Spectrochimica Acta Part A: Molecular and Biomolecular Spectroscopy xxx (xxxx) 127077

Contents lists available at ScienceDirect

Spectrochimica Acta Part A: Molecular and Biomolecular
Spectroscopy

SPECTROCHIMICA
ACTA

journal homepage: www.elsevier.com/locate/saa

ELSEVIER .

Detection of ground coffee adulteration using FTIR coupled with pattern
recognition techniques

Rasool Khodabakhshian -, Yegane Tarandakzad, Mehdi Khojastehpour

Department of Biosystems Engineering, Ferdowsi University of Mashhad, 9177948978 Mashhad, Iran

ARTICLE INFO ABSTRACT

Keywords:

Coffee adulteration detection
Chemometrics

Food quality control

FTIR spectroscopy

Pattern recognition

Ground coffee is highly susceptible to economically motivated adulteration, necessitating robust analytical meth-
ods for authenticity verification. This study investigates the efficacy of Fourier Transform Infrared (FTIR) spec-
troscopy combined with pattern recognition techniques for detecting adulteration in ground coffee with barley,
chickpea, and date pit powders. Spectral fingerprints of pure and adulterated samples were acquired, pre-
processed and analyzed via supervised (Random Forest, K-Nearest Neighbors, Decision Tree) and unsupervised
(Principal Component Analysis, Hierarchical Cluster Analysis) learning models. Results demonstrated that spec-
tral preprocessing significantly enhanced classification performance, with Random Forest achieving the highest
accuracy (94 % training, 83 % testing) among supervised models. Hierarchical Cluster Analysis (HCA) outper-
formed all methods, achieving 96.8 % accuracy with perfect classification for pure coffee, date pit, and chickpea
samples. This study uniquely provides a comprehensive comparative evaluation of supervised and unsupervised

models, highlighting the superior potential of HCA for rapid and label-free screening of coffee adulteration.

1. Introduction

Ground coffee is among the most economically significant and
widely consumed powdered food products worldwide, prized for its
characteristic flavor, aroma, and potential health benefits [1,2]. How-
ever, its high market value and global demand have made it a frequent
target for economically motivated adulteration [3,4]. Fraudulent prac-
tices such as mixing roasted coffee with inexpensive fillers like barley,
date pits, or chickpea powder are increasingly observed, especially in
regions lacking strict regulatory oversight. These adulterations not only
degrade product quality and defraud consumers but may also pose
health risks due to unknown and uncontrolled compositions [5,6].

In recent years, Fourier Transform Infrared (FTIR) spectroscopy has
gained prominence as a rapid, non-destructive, and reagent-free analyt-
ical technique for detecting food fraud [7-11]. By capturing detailed vi-
brational fingerprints of molecular structures, FTIR allows for the iden-
tification of subtle chemical differences between authentic and adulter-
ated food matrices [12,13]. However, raw FTIR spectra are often sub-
ject to noise, scattering effects, and overlapping peaks, which can ob-
scure critical information [14,15]. Thus, spectral preprocessing and the
application of machine learning algorithms are essential to extract
meaningful patterns and improve classification accuracy [4,7,16,17].

Pattern recognition techniques have become essential tools in
chemometrics, particularly when analyzing complex spectral data for
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food authentication [18,19]. These methods are broadly categorized
into unsupervised and supervised learning approaches. Unsupervised
methods, such as Principal Component Analysis (PCA) and Hierarchical
Cluster Analysis (HCA), are used to explore data structure, detect anom-
alies, and reveal natural groupings without prior labeling (Bro and
Smilde, 2014), [20]. In contrast, supervised methods rely on labeled
datasets to train models for classification or prediction [20,21]. Algo-
rithms such as the Random Forest Classifier (RFC), K-Nearest Neighbors
(KNN), and Decision Tree Classifier (DTC) have demonstrated high ac-
curacy and interpretability in detecting food adulterants [22,23]. Other
robust classifiers include Support Vector Machines (SVM) and Artificial
Neural Networks (ANN), both known for their capacity to handle non-
linear relationships and high-dimensional data [24].

In parallel, deep learning approaches — particularly one-
dimensional Convolutional Neural Networks (1D-CNNs) — have re-
cently gained traction in FTIR/FT-NIR adulteration detection, often sur-
passing classical chemometric methods. For instance, Nallan
Chakravartula et al. [6] applied CNN models to FT-NIR spectra of coffee
adulterated with chicory, barley, and maize, achieving prediction coef-
ficients above 0.98. Neto et al. [25] reported similar success in milk
adulteration studies using FTIR spectra, where CNN and ensemble mod-
els reached accuracies up to 98.8 %. More recently, CNN architectures
(Simple CNN, ResNet, GoogleNet) were used with FT-NIR/Micro-NIR
spectroscopy for coconut milk adulteration, yielding predictive reliabil-
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ity as high as R2 = 0.999 [26]. Likewise, 1D-CNNs combined with FTIR
outperformed traditional classifiers in detecting sugar adulteration in
coconut water (Thirumdas et al., 2024). These advances highlight the
strong potential of deep learning in spectroscopic food authentication,
although their implementation often requires large datasets and high
computational resources.

