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Abstract

Ensuring food authenticity, traceability, and quality has become a critical challenge in
increasingly complex and globalized food supply chains. Conventional post-harvest ana-
lytical approaches, while powerful, often operate in isolation and fail to fully capture the
influence of pre-harvest conditions on food composition. In parallel, the emergence of
smart farming technologies has enabled the collection of high-resolution environmental
and agronomic data, offering new opportunities to establish baseline signatures linked to
geographical origin and production practices. This review explores the integration of pre-
harvest data from precision agriculture with advanced post-harvest analytical techniques,
focusing on spectroscopic and isotopic methods for food authentication. Recent advances in
vibrational spectroscopy, including near- and mid-infrared, Fourier-transform infrared, and
Raman techniques, alongside complementary methods such as nuclear magnetic resonance
and fluorescence spectroscopy, have enabled rapid and non-destructive food fingerprint-
ing. In parallel, isotope ratio mass spectrometry and compound-specific isotope analysis
provide robust markers of origin, climate conditions, and agricultural inputs through
the analysis of stable isotopes of carbon, hydrogen, oxygen, nitrogen, and sulfur. The
combination of these analytical approaches with chemometric and machine learning tools
facilitates the extraction of meaningful patterns from complex datasets. A central focus of
this review is the development of integrated farm-to-fork frameworks that use multi-source
data, including field sensor technologies, spectral fingerprints, and isotopic signatures, to
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1. Introduction

Food authentication and traceability are entering a new phase in which analytical
accuracy alone is no longer sufficient to guarantee reliable origin verification across com-
plex agrifood chains [1,2]. The modern food supply chain has evolved into a globally
interconnected system that spans multiple stages, from agricultural production to primary
processing, making the assurance of food quality and authenticity increasingly challenging.
Although post-harvest analytical science has been well-established, traditional manual
inspection methods often fail in accuracy, speed, and predictive capability. In response, the
field has increasingly adopted advanced approaches such as genomics, proteomics, and
metabolomics. Furthermore, the integration of smart technologies, artificial intelligence
(AI), machine learning (ML), and the Internet of Things (IoT) has begun to provide new
levels of efficiency and transparency across the farm-to-fork continuum [3-6].

Despite these significant technological advances, the implementation of comprehen-
sive farm-to-fork traceability still faces three structural bottlenecks. The first is a predomi-
nantly reactive verification paradigm. Most conventional analytical approaches operate
ex-post, meaning they are applied after harvest, processing, or market entry primarily to
confirm a suspected fraud event. While powerful for post-incident detection, this reactive
logic fails to anticipate risk or fully capture the influence of pre-harvest conditions on
food composition. The second bottleneck is the persistent reliance on unimodal analytical
strategies. Individual spectroscopic techniques or single isotopic markers often provide
only partial windows into authenticity; no single modality is universally sufficient to cap-
ture the complex pedological, climatic, and management variables that shape a product’s
origin. The third bottleneck concerns the lack of viability for real-world deployment. Many
proposed systems are analytically sophisticated but remain difficult to scale due to high
implementation costs, lack of interoperability, and missing frameworks for data governance,
particularly for high-value products such as Protected Designation of Origin (PDO) and
Protected Geographical Indication (PGI) foods, where regulatory compliance is essential
for consumer trust.

To overcome these structural limitations, this review proposes an integrated conceptual
framework based on five pillars, moving the field from reactive testing toward a predictive,
continuous, and data-driven ecosystem. Rather than treating pre-harvest agronomic data
and post-harvest analytical chemistry as separate disciplines, the proposed framework
fuses them into a single, multi-dimensional architecture.

The novelty and specific contribution of this review lie in organizing the state-of-
the-art literature according to these five pillars. By synthesizing recent advances, this
review demonstrates how the integration of smart farming data with advanced analytical
chemistry provides a robust solution to the limitations of current traceability models [3-5].

Accordingly, the remainder of this review is structured as follows. Section 2 presents
the integrated conceptual framework and explains the predictive feedback logic connecting
its five pillars. Pillar I examines pre-harvest monitoring technologies and the capture of the
terroir baseline. Pillar II critically evaluates post-harvest analytical fingerprinting, focusing
on vibrational spectroscopy and stable isotope ratio mass spectrometry. Pillar III addresses
the chemometric and Al-driven data fusion strategies required to overcome unimodal
limitations. Pillar IV discusses the digital custody and traceability infrastructures necessary
for continuous supply chain tracking. Finally, Pillar V addresses the socio-economic
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viability and governance required for industrial adoption, followed by critical applications
by food category and a roadmap toward future implementation before main conclusions.

