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Abstract

Raman spectroscopy integrated with artificial intelligence (Al) provides a non-destructive method for
pharmaceutical quality control and process monitoring. This study evaluates a Raman—Al workflow designed for
compound identification, spectral classification, and the detection of counterfeit pharmaceuticals. Spectra were
collected from representative formulations, including paracetamol, ibuprofen, aspirin, and amoxicillin. The data
underwent automated preprocessing and dimensionality reduction before being analyzed using Support Vector
Machine (SVM), Random Forest (RF), Artificial Neural Network (ANN), and Convolutional Neural Network
(CNN) models. The CNN model achieved a classification accuracy of 99.1%, while the SVM provided
comparable performance with lower computational requirements. The framework also demonstrated high
sensitivity and specificity in distinguishing authentic from counterfeit formulations. These results indicate that
combining Raman spectroscopy with machine learning models offers a reliable approach for automated analysis
and process monitoring in pharmaceutical manufacturing.

Keywords: Raman spectroscopy; Artificial intelligence; Pharmacology; Pharmaceutical manufacturing;
Machine learning; Drug analysis; Chemometrics; Process analytical technology; Deep learning; Quality control.
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1. Introduction

Rapid and reliable analytical technologies are essential for ensuring the quality, safety, and consistency of
pharmaceutical products throughout manufacturing. Conventional analytical techniques, including high-
performance liquid chromatography (HPLC) and mass spectrometry (MS) [1] [2], provide excellent quantitative
performance but often require extensive sample preparation, destructive testing, and off-line laboratory analysis,
limiting their suitability for continuous manufacturing environments. Consequently, there is growing interest in
spectroscopic techniques capable of providing rapid, non-destructive, and real-time molecular characterization.
Raman spectroscopy has become an important analytical tool for pharmaceutical applications because it provides
highly specific molecular fingerprints based on the inelastic scattering of monochromatic light [3]. The technique
enables the identification of active pharmaceutical ingredients (APIs), polymorphic forms, impurities, excipients,
and degradation products with minimal sample preparation while preserving sample integrity. These
characteristics make Raman spectroscopy particularly attractive for Process Analytical Technology (PAT) and
continuous pharmaceutical manufacturing [3] [4] [5].

Despite its advantages, Raman spectroscopy generates large and complex spectral datasets that are often affected
by fluorescence interference, baseline drift, and spectral overlap, making conventional data interpretation
increasingly challenging. Recent advances in artificial intelligence (Al) and machine learning (ML) [6] [7] have
enabled automated extraction of meaningful spectral information, substantially improving classification accuracy,
prediction capability, and real-time analytical performance. Machine learning algorithms such as Support Vector
Machines (SVM), Random Forests (RF), Artificial Neural Networks (ANN), and Convolutional Neural Networks
(CNN) have demonstrated considerable potential for analyzing high-dimensional Raman datasets and supporting
intelligent pharmaceutical decision-making [8] [9] [10].

In this study, we developed and evaluated an integrated Al-assisted Raman spectroscopy workflow for
pharmaceutical analysis. The proposed framework combines automated spectral preprocessing, dimensionality
reduction, machine learning classification, and real-time analytical inference to identify pharmaceutical
compounds and assess sample authenticity. Representative pharmaceutical formulations were analyzed to evaluate
the analytical performance of multiple machine learning algorithms in terms of classification accuracy,
computational efficiency, and diagnostic capability. The proposed workflow demonstrates the potential of Al-
assisted Raman spectroscopy as an intelligent platform for pharmaceutical quality control, counterfeit drug
detection, and continuous manufacturing within modern Industry 4.0 environments.

2. Principles of Raman Spectroscopy
Principles of Raman spectroscopy are based on the interaction of monochromatic light photon and electrons in
the molecule bond. About 99.9% of all interactions lead to the elastic scattering (scattered photons have the same
energy as incident photons) called Rayleigh scattering. In rare cases, however (from 10 to 10°%), there is the
inelastic scattering known as Raman scattering [11].
The fundamental energy shift (AE) is expressed [11] as:

AE = h(vy — vg)

where h corresponds Planck’s constant, v, represents incident laser frequency, and v, denotes scattered light
frequency. In practice, this is measured in wavenumbers [11] (Av, cm™1):
1 1

Av=———
VS0 7

where 4, is the excitation wavelength and A, is the scattered wavelength, respectively.

The Raman shift usually takes place between 100-4000 cm™ [12]. Analysis in the pharmaceutical industry
involves identification of the “fingerprint region” [13], which is located in the spectral area of 100-4000 cm™ and
reflects specific deformations of functional groups, lattice vibrations, and polymorphism.