Although previous research has examined the use of spectroscopic
and chemometric tools in food adulteration detection, limited studies
have systematically investigated ground coffee adulteration using an
integrated framework of FTIR spectroscopy and both supervised and
unsupervised learning models. In particular, prior work has rarely pro-
vided a direct comparative evaluation of these approaches within a sin-
gle study, nor assessed the impact of spectral preprocessing strategies
on classification accuracy. The novelty of the present research lies in:
(i) applying a comprehensive side-by-side comparison of multiple su-
pervised (RF, KNN, DT) and unsupervised (PCA, HCA) models, (ii)
demonstrating the superiority of unsupervised HCA for preliminary
screening of adulterants, and (iii) highlighting specific spectral bio-
markers that differentiate coffee from common adulterants such as bar-
ley, chickpea, and date pits. Therefore, this study advances the field by
establishing a robust, non-invasive analytical framework for coffee au-
thentication, while offering insights into the complementary roles of su-
pervised and unsupervised pattern recognition in food quality control.

2. Materials and methods
2.1. Procurement and adulteration strategy

In this study, 200 g of commercially available roasted ground coffee
were sourced exclusively from a reputable national brand (MULTI-
CAFE, Iran), selected to ensure product consistency and eliminate inter-
brand variability. The rationale behind choosing a single brand aligns
with standardization requirements in food authentication research, al-
lowing for controlled adulteration modeling. To simulate real-world
adulteration scenarios, three botanically unrelated yet visually similar
plant-based powders—barley, chickpea, and date pit—were chosen
based on frequency of use in documented coffee fraud practices [2,5]
(Goyal et al., 2024). These materials were dried and milled to a fine
particle size using a standardized laboratory mill to achieve uniformity
in spectral behavior. Binary mixtures were prepared at four specific
adulteration ratios (10 %, 15 %, 20 %, and 100 % w/w), based on re-
ported common fraud levels in the literature. Each formulation was
weighed precisely using an analytical balance (Sartorius Entris224i,
Germany; d = 0.001 g) and homogenized using a vortex mixer to en-
sure even distribution. A total of 65 distinct samples (5 unadulterated
+12 adulterated groups X 5 replicates) were aliquoted into sterile
1.5 mL polypropylene microtubes, labeled meticulously, and stored at
22 = 1 °C, 45-50 % RH, shielded from light, until spectroscopic analy-
sis.

2.2. Spectral data acquisition via FTIR

Fourier-transform infrared (FTIR) spectra were obtained using an
Avatar 370 FT-IR spectrometer (Thermo Nicolet, USA), equipped with a
mid-infrared source, DTGS detector, and KBr beam splitter. Measure-
ments were carried out at the Spectroscopy Facility of Ferdowsi Univer-
sity of Mashhad. Prior to analysis, the instrument was calibrated with a
background scan using pure KBr to eliminate ambient atmospheric in-
terference. Approximately 1 g of each prepared coffee-adulterant sam-
ple was placed directly onto the sample holder. Spectra were collected
across the 4000-400 cm™! range, using 32 scans per measurement at
4 cm™ resolution. To ensure repeatability and mitigate time-sensitive
variables like moisture adsorption, five spectra were recorded consecu-
tively for each sample under identical conditions on the same day
(Munyendo et al., 2003). The resultant spectra were stored digitally for
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chemometric modeling. A randomized acquisition protocol was imple-
mented to minimize systematic bias, and a summary of the randomized
sample order is presented in Table 1.

A limitation of the present study is the relatively modest sample
size, consisting of 65 distinct ground coffee samples with multiple lev-
els of adulteration. While this dataset was carefully designed to cover a
representative range of common adulterants (barley, chickpea, and
date pits) and concentrations, it remains smaller than datasets often
used in large-scale machine learning studies. Nonetheless, the applica-
tion of cross-validation, combined with multiple supervised and unsu-
pervised classification models, allowed for reliable assessment of model
performance and provided a meaningful proof-of-concept for FTIR-
based coffee adulteration detection. Future research should focus on ex-
panding the dataset with more diverse and real-world samples, which
would further enhance model generalizability and support industrial
implementation.

2.3. Spectral preprocessing procedures

Effective spectral preprocessing is essential for ensuring the in-
tegrity of chemometric modeling, particularly when working with com-
plex FTIR datasets. The main objective of preprocessing is to mitigate
extraneous variability—including baseline distortions, scattering arti-
facts, and instrumental inconsistencies—that can obscure chemically
relevant signals and compromise classification or prediction accuracy
[71. In this study, a range of widely accepted preprocessing techniques
were systematically explored to enhance the reliability of subsequent
pattern recognition models. Initially, a normalization strategy based on
Standard Scaling was applied to center the data around zero and scale
variance to unity. Standard Normal Variate (SNV) correction was subse-
quently implemented to minimize sample-dependent light scatter ef-
fects. To attenuate high-frequency noise and improve signal smooth-
ness, a Median Filtering approach was adopted. In addition, Wavelet
Transformation was utilized to achieve multiresolution signal denois-
ing, as recommended by Fodor et al. [27]. To further improve spectral
resolution and compensate for baseline drift, Savitzky-Golay deriva-
tives (first and second order) were applied. Multiplicative Scatter Cor-
rection (MSC) was also employed to adjust for both additive and multi-