2. Integrated Conceptual Framework for Farm-to-Fork Food
Authentication and Traceability

2.1. From Reactive Verification to Predictive Ecosystems

Food authentication has historically operated under a reactive, post-harvest, and
unimodal paradigm: a sample arrives at the laboratory, is analysed by a single technique
(chromatography, spectroscopy, or isotope-ratio mass spectrometry), and is compared
against a reference standard established a posteriori [1,2]. Although analytically robust in
controlled settings, this approach suffers from three structural limitations that justify the
epistemological reorganisation of the field proposed in this review.

First, there is the isolation of pre-harvest information. The edaphic, microclimatic,
and agronomic conditions that shape the isotopic and metabolic chemical fingerprint of
a product remain, in most current systems, outside the chain of evidence. The inherent
predictive capacity of the terroir concept is thus wasted: the origin signature is not generated
in the laboratory, but in the field, throughout the production cycle [6,7]. Traditional post-
harvest monitoring is therefore unable to anticipate deviations before the product enters
the supply chain.

Second, there is the reliance on unimodal analytical techniques. Previous literature has
tended to organise itself around isolated instrumental families (NIR, FTIR, Raman, IRMS,
NMR), evaluating their performance independently [8,9]. However, food matrices are
inherently complex, and modern adulteration, particularly in high-value products protected
by Protected Designation of Origin (PDO) or Protected Geographical Indication (PGI),
demands convergent evidence that no single technique can provide on its own [10]. The lack
of systematic integration between field sensors, spectroscopic and isotopic fingerprints, and
artificial-intelligence tools constitutes a methodological bottleneck that limits discriminating
power against sophisticated fraud.

Third, there is limited scalability and insufficiently discussed economic viability for
small and medium-sized producers. Centralised laboratory instrumentation, the absence of
interoperable standards, and the lack of clear regulatory frameworks have restricted indus-
trial adoption to high-value niches (PDO wines, premium oils, monofloral honey) [11,12].
Most of the literature focuses on analytical precision achieved under optimal laboratory con-
ditions, yet omits critical cost analysis, scalability for medium-sized agri-food operations,
and the regulatory frameworks that enable or block adoption in practice [13].

This work proposes a paradigm shift: an integrated five-pillar framework that sys-
tematically links pre-harvest data (precision agriculture and the Internet of Things, IoT),
post-harvest analytical fingerprints (spectroscopy and isotopes), intelligent data fusion
(advanced chemometrics, machine learning, and artificial intelligence), and traceability
infrastructure (edge and cloud computing, blockchain), all within a context of viable gover-
nance (regulation, cost-effectiveness, and socio-cultural dimensions). This framework not
only organises the technologies reviewed in the following sections, but also establishes the
conditions of viability for their effective transfer from the laboratory to industrial practice.

2.2. The Five Pillars of the Proposed Framework

The framework is structured into five interdependent layers that operate sequentially
and with feedback, transforming field data into verifiable, viable, and scalable authentica-
tion evidence (Figure 1).
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Figure 1. Integrated five-pillar framework linking smart farming data with spectroscopic and isotopic
analysis for farm-to-fork food authentication and traceability. Solid arrows indicate data flow; dashed
arrows indicate governance feedback and adaptive protocol adjustment.

Pillar I: Terroir Baseline (Pre-harvest)

This pillar comprises the systematic capture of environmental, edaphic, and agronomic
variables through in-situ IoT sensors, microclimatic stations, proximal remote sensing
(multispectral and hyperspectral UAVs) and satellite platforms, precision GNSS positioning,
and farm-management information systems (FMIS) [14,15]. Its function is not merely
descriptive, but predictive: it allows the expected ranges of isotopic composition (5!3C,
515N, 8180, 82H, 83*S) and metabolic profile to be estimated before harvest. Applied
nitrogen conditions the §'°N of plant tissue; soil electrical conductivity acts as a proxy for
soil mineralogy, influencing the trace-element profile (Ca, Mg, K, Sr, Fe, Zn); and the hydric
and thermal regime defines the isotopic line of local meteoric water, modelling the 5'0
and 82H values in the final product [16,17]. This pillar generates the digital origin signature
that conditions all subsequent analytical fingerprints.

