive engineering applications where
data quality is paramount and labeled anomalies are scarce.
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