Table 1
Randomized experimental design for FTIR spectral acquisition (5 replicates).
Replicate  R1 R2 R3 R4 R5
No.
1 15 % date 20 % 15 % date 100 % 20 % barley
pit chickpea pit barley
2 10 % 10 % date 100 % date 10 % barley 15 %
chickpea pit pit chickpea
3 100 % 15 % barley 20 % date 20 % date 100 %
barley pit pit chickpea
4 15 % 20 % barley 15 % 0 % (pure 100 %
chickpea chickpea coffee) barley
5 20 % 100 % 10 % date 15 % barley 15 % date
chickpea barley pit pit
6 100 % date 20 % date 100 % 20 % 10 % date
pit pit chickpea chickpea pit
7 15 % barley 100 % date 10 % 20 % barley 100 % date
pit chickpea pit
8 10 % date 15% 100 % 15 % date 10 %
pit chickpea barley pit chickpea
9 10 % barley 0 % (pure 20 % barley 10 % date 0 % (pure
coffee) pit coffee)
10 100 % 10 % barley 0 % (pure 100 % 15 % barley
chickpea coffee) chickpea
11 20 % date 15 % date 15 % barley 15 % 20 % date
pit pit chickpea pit
12 20 % barley 100 % 10 % barley 100 % date 20 %
chickpea pit chickpea
13 0 % (pure 10 % 20 % 10 % 10 % barley
coffee) chickpea chickpea chickpea
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plicative spectral distortions [16]. Each preprocessing step was evalu-
ated with regard to its effect on classification performance, allowing for
the identification of the most effective data treatment strategy.

While other models such as Support Vector Machines (SVM), Partial
Least Squares-Discriminant Analysis (PLS-DA), and Artificial Neural
Networks (ANN) are widely applied in food authentication and have
been successfully implemented in prior studies, including our own ear-
lier works [7,16,19,28], the present study aimed to avoid redundancy
and instead highlight complementary algorithmic perspectives. RF,
KNN, and DT represent three structurally distinct supervised para-
digms—ensemble-based, instance-based, and tree-based learn-
ing—while PCA and HCA provide contrasting unsupervised strategies
for dimensionality reduction and clustering. This deliberate method-
ological diversity enabled a systematic comparative evaluation across
multiple algorithmic families, thereby broadening the scope of analysis
and offering insights that complement rather than replicate previous
work relying on SVM, PLS-DA, or ANN.

2.4. Pattern recognition modeling via supervised and unsupervised learning

To classify and interpret the spectral characteristics of authentic and
adulterated coffee samples, both supervised and unsupervised machine
learning approaches were implemented in this study. Among the super-
vised learning techniques, three widely recognized classification algo-
rithms were utilized: Random Forest Classifier (RFC), K-Nearest Neigh-
bor (KNN), and Decision Tree Classifier (DTC). These algorithms were
chosen based on their proven performance in food authentication tasks,
their ability to handle nonlinear relationships, and their robustness
against noisy data [22,23]. Each classifier was trained using labeled
spectral data derived from various coffee-adulterant mixtures, enabling
the development of models capable of distinguishing between authentic
and adulterated profiles with high reliability.

In parallel, two unsupervised learning techniques were employed to
explore the intrinsic structure of the spectral data and detect potential
groupings without reliance on class labels: Principal Component Analy-
sis (PCA) and Hierarchical Cluster Analysis (HCA). PCA served primar-
ily as a dimensionality reduction and visualization tool, allowing the
projection of high-dimensional FTIR data into lower-dimensional space
(PC1 and PC2) while preserving most of the variance. This aided in the
preliminary assessment of class separability and spectral variance.
HCA, on the other hand, was applied as a powerful clustering method to
directly classify the samples into meaningful groups based solely on
their spectral similarity. Using Ward's linkage method and Euclidean
distance as a similarity metric, HCA generated a dendrogram that effec-
tively discriminated between pure and adulterated coffee samples, in-
cluding subclasses based on different adulterants. Unlike PCA, which
requires additional clustering algorithms such as K-means for grouping,
HCA inherently produces a tree-like structure that visualizes nested re-
lationships among samples, making it highly interpretable and suitable
for authentication problems with unknown or mixed classes. Cluster
purity was used as an external validation metric for unsupervised meth-
ods (HCA and PCA + K-means). Purity was calculated by comparing
the assigned clusters with the true sample classes, defined as the num-
ber of correctly grouped samples divided by the total number of sam-
ples in the cluster, expressed as a percentage. This method has also been
employed by others [28-30].

2.5. Performance evaluation of pattern recognition models

Evaluating the performance of pattern recognition models is a criti-
cal step to ensure their reliability and applicability in detecting adulter-
ation in food products. In this study, the effectiveness of the supervised
classifiers—Random Forest Classifier, K-Nearest Neighbor, and Deci-
sion Tree Classifier—was assessed using three key evaluation metrics:
accuracy, precision, and recall. These metrics were selected based on
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their ability to comprehensively capture different aspects of model per-
formance in classification tasks involving imbalanced or complex
datasets.