Pillar II: Post-Harvest Analytical Footprint

This is the set of spectroscopic (NIR, FTIR-MIR, Raman, NMR, fluorescence) and
isotopic (EA-IRMS, GC-IRMS, LC-IRMS, CSIA, 87Sr/8Sr) techniques that capture the
molecular, structural, and elemental composition of the harvested product [8,18]. This
pillar answers the question: what is the product? The choice of technique is not arbitrary; it
is defined by the food matrix, the authentication parameter sought (geographical origin,
agricultural practice, adulteration), and the requirements of resolution, speed, cost, and
sample-preparation needs. As discussed in Section 4, the complementarity between vibra-
tional spectroscopy (functional molecular information) and isotopic analysis (origin and
metabolism information) is essential for building convergent evidence.
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Pillar III: Data Fusion and Artificial Intelligence

This is the integration layer where data from Pillars I and II are combined through
advanced chemometrics (PLS, PCA, LDA, SIMCA) and machine-learning and artificial-
intelligence models (SVM, Random Forest, neural networks, deep learning, federated
learning) [19,20]. The novelty here lies in the use of pre-harvest data as active explanatory
covariates of the predictive model, rather than as passive metadata. Digital twins operate at
this level as virtual replicas synchronised with IoT streams that simulate the expected ranges
of isotopic and metabolic signatures before laboratory analysis is performed, improving the
classification of lots for which the analytical reference database is scarce [21]. Multi-block
fusion (MB-PLS, SO-PLS) integrates spectroscopic, isotopic, and environmental blocks into
a single classification model, systematically outperforming the discriminating power of
single-block models [22].

Pillar IV: Traceability Infrastructure and Data Custody

This is the technological architecture that guarantees the immutability, interoperability,
and traceability of the chain of custody. It includes edge and cloud computing, messag-
ing protocols (MQTT, AMQP), geospatial APIs (OGC SensorThings), distributed ledgers
(blockchain, DAG), and standardisation (GS1 EPCIS 2.0, ISO 22005:2007, INSPIRE) [23,24].
This pillar transforms analytical data into verifiable regulatory evidence, cryptographically
linking the hash of the IRMS or spectroscopic certificate to the pre-harvest IoT record of the
same lot, generating continuous digital forensic evidence from field to laboratory.

Pillar V: Governance, Viability, and Socio-Economic Context

This is the transversal layer that evaluates the real feasibility of implementing the
framework. It includes: (i) cost-benefit analysis and scalability for small and medium-sized
producers; (ii) regulatory and certification frameworks (PDO/PGI, Codex Alimentarius,
EU AI Act); (iii) social acceptance, consumer trust, and transparency; (iv) methodological
standardisation, transferability of calibrations between portable instruments, and inter-
laboratory reproducibility; and (v) environmental sustainability and return on investment
of the integrated system [13,25].

2.3. Operational Workflow of the Framework

The framework workflow follows a predictive feedback logic that articulates the five
pillars in a continuous cycle:

(1). Baseline generation. During the production cycle, IoT sensors, UAVs, and satellite
remote sensing build the dynamic terroir profile (Pillar I), recording edaphic, microcli-
matic, and physiological-stress variables with high spatial and temporal resolution.

(2). Signature prediction. Predictive models (Pillar III) estimate, from the baseline, the
expected ranges of isotopes (813C, 515N, 6'80) and metabolites (sugars, amino acids,
polyphenols) before harvest. Digital twins generate early warnings of deviation from
the expected profile for the zone and variety, allowing corrective interventions or, at
minimum, the documentation of anomalies.

(3). Post-harvest analysis. Spectroscopic and isotopic techniques (Pillar II) confirm or
refute the authenticity of the harvested lot, quantifying the actual chemical fingerprint
of the product.

(4). Fusion and decision. Field data and laboratory data are integrated (Pillar III) through
multi-level data-fusion strategies (low-, mid-, and high-level), producing an au-
thentication verdict with quantified confidence intervals and identified variables
of importance.

(5). Recording and traceability. The analytical result, together with the lot’s chain of
custody, is recorded in the distributed infrastructure (Pillar IV), generating an im-
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mutable digital passport for the product, consultable by producers, cooperatives,
control bodies, and end consumers.