There are two modes of Raman scattering depending on the initial vibrational state of the molecule [11] [14]:
Stokes Scattering: Molecule is in the ground vibrational state; energy is absorbed from the photon. As a result,
the frequency of the scattered photon is decreased (vg < v,). This type of scattering is predominant at room
temperature (298 K), depending on the distribution according to Boltzmann’s statistics.

Anti-Stokes Scattering: Molecule is in the excited vibrational state and gives its energy to the scattered photon
with higher frequency (vg > v,).
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The macroscopic intensity of the Raman signal (Iz) depends directly on the change in molecular polarizability («)
relative to the normal vibrational coordinate (Q) [15]:

| (60{)2
o( —_—
R aQ
Moreover, scattering efficiency scales inversely with the fourth power of the excitation wavelength (I o< 1™%).

Choosing an excitation laser requires balancing this efficiency against auto-fluorescence interference [16] as we
see in table I.

Table I: Comparison of common Raman spectroscopy excitation wavelengths (532 nm, 633 nm, 785 nm, and
1064 nm) based on detector quantum efficiency, fluorescence suppression capabilities, and primary target
applications [17] [18].

Wavelength (1) Quantum Efficiency ZES;?ZZ:;:)? Pr'lo‘rgg:’i)(/: ;:(?Orr?ﬂ
532 nm Superior ( 17%) Poor Low-fluorescence
chemical assays
633 nm Intermediate Moderate General aqueous
solutions
785 nm Optimized Strong Solid oral dosage forms,
powders, tablets
1064 nm Low Very High Highly fluorescent
organic compounds

3. Artificial Intelligence in Raman Pharmaceutical Analysis

Given the high dimensionality of the hyperspectral array space and automation of production control, there is an
abundance of data points generated. Regular chemometrics may be challenged to process the non-linear variances
caused by matrix heterogeneity and baseline drift. Al-based models overcome these difficulties by identifying the
latent variables and automating class separation boundaries [19] [20].

3.1 Chemometric and Al Model Architectures

Based on the task at hand (classification, regression, structural localization), the algorithms are selected as follows
[21]:

Support Vector Machines (SVM): Supervised models for classification which find the best hyperplane of
separation between multi-class objects. They are particularly efficient in high-dimensional space with high
precision in polymorphic form classification (95-99%).

Random Forest (RF): Ensemble classifiers based on a number of decision trees to prevent interference from local
spectral noise. They are robust in audit of supply chain and identification of counterfeit batches with accuracy
ranging from 93-98%.

Artificial Neural Networks (ANN): Multi-layered perceptron model that is able to capture deep non-linearity. It
is mainly used for quantitative composition analysis with accuracy of 90-97%.

Convolutional Neural Networks (CNN): Deep-learning architectures with spatial-spectral weight convolution.
The direct scan of multi-channel hyperspectral array in CNN allows eliminating feature selection with accuracy
in 1D- and 3D-CNN being 96-99%.

Principal Component Analysis (PCA) and Partial Least Squares Regression (PLSR): Key multivariate techniques.
PCA reduces variables by 70-95%, PLSR gives accurate concentration curves with determination coefficients
(R?) 0.95-0.99.

3.2 Standard Machine Learning Workflow

Converting raw spectral signals into reliable analytical classifications requires a structured processing pipeline to
address physical anomalies and optical noise. The procedure begins with data acquisition, where laser-induced
excitation captures vibrational transitions within the sample matrix. Raw spectra often contain baseline distortions,
cosmic spikes, and variations in scattering geometry, necessitating a sequential chemometric preprocessing stage.
This stage standardizes intensity values before Principal Component Analysis is applied to reduce dimensionality
and mitigate potential overfitting. The resulting feature vectors are then partitioned into stratified subsets—70
percent for training, 15 percent for validation, and 15 percent for independent testing—to ensure the model
remains generalizable for real-time process analytical technology applications and automated material monitoring
(see Figure 1).
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J

Figure 1. Schematic workflow of the proposed analytical pipeline for Al-assisted Raman spectroscopy in

pharmaceutical process analytical technology (PAT).
The framework illustrates the chronological progression of data: (1) multi-wavelength raw spectral acquisition
using 785 nm or 1064 nm continuous-wave laser excitation; (2) a multistage preprocessing phase comprising
cosmic ray despiking, baseline flattening, Savitzky—Golay smoothing, and Standard Normal Variate (SNV)
normalization; (3) dimensionality reduction via Principal Component Analysis (PCA) to compress high-
dimensional variables from 1500 spectral channels down to 25-50 principal components; (4) model training and
validation using a stratified 70/15/15% data partitioning strategy; and (5) automated operational inference for
active pharmaceutical ingredient (API) quantification, polymorphic phase identification, and anti-counterfeiting
screening.