Accuracy represents the overall correctness of the model by measur-
ing the proportion of all correctly predicted samples (both positive and
negative) relative to the total number of samples:

TP+ TN

Accuracy (%) = ————————
TP+ TN+ FP+ FN

x 100 @

Precision indicates the reliability of positive predictions, reflecting
the proportion of true positive results among all samples classified as
positive by the model:

Precision (%) = s

= — % 100
TP + FP @

Recall (also known as Sensitivity) assesses the model's ability to
identify all actual positive cases correctly:

Recall (%) = 7y

=2 _ 100
TP+ FN @)

Also, to provide a more comprehensive evaluation of model perfor-
mance, two additional metrics were incorporated alongside accuracy,
precision, and recall: F1-score and Receiver Operating Characteristic —
Area Under the Curve (ROC-AUC). The Fl-score represents the har-
monic mean of precision and recall, providing a balanced measure that
accounts for both false positives and false negatives, particularly useful
in cases of class imbalance. The ROC-AUC quantifies the overall ability
of the classifier to discriminate between classes across different thresh-
old settings, with values closer to 1 indicating stronger separability.
Both metrics complement the traditional evaluation indices and allow
for a more nuanced assessment of model robustness, especially for
classes exhibiting spectral overlap or subtle differences (e.g., coffee vs.
chickpea adulteration).

These metrics are calculated based on the confusion matrix compo-
nents: True Positives (TP), False Positives (FP), True Negatives (TN),
and False Negatives (FN), as follows [19,31]:

3. Results and discussion
3.1. FTIR spectral fingerprints of pure and adulterated coffee

3.1.1. Characteristic absorption bands of pure coffee, 100 % barley, 100 %
chickpea, and 100 % date pit

The FTIR spectral analysis of pure ground coffee and the three se-
lected plant-based adulterants—barley, chickpea, and date pit pow-
der—revealed well-defined and chemically meaningful vibrational
bands that enabled qualitative differentiation among these materials
(Fig. 1). The spectrum of pure coffee exhibited several hallmark absorp-
tion features. A broad peak centered around 3315 cm™! was attributed
to overlapping O—H and N—H stretching vibrations, which reflect
contributions from polysaccharides, phenolic compounds, and protein
amide groups. Additional signals near 2918 cm™! corresponded to
aliphatic C—H stretching, commonly associated with long-chain fatty
acids. A strong and sharp band in the vicinity of 1748 cm™! was as-
signed to the C=0 stretching of ester functionalities, suggesting the
presence of lipophilic compounds such as triglycerides. In the finger-
print region, the spectral envelope between 1040 and 1160 cm™
showed intense C—O stretching signals that are characteristic of cellu-
lose, hemicellulose, and other carbohydrate structures typically found
in roasted coffee matrices.

In contrast, the adulterants presented distinct absorption behaviors
aligned with their botanical composition. Barley powder demonstrated
intense absorption in the 1650-1662 cm™ range (Amide I band), in-
dicative of high protein content and structural carbohydrates. A well-
resolved peak at ~1030 cm™, likely due to C—0 and C—C skeletal vi-
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Fig. 1. FTIR spectra of (a) pure ground coffee, (b) 100 % barley powder, (c) 100 % chickpea powder, and (d) 100 % date pit powder, highlighting distinct spectral

features used for compositional differentiation.

brations from starch, was notably stronger than in coffee. Chickpea
powder exhibited additional peaks near 3004 cm™' (unsaturated lipid-
related C—H stretch), 1635 cm™' (Amide I), and a defining feature at
990 cm™! linked to oligosaccharide or sugar alcohol vibrational modes.
The date pit spectrum was dominated by a broad and pronounced sig-
nal between 1010 and 1100 cm™, reflecting its high polysaccharide
and fiber content, and an absorption around 3280 cm™ corresponding
to hydrogen-bonded hydroxyl groups in sugars. Notably, in barley and
chickpea spectra, the ester-related C=0 band near 1750 cm™! ap-
peared significantly reduced or absent, suggesting a lower content of
lipid esters relative to coffee. These observed spectral patterns support
the use of FTIR spectroscopy as a discriminative tool for identifying the
presence of non-coffee constituents. Critical vibrational regions such as
~1650 em™! (protein-related Amide I), ~1750 cm™ (lipid-associated
esters), and the 1000-1150 cm™' range (carbohydrate-based vibra-
tions) offer reliable spectral markers for compositional authentication.
These findings align with those reported by Freitas et al. [1] and Goyal
et al. (2024), where attenuation in lipid-associated bands and enhance-
ment of carbohydrate signatures were consistently observed in adulter-
ated coffee formulations. Collectively, this spectral information pro-
vides foundational evidence for the development of robust classifica-
tion models for authenticity verification.