(6). Viability assessment. Pillar V continuously audits whether the benefits in transparency,
fraud reduction, and access to premium markets (PDO/PGI) justify the costs of
instrumentation, training, maintenance, and regulatory compliance. This feedback
adjusts the framework to specific geographical, economic, and cultural contexts,
avoiding the imposition of technologically unviable solutions on small farms.

2.4. Novelty and Specific Contributions of This Review

This review is distinguished from previous work in the food-authentication literature
by the following fundamental aspect:

e Proposal of an original five-pillar conceptual framework, in which authentication
is not conceived as an isolated laboratory test, but as a predictive ecosystem that
begins in the field and culminates in digital certification. Unlike descriptive reviews
that catalogue techniques one after another, this work organises knowledge around a
functional architecture with a defined data flow and feedback between its components.

e  Explicit incorporation of socio-economic and regulatory viability as a structural pil-
lar (Pillar V). Most of the literature focuses on analytical precision achieved under
controlled conditions, yet omits critical cost analysis, scalability for small and medium-
sized agri-food enterprises, and the regulatory frameworks that enable or block indus-
trial adoption [26]. This review critically discusses these barriers, offering a balanced
view between technological potential and implementation reality.

e  Reconceptualisation of pre-harvest data as active variables of the predictive model,
rather than passive metadata. We argue that integrating the terroir baseline with post-
harvest chemometrics through data fusion not only improves classification accuracy,
but also enables proactive detection of anomalies before the product enters the supply
chain, shifting the authentication paradigm from reactive to predictive.

e  Critical comparative analysis of analytical techniques under quantifiable performance
criteria (precision, sensitivity, specificity, cost per sample, analysis time, portability,
and preparation requirements), allowing the reader to select the optimal strategy
according to the application context rather than merely instrumental availability. This
approach responds directly to the demand for quantitative comparisons between
techniques raised in the specialist literature.

e A well-founded prospective discussion of which technologies possess sufficient matu-
rity for industrial adoption in the next 5-10 years (for example, portable NIR, low-field
NMR, blockchain in PDO traceability) versus those that still require rigorous validation
under real field conditions (for example, portable laser IRMS, digital twins at commer-
cial scale, federated learning in real agri-food networks). This technology-maturity
roadmap allows researchers, industry, and regulators to prioritise investments and
standardization efforts.

3. Pillar I: Capture of the Terroir Baseline and Pre-Harvest Technologies

Precision Agriculture (PA), within the framework of the Agriculture 4.0 paradigm, is
an agronomic management system that integrates the acquisition and analysis of spatial
and temporal data to optimize input use, improve productive efficiency, and support
decision-making through continuous monitoring and advanced analytics [26-28]. Within
this paradigm, the concept of Smart Farming goes beyond the simple incorporation of field
sensors: it articulates a multilevel architecture in which the Internet of Things (IoT), edge
and cloud computing, artificial intelligence, and automation converge, forming systems
capable of responding in real time to crop conditions [4,29,30]. This technological integra-
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tion is particularly relevant for food authentication and traceability, because environmental
conditions and management practices during the pre-harvest phase are determining factors
in isotopic fractionation processes and in the formation of the metabolomic and spectral
profiles that constitute the chemical fingerprint of a food’s origin [8,31]. Therefore, com-
bining high-resolution agronomic data with post-harvest analytical techniques makes it
possible to build traceability systems grounded in solid physicochemical evidence, which
reinforce transparency and origin verification in complex agri-food chains [19,23,31-34].

The pre-harvest phase constitutes the starting point of the farm-to-fork traceability
chain. It is in the field where the physicochemical fingerprints that post-harvest analyses
must subsequently verify and authenticate are formed [24]. The set of environmental
variables (temperature, solar radiation, precipitation), edaphic variables (pH, electrical
conductivity, organic matter content), and agronomic variables (cultivated varieties, phy-
tosanitary management, planting density) that characterize a production site throughout a
growing season defines what is known as the terroir baseline: the physicochemical refer-
ence of origin of a given lot, unique and unrepeatable, which conditions both the chemical
composition of the product and its potential for geographical authentication [6,7]. The
systematic quantification of these variables through IoT sensor networks, capable of record-
ing real-time data on soil, microclimate, and crop status, now constitutes the operational
foundation of any robust food authentication system, as it integrates into a digital platform
the historical record of agronomic conditions prior to harvest, converting field information
into traceable and verifiable evidence [35-37]. Within the integrated framework introduced
in Section 2, this baseline constitutes the first active layer of the predictive authentication
ecosystem. Table 1 below presents the main pre-harvest sensing technologies and their
specific contribution to this baseline.