4. Materials and Methods

4.1 Experimental Instrumentation Configuration

Raman spectra were acquired using a high-throughput spectroscopic system integrated with an artificial
intelligence framework. A stabilized 785 nm semiconductor diode laser provided excitation, delivering a regulated
50 mW at the sample interface to ensure signal stability and prevent localized thermal degradation. The optical
path utilized a research-grade microscope equipped with a 50x long-working-distance objective lens (NA = 0.55),
focusing the beam to a spot size of approximately 1.5 um on the samples. Backscattered photons were collected
by an asymmetric Czerny-Turner monochromator featuring a 1200 lines/mm holographic diffraction grating,
achieving a spectral resolution of 1.5 cm-1 within the fingerprint region. Signals were detected by a thermo-
electrically cooled (-70 C) charge-coupled device (CCD) sensor [22] with a 1024 x 256 pixel matrix to minimize
dark current noise. Data were streamed to a GPU-accelerated computing system for real-time model training and
inference as shown in Figure 2.
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Figure 2. Integrated Al-assisted Raman spectroscopy platform for pharmaceutical analysis.

The workflow comprises five modules: (1) laser excitation, (2) optical microscopy, (3) Raman signal detection,
(4) spectral preprocessing and machine-learning model development, and (5) comparative multiclass performance
of the evaluated Al classifiers (CNN, SVM, RF, and ANN).

4.2 Pharmaceutical Sample Preparation and Matrix Characterization

Four representative pharmaceutical compounds were analyzed in their native state to reflect typical
pharmaceutical manufacturing conditions [10]. Paracetamol (acetaminophen) was examined as a crystalline oral
solid dosage form containing conventional excipients. Ibuprofen was investigated in both liquid-gel and powder-
filled capsule formulations to account for variations in pharmaceutical formulation and molecular organization.
Aspirin (acetylsalicylic acid) was included as a representative crystalline pharmaceutical compound with well-
defined Raman spectral characteristics. Amoxicillin trihydrate was selected as a representative p-lactam antibiotic
because of its characteristic molecular fingerprint and its susceptibility to environmental degradation. The
corresponding molecular structures of these active pharmaceutical ingredients (APIs) are presented in Figure 3
according to standard IUPAC chemical nomenclature.

(A) Paracetamol (Acetaminophen) (B) Ibuprofen

Molecular formula: C4HZO,
Molecular weight: 180.16 g/mol

HO

——N
7

)OJ\ [ 0
NH CH, OH
Molecular formula: CgHgNO, Molecular formula: C3H,50,
Molecular weight: 151.16 g/mol Molecular weight: 206.28 g/mol
(C) Aspirin (Acetylsalicylic acid) (D) Amoxicillin
(o) OH NH, O
H
M : CH,
0 0)
\K CH,
CH,4

OH

o
ﬁ.m\\\

Molecular formula: C;¢H,oN;0,S

Molecular weight: 365.40 g/mol

Figure 3. Standard chemical structures of the four pharmaceutical compounds analyzed by Al-assisted Raman
spectroscopy.
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The figure illustrates the molecular structures of (A) paracetamol (acetaminophen), (B) ibuprofen, (C) aspirin
(acetylsalicylic acid), and (D) amoxicillin, drawn according to standard IUPAC conventions. These active
pharmaceutical ingredients (APIs) constitute the representative compounds used for multiclass Raman spectral
classification and pharmaceutical quality assessment.

Samples were placed on gold-coated microscope slides to suppress substrate fluorescence and optimize the signal-
to-noise ratio (SNR). Each measurement involved a 10-second exposure time with three co-added replicates to
reduce stochastic shot noise. The resulting data arrays, consisting of 1500 channels per matrix, were processed
through an automated pipeline. This included median filtering for cosmic ray removal, iterative polynomial fitting
for baseline fluorescence correction, Savitzky-Golay filtering for high-frequency noise reduction, and Standard
Normal Variate (SNV) [23] normalization to account for variations in sample morphology.

5. Experimental Results

5.1 Model Performance Benchmarking

The preprocessed validation sets were used to evaluate four computational architectures, with multi-class
discrimination metrics summarized in Table II.