3.1.2. Spectral signatures of adulterant

To investigate the spectral detectability of minor adulterant incor-
poration, Fourier-transform infrared (FTIR) spectra were analyzed for
coffee samples adulterated with 10 % (w/w) barley, chickpea, and date
pit powders (Fig. 2). When compared to the reference spectrum of
unadulterated coffee, each adulterated sample exhibited distinct spec-
tral deviations, particularly in regions associated with major biochemi-
cal constituents. In the 3300-3400 cm ™! range, corresponding to O—H
and N—H stretching vibrations, all adulterated mixtures demonstrated
a discernible decrease in absorbance intensity. This attenuation was
most pronounced in the date pit-adulterated sample, which also pre-
sented a broader absorption band, possibly due to its high polysaccha-

ride and moisture content. Furthermore, the absorption band near
1740 cm™, typically attributed to ester carbonyl stretching (C=0)
from lipids, was visibly reduced in the adulterated samples—especially
in the chickpea mixture—indicating a proportional dilution of lipid-
rich compounds originally present in pure coffee.

In addition, the amide I region (~1650 cm™), associated with
C=0 stretching in protein structures, showed increased intensity in
samples adulterated with barley and chickpea. This enhancement re-
flects the elevated protein levels in these materials and supports prior
findings on the influence of legume- or cereal-derived proteins on spec-
tral profiles. Notably, in the fingerprint region (1000-1100 cm™),
which encompasses C—O stretching from carbohydrates, the spectrum
of the date pit mixture exhibited intensified absorption, aligning with
its fibrous and sugar-rich composition. These spectral alterations are
strong indicators of compositional change within the coffee matrix and
validate the capability of FTIR spectroscopy to detect low-level adulter-
ation without the need for complex chemometric preprocessing. Similar
conclusions were reported by Wang et al. (2020) and Goyal et al.
(2024), who highlighted the efficacy of FTIR in tracing subtle modifica-
tions in food matrices caused by economically motivated adulterants.

3.2. Enhanced spectral profiles prepared for pattern recognition analysis

In a separate study entitled “FTIR Spectroscopy Identification of
Fraud in Coffee Powder: A Study on Preprocessing Methods”, currently
under peer review, we conducted a comprehensive analysis of ten spec-
tral preprocessing techniques to evaluate their effectiveness in enhanc-
ing spectral clarity and improving model input quality for the detection
of coffee adulteration. Among these, Standard Scaler, Standard Normal
Variate (SNV), and First Derivative Transformation were highlighted as
representative examples due to their distinct benefits. The application
of the Standard Scaler led to an increase in model accuracy from 85.2 %
(raw spectra) to 91.6 %, by normalizing variance and improving con-
trast in functional regions. SNV effectively reduced scattering-induced
variability, raising the recall for adulterated chickpea samples from
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Fig. 2. FTIR spectra of coffee samples mixed with 10 % of each adulterant: (a) barley, (b) chickpea, and (c) date pit. Key absorption bands are marked for lipids

(~1740 cm'l), proteins (~1650 cm'l), and carbohydrates (1000-1100 cm'l).

82.4 % to 90.1 %. First Derivative preprocessing notably improved res-
olution in overlapping peaks—particularly in the 1650 cm™! (amide I)
and 1740 cm™! (lipid ester) regions—contributing to a precision gain of
over 6 % across multiple adulterants. These findings collectively con-
firmed that appropriate preprocessing not only enhances spectral inter-
pretability but also significantly boosts the reliability and sensitivity of
classification models in identifying low-level (10 % w/w) adulteration
in coffee powder.

The critical role of spectral preprocessing in enhancing FTIR signal
clarity and analytical accuracy has also been widely acknowledged in
previous studies. For instance, Khodabakhshian et al. [16] demon-
strated that scaling and centering significantly improved the detection
of synthetic dye adulteration in turmeric by reducing baseline drift and
enhancing feature separability in NIR spectra. Similarly, Freitas et al.
[1] emphasized the advantage of derivative-based preprocessing for re-
solving overlapping peaks in low-level food fraud scenarios, while
Fodor et al. [27] highlighted SNV's efficacy in correcting scatter effects
in powdered matrices. These findings are in line with our results, where
the application of Standard Scaler, SNV, and First Derivative Transfor-
mation—selected from a broader evaluation of ten preprocessing tech-
niques—led to notable improvements in spectral contrast, baseline cor-
rection, and feature discrimination. Such enhancements directly trans-
lated into increased model performance, with up to 6-9 % gains in clas-
sification metrics across adulterants, confirming that tailored prepro-
cessing is essential for maximizing the discriminatory power of FTIR-
based models in detecting subtle adulteration in coffee powder.

3.3. Supervised classification models: performance and validation

The classification results reveal that the Random Forest (RF) model
generally outperformed both the K-Nearest Neighbors (KNN) and Deci-
sion Tree (DT) classifiers across most evaluation metrics in both train-
ing and testing phases (Table 2). In the training phase, the RF model
achieved the highest overall accuracy (94 %), coupled with an average
ROC-AUC of 0.95, indicating strong discriminative ability and excellent

separation between authentic and adulterated coffee classes. Impor-
tantly, this performance was sustained during testing, where RF
achieved an average accuracy of 83 % and ROC-AUC of 0.88, reflecting
reliable generalization and resistance to overfitting. The KNN model
followed closely, showing the best testing accuracy at 91 % and the
highest testing ROC-AUC (0.92). Its testing F1-scores (84-89 %) were
also superior to those of RF in certain classes, suggesting that KNN pro-
vided a slightly better balance between precision and recall during ex-
ternal validation. This indicates that while RF excelled in training and
overall robustness, KNN demonstrated competitive generalization per-
formance, particularly for classes with subtle spectral differences.