Edaphic sensors installed in the soil profile enable continuous monitoring of key
variables such as volumetric moisture, pH, electrical conductivity (EC), available nitrogen
(NO37), and temperature, providing high spatial and temporal resolution information on
soil status [38,39]. These parameters have a direct effect on post-harvest isotopic markers.
In particular, the source and dose of applied nitrogen condition the §!°N value of plant
tissue, which constitutes one of the most robust indicators for differentiating organic and
conventional production systems [16,40]. Complementarily, soil electrical conductivity acts
as a proxy for its physicochemical and mineralogical properties [17], influencing the trace
element profile (Ca, Mg, K, Sr, Fe, Zn) that can subsequently be detected in the harvested
product using techniques such as ICP-MS, thereby enabling the geochemical traceability of
origin [41-43].

IoT-connected microclimatic stations enable continuous monitoring of variables such
as temperature, relative humidity, photosynthetically active radiation (PAR), wind, and
precipitation, generating a high-resolution hydrothermal record of the plot [15,44]. These
factors are primary determinants of isotopic fractionation in plants: temperature regulates
evapotranspiration and §'0 enrichment in xylem water, while local precipitation defines
the isotopic signal relative to the Global Meteoric Water Line [45,46]. Likewise, water
availability modulates stomatal conductance and, consequently, the §'3C of plant tissue,
constituting a robust indicator of water use efficiency (WUE) [47].

On the other hand, UAVs equipped with multispectral and hyperspectral sensors in
the VNIR range enable the generation of crop physiological status maps at centimetric
resolution [48,49]. Derived indices such as NDVI, NDRE, and CWSI allow quantification of
water, nutritional, and biotic stress [50,51]. This stress induces changes in the secondary
metabolite profile, including phenolic compounds, carotenoids, and terpenes, which can be
detected by post-harvest NIR and Raman spectroscopy, establishing a reproducible link
between pre-harvest conditions and the chemical fingerprint of the final product [52,53].
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Table 1. Pre-harvest monitoring technologies and their contribution to the terroir baseline for

food authentication.

Measured . Contribution to the Terroir
Sensor/Technology Sensor Type Parameters Platform Spatial Res. Baseline
Determines §'°N according to
N source (organic vs.
Electrochemical Vol. moisture, pH, Synt}}it;fs)c,;i];: Sn?r‘izz:lig}?roxy
IoT edaphic (pH, NO3 ,Eh), EC, NOs~, soil In-situ IoT node Point-scale (cm) conditioning the elemental
sensors capacitive/FDR temperature, redox iy
. . profile (Ca, Mg, K, Fe, Zn)
(moisture), TDR potential (Eh) A .
and, indirectly, geochemical
provenance markers such as
8751. /86sr
Conditions 5'80 and 5°H
Thermohygrometer, Temperature, RH, . (lo.cgl temperature and
. S pyranometer, . Fixed IoT precipitation relative to the
IoT microclimatic St . PAR, wind speed and . . .
. tipping-bucket rain R mast/agrometeorological Local (m-km) Global Meteoric Water Line)
stations direction, . 13
gauge, recipitation station and 5°C (WUE under water
anemometer p stress through stomatal
conductance)
Multispectral
frame sensor (5-10 NDVI, NDRE, Pre-harvest stress map at
K . plant scale; conditions the
bands, narrow-pass GNDVI, EVI (vigor); . )
. 2-15 cm GSD secondary metabolite profile
. filters); VNIR CWSI, WBI (water . . . !
Multispectral / Multirotor/ fixed- (depending on (phenols, carotenoids,
push-broom stress); PRI, PSRI, Chl . . R
hyperspectral UAV e wing UAV flight altitude and terpenes) detectable by
hyperspectral (biotic stress and
sensor) post-harvest NIR and Raman;
camera (400-1000 senescence); canopy 1 c13m s
correlates with 6°C via
nm); thermal IR temperature hotosynthetic efficienc
sensor (LWIR) P Y y
Multitemporal
Sentinel-2 MSI (13 3 m (PlanetScope); characterization of terroir at
Multispectral and band.s, 443-2190 NDVI, EVI, NDWI, Earth observation 1.0_60 m reglonaﬂ SC?IE’ delineation
thermal satellite nm); Landsat-9 phenology, LAI (all satellite (orbital (Sentinel-2); 30 m and monitoring of PDO/PGI
imacer OLI-2 + TIRS; senS(;rs) latform) (Landsat-9 OLI); zones; detection of
sery PlanetScope P 100 m (Landsat-9 interannual phenological
SuperDove TIRS) anomalies affecting product
chemical composition
Centimetric geotagging of
Multi-constellation Latitude, longitude, Aericultural plots for spatial traceability of
. GPS/GLONASS/ ellipsoidal altitude, & . multi-source IoT data;
Precision GNSS . . . machin- <2 cm (RTK)/<10 . . 18
Galileo/BeiDou plot boundaries, altitude for correction of 6'°O
(RTK) . . . . ery/handheld /UAV cm (PPP) P .
receivers with RTK sampling point base station and 6°H isotopic models
or PPP correction coordinates according to altitudinal
gradient (~2.5%. /100 m)
Fertilization type,
Cloud-based FMIS dose and d ate; Audited management history:
Farm Management . phytosanitary - 15
) software; mobile o type of N applied for 5'°N;
Information . applications; Cloud S . 13
field notebook s — (documentary irrigation practices for 6°C
System (FMIS) and L irrigation (volume, platform/tablet/ . 18 . 3.
dioi X applications; A record, non-spatial) and §'°0; S source for 5°*S;
igital agronomic . . ith frequency); smartphone d basis f
records integration witl cultivated variety; ocumentary basis for
IoT sensor APIs ! organic certification and PDO