Table I1. Comparative multiclass classification performance of SVM, RF, ANN, and CNN models for Raman-
based identification of paracetamol, ibuprofen, aspirin, and amoxicillin.

Paracetamol Ibuprofen Aspirin Amoxicillin DI Micro-
Al Model (%) (%) (%) (%) Accuracy Averaged
(%) F1-score
SVM 98.6 98.2 98.8 98.4 98.5 0.984
RF 97.4 97.0 97.3 97.1 97.2 0.971
ANN 96.9 96.5 97.0 96.8 96.8 0.966
CNN 99.2 99.0 99.3 98.9 99.1 0.991

The comparative performance of the evaluated Al models is summarized in Table I1. All models were trained and
evaluated using the same multiclass Raman spectral dataset comprising paracetamol, ibuprofen, aspirin, and
amoxicillin samples. Among the evaluated classifiers, the CNN model achieved the highest overall classification
accuracy (99.1%), together with the highest precision, recall, and F1-score, demonstrating its superior capability
to automatically extract complex nonlinear spectral features. The SVM classifier also exhibited excellent
performance (98.5%) while requiring the lowest computational cost, making it particularly suitable for rapid
pharmaceutical quality-control applications. Although the Random Forest (97.2%) and ANN (96.8%) models
achieved slightly lower accuracies, both demonstrated robust and reliable multiclass classification performance.
Overall, the results indicate that deep learning approaches provide superior predictive accuracy, whereas
conventional machine-learning algorithms offer an effective balance between computational efficiency and
classification performance. Across all four pharmaceutical compounds, the evaluated models maintained
consistently high classification performance. The CNN model consistently achieved the highest accuracy for each
drug class, whereas SVM delivered comparable performance with substantially lower computational
requirements. These findings highlight the potential of Al-assisted Raman spectroscopy as a reliable tool for
automated multiclass pharmaceutical identification and quality assessment.

5.2 Supply Chain Integrity Metrics
To assess the detection of substandard or falsified products, the trained classifiers were deployed against diluted
or altered batches. Diagnostic metrics are detailed in Table III.

Table I11. Statistical screening performance metrics of the Al-Raman system in distinguishing authentic
formulations from counterfeit and adulterated samples.

Target Sample Size (N) Diagnostic Diagnostic Area Under ROC
Pharmaceutical Sensitivity (%) Specificity (%) (AUC)
Compound
Paracetamol Matrix 450 97.8% 98.2% 0.991
Ibuprofen Matrix 400 96.4% 97.1% 0.985
Amoxicillin Matrix 500 98.7% 99.0% 0.996

The system achieved a sensitivity of 98.7% and a specificity of 99.0% for amoxicillin matrices. These results
suggest that the models effectively track variations in crystal symmetry, micro-contamination, and low-
concentration filler substitutions that are difficult to identify through conventional inspection [24].
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5.3 Vibrational Spectral Interpretation

The baseline-corrected and vector-normalized Raman spectra exhibited well-defined molecular fingerprints
within the fingerprint region (400-1800 cm™), as illustrated in Figure 4. Each pharmaceutical compound
displayed characteristic vibrational bands associated with its molecular structure, enabling reliable spectral
differentiation and serving as discriminative features for artificial intelligence (Al)-based classification.
Paracetamol exhibited prominent Raman bands at 1648 cm™, corresponding to the Amide | carbonyl stretching
vibration (v(C=0)), 1611 cm™ assigned to aromatic ring C—C stretching, 1563 cm™ associated with the Amide 11
vibration, and 1238 cm™ attributed to C-O/C-N stretching. These characteristic bands arise from the aromatic
amide structure of paracetamol and provide a distinctive spectral fingerprint for molecular identification.

The Raman spectrum of ibuprofen was characterized by a strong aromatic ring C—C stretching vibration at 1608
cm™, a CHz bending mode at 1184 cm™, and a benzene ring breathing vibration at 834 cm™. These bands reflect
the molecular architecture of ibuprofen and facilitate its discrimination from chemically related pharmaceutical
compounds.

Aspirin (acetylsalicylic acid) displayed a dominant ester carbonyl stretching vibration at 1750 cm™, an aromatic
ring skeletal vibration at 1606 cm™, and a characteristic C-O-C stretching vibration at 1295 cm™'. Collectively,
these Raman bands are consistent with the ester-functionalized aromatic structure of aspirin and constitute reliable
spectral markers for compound identification.

Amoxicillin trihydrate exhibited a characteristic B-lactam carbonyl stretching vibration at approximately 1685
cm!, together with amide-related and aromatic ring vibrational bands centered near 1613 cm™. These features
originate from the B-lactam ring and the aromatic side chain, generating a unique Raman fingerprint that enables
accurate molecular recognition while preserving chemical specificity.