In contrast, the DT model consistently underperformed, with the
lowest testing accuracy (70 %), Fl-scores (69-78 %), and ROC-AUC
(0.79). These results confirm its limited ability to model nonlinear and
overlapping spectral boundaries, making it less suitable for complex
food authentication tasks. Class-wise analysis further revealed that all
models performed best in identifying non-adulterated coffee, particu-
larly during training (RF: 98 %, KNN: 92 %, DT: 95 %). Similar trends
were observed in the testing phase, where non-adulterated samples
consistently achieved higher precision, recall, and F1-scores than adul-
terated ones. Among the adulterants, date pit adulteration was the most
distinguishable, with RF achieving 85 % testing accuracy and an F1-
score of 83 %. Conversely, chickpea adulteration was the most chal-
lenging to detect, with all three models yielding the lowest precision
and recall values, leading to reduced F1-scores (69-77 %). This diffi-
culty likely arises from overlapping spectral signatures between chick-
pea and coffee in the carbohydrate and amide I regions, complicating
class separation.

Overall, the inclusion of advanced performance metrics (F1-score
and ROC-AUC) reinforces the superiority of RF in terms of robustness
and reliability, while also highlighting the competitive performance of
KNN in external validation scenarios. These findings underscore the im-
portance of ensemble-based methods like RF for capturing complex
multivariate spectral patterns, but also demonstrate that distance-based
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Table 2
Performance of supervised classification models on FTIR spectral data for
adulteration detection in ground coffee.

Random Forest KNN Decision Tree
(%) (%) (%)

Phase Metric Class

Training Accuracy No Adulteration 98 92 95
Date Pit 95 88 92
Barley 93 85 90
Chickpea 90 82 87
Precision No Adulteration 97 90 94
Date Pit 94 87 91
Barley 92 84 88
Chickpea 89 80 85
Recall No Adulteration 96 89 95
Date Pit 93 86 92
Barley 91 83 90
Chickpea 88 80 87
Fl-Score  No Adulteration 96 90 94
Date Pit 94 87 91
Barley 92 84 89
Chickpea 89 81 86
ROC- All Classes 0.95 0.93 0.89
AUC Avg.
Testing  Accuracy No Adulteration 88 94 78
Date Pit 85 91 75
Barley 82 88 72
Chickpea 80 86 70
Precision No Adulteration 85 82 77
Date Pit 82 89 74
Barley 78 87 71
Chickpea 75 84 68
Recall No Adulteration 87 93 79
Date Pit 84 90 76
Barley 80 88 73
Chickpea 78 85 70
F1-Score No 86 87 78
Adulteration
Date Pit 83 89 75
Barley 79 87 72
Chickpea 77 84 69
ROC- All Classes 0.88 0.92 0.79
AUC Avg.

classifiers (KNN) can be strong alternatives when model interpretability
and generalization are prioritized.

To further validate the superior classification performance of the
Random Forest (RF) model, the Coomans' plot was employed as a
graphical diagnostic tool to assess class separability between pure and
adulterated coffee samples. This visualization technique projects each
sample's relative distance from the centroids of the “Pure” and “Adul-
terated” classes based on the decision boundaries generated by the RF
model. As demonstrated by the resulting plot (Fig. 3), the RF classifier
achieved distinct and well-separated clustering patterns, with pure
samples tightly grouped near the X-axis (indicating low distance from
the pure centroid) and distanced significantly from the adulterated cen-
troid along the Y-axis. This distribution highlights the model's strong
discriminatory power and high confidence in categorizing pure coffee
samples. Similarly, adulterated samples showed compact clustering
near the adulterated centroid with minimal intrusion into the pure sam-
ple region, even at low adulteration levels (10 % w/w), underscoring
the sensitivity and robustness of the RF algorithm.

The predefined cut-off thresholds in the Coomans' plot further de-
marcated the decision boundaries with minimal overlap between the
two classes—less than 5 %—which strongly aligns with the quantita-
tive performance metrics, where RF achieved the highest classification
accuracy (>95 %) and the lowest false-positive rate (FPR < 0.03).
This enhanced class discrimination mirrors findings reported by Khod-
abakhshian et al. [16], who applied the Coomans' plot in the classifica-
tion of adulterated turmeric powder using pattern recognition tech-
niques. In their study, the plot effectively visualized the separation be-
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tween pure and adulterated turmeric samples and supported the quanti-
tative superiority of advanced classification models. In the present
study, similar interpretive power was observed, reinforcing the utility
of the Coomans' plot as both a diagnostic and confirmatory tool for as-
sessing model robustness in food adulteration detection tasks.