sowing and harvest
dates

Note: EC: electrical conductivity; Chl: chlorophyll content (spectral index); CWSI: Crop Water
Stress Index; PDO/PGI: Protected Designation of Origin/Protected Geographical Indication; Eh:
soil redox potential; EVI: Enhanced Vegetation Index; FDR: frequency domain reflectometry; FMIS:
Farm Management Information System; GNDVI: Green Normalized Difference Vegetation Index;
GSD: Ground Sampling Distance; RH: relative humidity; ICP-MS: inductively coupled plasma mass
spectrometry; LAI: leaf area index; LST: Land Surface Temperature; LWIR: long-wave infrared; NDRE:
Normalized Difference Red Edge Index; NDVI: Normalized Difference Vegetation Index; NDWI:
Normalized Difference Water Index; PAR: photosynthetically active radiation; PPP: precise point
positioning; PRI: Photochemical Reflectance Index; PSRI: Plant Senescence Reflectance Index; RTK:
real-time kinematic; TDR: time domain reflectometry; TIRS: Thermal Infrared Sensor; VNIR: visible
and near-infrared; WBI: Water Band Index; WUE: water use efficiency.
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Earth observation satellite platforms such as Sentinel-2 MSI, Landsat-9, and Plan-
etScope enable the multitemporal characterization of terroir at landscape scale through
derived products such as NDVI, Enhanced Vegetation Index, NDWI, and land surface
temperature, facilitating the dynamic delineation of zones associated with designations of
origin and the detection of interannual phenological anomalies that affect the chemical com-
position of the product [54]. Evidence has also emerged of correlations between spectral
indices and soil microbial diversity, opening new avenues for geographic authentication
based on biophysical proxies [21].

In parallel, high-precision geotagging via RTK GNSS ensures centimetric spatial
traceability of plots, allowing environmental and edaphic data to be anchored to verifiable
coordinates, while the recorded altitude enables corrections to be applied in '0 and §*H
isotopic models in accordance with documented altitudinal gradients [55,56]. These spatial
delimitations also constitute the integration unit for multi-source data layers spanning
in-situ sensors, UAVs, and satellites.

Finally, farm management systems (FMIS) and digital agronomic records consolidate
the agronomic management history: fertilization, irrigation, and phytosanitary applica-
tions; in traceable platforms, providing the causal context needed to interpret isotopic
biomarkers (5'°N, §!13C, §180), while their integration with blockchain technologies ensures
the immutability and auditability of records, thereby strengthening origin certification
systems [57].

4. Pillar II: Post-Harvest Analytical Fingerprint

The post-harvest stage has traditionally constituted the core of food authentication
workflows [1,2,8]. However, when operating as an isolated verification layer, analytical
chemistry behaves reactively rather than predictively [1,2,58,59]. To resolve this paradigm,
Pillar Il redefines post-harvest analytical techniques—spectroscopies and isotopic analyses—
not as standalone diagnostic tools, but as dynamic chemical fingerprints designed to be
mathematically coupled with the pre-harvest terroir baseline (Pillar I) [6-8,18].