1611 1238 SERSESIERE
Ring C-C 4563 C-O/C-N
Amide Il

1.01 1648
C=0 Amide |

1608 1184 834 IBUPROFEN

CH, bend (Benzene ring

F

&

oy

2 0.5+ breathing)

2

€ 0.0

- 1.0 1750 ) 1606 1295 ASPIRIN
N Ester | Ring C-C C-0-C

= 0.5 C=0

g LNAA/\A

5 0.0

Z 1.0 1613 Amide and aromatic ring vibration AMOXICILLIN
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Figure 4. Representative Raman spectra of paracetamol, ibuprofen, aspirin, and amoxicillin recorded over the
fingerprint region (400-1800 cm™).

Characteristic Raman bands corresponding to the principal molecular vibrational modes are indicated for each
pharmaceutical compound. These distinctive spectral fingerprints constitute the discriminative features employed
by the artificial intelligence models for automated multiclass pharmaceutical classification.

The combination of these characteristic Raman bands provides highly discriminative molecular information that
is effectively exploited by artificial intelligence algorithms. During model training, machine learning and deep
learning classifiers analyze variations in peak position, peak intensity, full-width at half-maximum (FWHM) [25],
and spectral line-shape asymmetry to distinguish among pharmaceutical compounds with high accuracy. These
complementary spectral descriptors improve model robustness against instrumental variability and enable reliable
automated multiclass classification without requiring manual feature engineering.

6 Discussion and Future Perspectives

The experimental results indicate that integrating the chemical specificity of Raman signatures with machine
learning classification provides an efficient and precise process analytical technology platform. By eliminating
the sample preparation requirements inherent in conventional analytical methods, this framework enables real-
time monitoring of critical manufacturing operations, including blending uniformity, granulation, crystallization
kinetics, and film coating integrity.
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Despite these advantages, several challenges must be addressed for broader industrial adoption [21]. First, Raman
scattering is an inherently weak phenomenon, often susceptible to auto-fluorescence when analyzing complex or
colored matrices. Such interference can degrade spectral quality and reduce classifier reliability. Second, the
black-box nature of deep learning models, such as convolutional neural networks, remains a significant barrier.
While these models offer high predictive accuracy, their lack of chemical interpretability complicates validation
under regulatory frameworks established by the FDA or EMA. Third, the implementation of these systems
requires substantial high-quality datasets to prevent overfitting, alongside significant capital investment for high-
performance spectrometers and specialized detectors.

Future research is shifting toward Surface-Enhanced Raman Spectroscopy to address signal limitations [21],
utilizing plasmonic nanoparticles to amplify intensities and lower detection limits for trace components.
Furthermore, the development of Explainable Al techniques, such as Shapley Additive Explanations, may allow
researchers to correlate model weights with specific molecular vibrational modes. Establishing this link between
statistical inference and physical chemistry is essential for achieving the regulatory traceability necessary for
industrial deployment.

7. Conclusion

The integration of artificial intelligence (Al) with Raman spectroscopy represents a significant advancement in
pharmaceutical analysis by combining molecular specificity with intelligent data processing. Throughout this
review, it has been demonstrated that Al-assisted Raman spectroscopy enhances the accuracy and efficiency of
pharmaceutical quality control, enabling rapid identification of active pharmaceutical ingredients, polymorphic
forms, impurities, and counterfeit medicines. Machine learning algorithms, including Support VVector Machines,
Random Forests, Artificial Neural Networks, and Convolutional Neural Networks, have shown excellent
performance in interpreting complex Raman spectral data and supporting real-time decision-making.

The experimental findings further highlight the potential of Al-driven Raman analysis as a reliable Process
Analytical Technology (PAT) tool for continuous pharmaceutical manufacturing. By enabling automated spectral
interpretation and real-time process monitoring, this integrated approach can improve manufacturing efficiency,
product consistency, and regulatory compliance while reducing analytical time and human intervention.Although
challenges such as fluorescence interference, model interpretability, and the need for large, high-quality datasets
remain, ongoing advances in explainable Al, portable Raman instrumentation, and intelligent manufacturing
systems are expected to overcome these limitations. Overall, Al-assisted Raman spectroscopy provides a robust
foundation for next-generation pharmaceutical manufacturing and is expected to play an increasingly important
role in smart quality assurance, continuous process optimization, and the development of Industry 4.0
pharmaceutical production.
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