3.4. Unsupervised pattern recognition for adulteration screening

3.4.1. Principal component analysis (PCA) clustering trends

The PCA analysis of the FTIR spectral dataset revealed distinct clus-
tering patterns among pure and adulterated ground coffee samples, in-
dicating the utility of unsupervised techniques in detecting potential
adulteration without prior labeling. Principal Component 1 (PC1) and
Principal Component 2 (PC2) accounted for 47.76 % and 22.05 % of
the total variance, respectively, capturing a cumulative 69.81 % of the
data variability. This level of variance retention ensured meaningful
data representation in a reduced two-dimensional space, suitable for vi-
sualization and clustering. When combined with the K-means algo-
rithm, PCA facilitated clear differentiation among sample types (Fig. 4).
Specifically, pure coffee samples formed a compact and isolated cluster
in the lower left quadrant of the score plot, while each of the 100 %
adulterated samples—barley, chickpea, and date pit powders—formed
their own distinct groupings in separate regions of the PCA space. Inter-
estingly, barley-adulterated samples appeared relatively closer to pure
coffee along PC1, whereas chickpea samples exhibited greater overlap,
potentially due to higher spectral similarity. In contrast, date pit sam-
ples were well-separated along both PC1 and PC2, underscoring their
distinct FTIR fingerprint compared to other classes. This distribution
supports the use of PCA as a preliminary detection tool for unknown
adulterants and highlights its effectiveness in uncovering hidden data
structures. The clustering results closely aligned with findings from su-
pervised models (e.g., RF and KNN), confirming that pure samples are
consistently distinguishable and that chickpea remains the most chal-
lenging adulterant to classify across both supervised and unsupervised
frameworks.

The present findings align with and extend those from prior studies
that applied PCA to food adulteration detection. For example, Khod-
abakhshian et al. [16] employed PCA and pattern recognition to classify
adulterated turmeric powder, reporting distinct class separations con-
sistent with the chemical variance introduced by adulterants—similar
to the clustering observed in this study. Likewise, Cebi et al. [30]
demonstrated that PCA, coupled with ATR-FTIR, effectively differenti-
ated sibutramine-adulterated tea and coffee, confirming PCA's sensitiv-
ity in revealing trace-level contaminants. Compared to these studies,
the current work uniquely integrates both PCA and supervised learning
models in a multi-adulterant coffee authentication framework and
demonstrates comparable—if not superior—class separation for natu-
rally derived adulterants. The combined findings reinforce the strength
of PCA as a diagnostic tool in food quality control, particularly when in-
tegrated with complementary clustering techniques and domain-
specific spectral analysis.

3.4.2. Hierarchical cluster analysis (HCA) dendrograms

Fig. 5 presents the dendrogram resulting from Hierarchical Cluster
Analysis (HCA), applied directly to the full set of FTIR spectral data
without prior dimensionality reduction. Ward's linkage and Euclidean
distance were employed as clustering criteria. HCA successfully sepa-
rated the samples into four distinct groups corresponding to pure cof-
fee, date pit-adulterated, barley-adulterated, and chickpea-adulterated
samples. To assess the clustering outcome, we compared the algorithm-
derived clusters with the known sample labels (pure vs. adulterated
categories) and calculated cluster purity (%) as an external validation
metric (Table 3). Cluster purity is defined as the proportion of correctly
grouped samples within each cluster relative to the total samples in
that cluster. This measure provides an intuitive evaluation of how well
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Fig. 3. Coomans' plot depicting discriminatory performance of the random forest model for pure vs. adulterated coffee.
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Fig. 4. Scatter plot of FTIR spectral data using principal component 1 (PC1) and principal component 2 (PC2), illustrating clustering patterns achieved through inte-

gration with K-means algorithm.

the unsupervised clustering outcome matches the ground truth labels,
but it should not be confused with predictive accuracy in supervised
classification.

As shown in Table 3, HCA achieved complete separation (100 % pu-
rity) for pure coffee, date pit, and chickpea-adulterated samples. A mi-
nor misclassification occurred within the barley-adulterated group,
yielding 87.5 % purity. This misclassification likely reflects the inter-
mediate spectral similarity of barley with coffee or other adulterants.
Overall, the minimal overlap across clusters highlights HCA's discrimi-

native capability for exploring intrinsic groupings in FTIR data, even
without supervised learning. These findings are in agreement with pre-
vious reports (e.g., [30]), who also demonstrated the utility of HCA in
distinguishing adulterated and non-adulterated food matrices.
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Fig. 5. Dendrogram of hierarchical cluster analysis (HCA) based on FTIR spectral data for classification of pure and adulterated ground coffee samples.

Table 3
Clustering purity results of HCA based on FTIR spectral data.
Cluster  Assigned class No. of samples in Correctly grouped  Cluster purity
D cluster samples (%)
Cluster  Pure Coffee 10 10 100.0 %
1
Cluster  Date Pit 8 8 100.0 %
2 Adulterant
Cluster  Barley 8 7 87.5%
3 Adulterant
Cluster  Chickpea 8 8 100.0 %
4 Adulterant

3.5. Comparative performance evaluation of supervised and unsupervised
classification models in coffee adulteration detection

Table 4 presents a comparative analysis of classification accuracy
across supervised and unsupervised learning methods for FTIR-based
detection of ground coffee adulteration. Among all evaluated models,
Hierarchical Cluster Analysis (HCA) outperformed others with an over-
all accuracy of 96.8 %, achieving 100 % class-wise accuracy for pure
coffee, date pit, and chickpea adulteration. While K-Nearest Neighbors
(KNN) also showed high performance (91 % overall), especially for
pure and date pit samples, it fell short in detecting chickpea adulter-
ation compared to HCA. Random Forest (RF) exhibited good general-
ization with 83 % overall accuracy but lagged behind HCA in both

Table 4
Comparative accuracy of classification models in coffee adulteration detec-
tion.