4.1. Vibrational and Complementary Spectroscopy

Spectroscopic platforms allow rapid, non-destructive molecular interrogation with
minimal or no sample preparation [60,61]. Their key strength lies in capturing holistic
molecular signatures directly from complex matrices without requiring tedious chemical
separations [8,62,63].

4.1.1. Near-Infrared (NIR) Spectroscopy

Spanning 780 to 2500 nm, NIR spectroscopy measures overtones and combination
bands of O-H, N-H, and C-H stretching vibrations, providing intrinsic sensitivity for
quantifying moisture, lipids, and proteins across diverse matrices [64—68]. Recent advances
have expanded its utility from basic composition to predicting complex sensory and
functional traits: Sun et al. [69] demonstrated that combining NIR with PLS regression
allows the prediction of both chemical and sensory quality attributes in tomatoes. Fulladosa
etal. [70] validated online NIR sensors to characterize salt content in canned tuna, achieving
accuracy levels compatible with nutritional labeling requirements. NIR is increasingly
replacing traditional chromatographic methods like GC because it provides a rapid, non-
destructive, and reagent-free alternative that can be utilized in situ or at-line, eliminating
the extensive sample preparation and destruction required by GC.

Despite its high analytical throughput and ease of use, NIR suffers from broad, highly
overlapping absorption bands, low chemical specificity for trace adulterants, and physical
light-scattering interferences [65,67,68]. As highlighted by Squeo et al. [63], a major institu-
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tional bottleneck remains the considerable gap between the scientific maturity of NIR and
its formal adoption into official methods of analysis. Furthermore, variable selection strate-
gies (e.g., interval-based approaches) are critical to prioritize regions of genuine chemical
relevance rather than processing non-informative spectral noise [71,72].

4.1.2. Mid-Infrared (MIR) and FTIR Spectroscopy

Operating in the 400-4000 cm ! region, MIR accesses fundamental molecular vibra-
tions, yielding superior chemical specificity compared with NIR [9,60]. The introduction of
Fourier-transform infrared (FTIR) instruments enabled rapid, multiplex acquisition with
high signal-to-noise performance [71,73]. Attenuated Total Reflectance (ATR-FTIR) has
streamlined liquid and solid analysis, proving especially effective for detecting adulteration
in olive oil (blending with cheaper vegetable oils) [73,74] and dairy products [71,73].

The integration of focal plane array (FPA) detectors has enabled FTIR imaging (MIR
hyperspectral imaging), offering micro-spatial mapping to identify heterogeneous solid
adulterants such as microplastics or melamine particles [75]. However, water strongly ab-
sorbs MIR radiation, severely limiting direct transmission measurements in high-moisture
matrices unless specialized ATR geometries or sample dehydration protocols are imple-
mented [9,60,74].

4.1.3. Raman Spectroscopy

Raman spectroscopy relies on inelastic light scattering to probe changes in molec-
ular polarizability [61,62]. Because it is largely insensitive to water, it offers significant
advantages for aqueous and high-moisture matrices [60-62]. Advanced modalities include:

Surface-Enhanced Raman Spectroscopy (SERS): Pushes sensitivity to trace levels for
rapid detection of pesticides, mycotoxins, and contaminants [76,77].

Spatially Offset Raman Spectroscopy (SORS): Allows non-destructive inspection
through opaque packaging [76,77].

Raman Hyperspectral Imaging (RHI): Maps micro-spatial chemical distributions in
complex horticultural products [78].

Nutritional & Contaminant Analysis: Moe Htet et al. [79] applied PLS-assisted Raman
for non-destructive quantification of a-tocopherol in vegetable oils, while Khongkaew
et al. [80] developed quantitative models to detect lead contamination in turmeric powder
despite intense fluorescence.

Historically, Raman adoption was hindered by intrinsically weak signals and severe
fluorescence background interference from complex chromophores [62,81]. While mod-
ern baseline-correction algorithms and SERS substrates mitigate this, SERS introduces
operational challenges regarding substrate cost and batch-to-batch reproducibility [62,81].

4.1.4. UV-Vis and Fluorescence Spectroscopy

UV-Vis spectroscopy (200-800 nm) targets electronic transitions in chromophores,
pigments, and phenolic compounds [8,60,82]. Modern low-cost optical components have
enabled smartphone-based diagnostic platforms for point-of-need screening [83].