Method Pure coffee Chickpea Date pit Barley Overall
accuracy (%) accuracy accuracy accuracy accuracy
(%) (%) (%) (%)

Random 88 80 85 82 83
Forest

KNN 94 86 91 88 91

Decision 78 70 75 72 70
Tree

PCA + K- 90 85 87 84 86.5
Means

HCA 100 100 100 87.5 96.8

class-wise accuracy and interpretability. Decision Tree (DT), though
simple, delivered the weakest performance with just 70 % accuracy,
underscoring its limited capacity to handle the multivariate complexity
of FTIR data. The PCA + K-means method, a commonly used unsuper-
vised approach, demonstrated promising results (86.5 % accuracy), yet
it failed to match the granularity and precision offered by HCA. These
findings emphasize that HCA not only excels in accuracy but also main-
tains robust class separability and interpretive clarity, making it highly
suitable for practical deployment in food fraud detection where labeled
datasets are scarce or unavailable.

To better contextualize the claimed performance, a comparative
summary of representative studies using vibrational spectroscopy for
coffee authentication is provided in Table 5. The table contrasts FTIR,
NIR, and Raman-based approaches, along with the chemometric meth-
ods and performance metrics reported. As seen, our FTIR-based work-
flow achieves competitive accuracy and, in some cases, superior dis-
crimination power, despite using relatively simple instrumentation and
minimal preprocessing. Importantly, our study uniquely demonstrates
robust performance across multiple common adulterants (date pit, bar-
ley, chickpea), underscoring its practical applicability to routine coffee
quality control.

4. Conclusion

This study successfully integrated FTIR spectroscopy with advanced
pattern recognition techniques to detect and classify adulteration in
ground coffee. The spectral analysis revealed distinct biochemical
markers differentiating pure coffee from adulterants, particularly in the
lipid ester (1740 cm_l), amide I (1650 cm_l), and carbohydrate
(1000-1100 ecm™!) regions. Preprocessing methods, including SNV and
First Derivative Transformation, improved spectral resolution and
model accuracy by up to 9 %. Among supervised models, Random For-
est exhibited the strongest performance (83 % testing accuracy), while
Decision Tree struggled with complex spectral patterns. Unsupervised
learning, particularly HCA, demonstrated exceptional discriminative
power (96.8 % accuracy) without requiring labeled training data, mak-
ing it ideal for preliminary screening. The novelty of this work lies in its
comprehensive comparative assessment of supervised and unsuper-
vised approaches within a single framework, clearly demonstrating the
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Table 5
Comparison of vibrational spectroscopic approaches for coffee authentication and adulteration detection.
Study Spectroscopic Data processing/chemometric Reported performance Notes
technique method
Wang et al. [32] FTIR PCA + LDA Correct classification >90 % Authentication of Kona coffee vs. blends
Pauli [33] FTIR PCA, LDA Clear separation of adulterated vs. Focus on soybean and wheat adulteration
authentic
Barrios-Rodriguez et al. ATR-FTIR PCA + multivariate models 90-95 % discrimination Detection of adulterated roasted coffee
[34]
de Carvalho Couto et al.  NIR PLS-DA >95 % accuracy Multiple adulterants in Arabica coffee
[35]
Sahachairungrueng et al.  NIR hyperspectral + PCA + classification 92-96 % accuracy Differentiation of Arabica and Robusta blends
[36] FTIR
Fernando et al. [37] Raman & FTIR Chemometric models 90-97 % range reported Overview of vibrational methods for coffee
(review) authentication
This study (2025) FTIR HCA, PCA + K-means, supervised Cluster purity up to 100 %; supervised Robust detection of multiple adulterants (date

models

>95 % accuracy

pit, barley, chickpea)

advantages of HCA and identifying robust FTIR spectral biomarkers for
coffee authentication. The findings align with prior research on food
fraud detection and confirm that FTIR combined with chemometrics of-
fers a rapid, reliable approach for coffee authentication. Future work
should explore real-world validation with multi-adulterant blends and
portable FTIR systems for industrial applications. Additionally, future
studies should investigate the sensitivity of the proposed approach for
trace adulteration (<5 %) to further enhance its applicability in real-
world scenarios. It is also important to acknowledge that several chal-
lenges remain for large-scale industrial deployment. Variability among
coffee products (across brands, origins, and roasting levels), the influ-
ence of environmental noise during on-site spectral acquisition, and the
complexity of multi-adulterant mixtures may affect robustness. Ad-
dressing these factors through larger and more diverse datasets, im-
proved preprocessing strategies, and advanced modeling will be essen-
tial to ensure reliable industrial implementation. This study contributes
to food safety by providing a framework for combating economically
motivated adulteration in the coffee supply chain.
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