Front-Face Fluorescence (FFF) bypasses light scattering in opaque or turbid matrices
(cheeses, butter, meat) [73,74]. When combined with Excitation—Emission Matrices (EEM)
and deconvoluted via Parallel Factor Analysis (PARAFAC) [73,84], fluorescence selectively
probes intrinsic fluorophores (aromatic amino acids, riboflavin, oxidation products) [72].
Nevertheless, UV-Vis lacks structural specificity and is easily affected by matrix turbid-
ity [8,82]. Fluorescence, while exceptionally sensitive, is restricted to molecules containing
fluorescent chromophores and requires multi-way chemometrics to handle overlapping
EEM landscapes [73,84].
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4.1.5. Nuclear Magnetic Resonance (NMR) Spectroscopy

High-resolution 'H and '*C NMR spectroscopy provides inherently quantitative, non-
targeted metabolomic profiles (amino acids, sugars, organic acids) from complex mixtures
with unparalleled inter-laboratory reproducibility [85-87]. Global 'H NMR profiling is
routinely screened against standardized databases for wine, honey, juice, and olive oil
authenticity [75,85,86].

High-field NMR requires substantial capital investment, liquid cryogens, and spe-
cialized expertise, restricting its deployment to centralized laboratories [85,86]. However,
'H NMR has achieved real-world industrial implementation for routine wine and honey
screening in commercial facilities [10,38,85]. To bridge the gap toward broader industrial
adoption, cryogen-free benchtop NMR (43-100 MHz) trades spectral resolution for portabil-
ity, offering a practical path toward factory-floor screening and adulterant detection [88,89].

4.2. Isotopic Analysis

Stable and radiogenic isotope techniques represent the benchmark for origin verifi-
cation, production practice validation, and process authentication [58,59,90,91]. IRMS has
become critically important in recent years because isotopes provide a direct, unfalsifiable
link to soil geochemistry and local climatic water lines, which complex supply chains
demand for Protected Designation of Origin (PDO) verification as showed in Figure 2.
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Isotopic Analysis)
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Figure 2. Overview of the main isotopic analytical approaches used in agricultural authentication.
Bulk EA-IRMS, CSIA, and radiogenic isotope analysis provide complementary fingerprints for
assessing geographical origin, production practices, and food authenticity.

4.2.1. Stable Isotopes 5'3C, 5'°N, 5180, 5°H, 534S and EA-IRMS

Elemental Analysis coupled to Isotope Ratio Mass Spectrometry (EA-IRMS) measures
natural isotopic variations driven by physiological and environmental fractionation [90,92,93]:

813C: Differentiates C3 vs. C4 photosynthetic pathways and reflects plant water-use
efficiency (WUE) under hydric stress [18,45,47].

815N Serves as a direct biomarker for nitrogen fertilization regimes, distinguishing
synthetic fertilizers from organic manure [16,40,94].

5180 and 52H: Track meteoric water sources, evapotranspiration, local ambient tem-
perature, and altitudinal gradients [45,46,95].

§34S: Reflects underlying soil geochemistry and atmospheric sulfur deposition [96,97].
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4.2.2. Compound-Specific Isotope Analysis (CSIA)

By coupling Gas or Liquid Chromatography to IRMS (GC-IRMS, LC-IRMS) [92,93],
CSIA measures isotopic ratios of individual target molecules (e.g., specific fatty acids, sug-
ars, amino acids, volatile aroma terpenes) rather than bulk matrices [98,99]. This provides
target-specific resolution capable of exposing sophisticated fraud, such as distinguishing
authentic honey from C4 sugar-syrup adulteration, identifying synthetic flavorings, or
verifying extra virgin olive oil provenance [98-100].

4.2.3. Multi-Isotope Fingerprinting and 875r/865r

Integrating multiple stable isotopes into a unified fingerprint significantly enhances
classification accuracy across complex food matrices, including meat [101], seafood [102],
fruits [97,103], olive oil [104,105], wine [95,106], coffee [107], nuts [108], and honey [109].

To overcome the limitation of stable isotopes being influenced by seasonal climatic
shifts, radiogenic strontium isotope ratios 8Sr /80Sr) are incorporated [90,110]. Strontium
ratios pass un-fractionated from bedrock soil into plant tissues and animal products, provid-
ing a pure geological footprint of provenance independent of climate fluctuations [110-112].

4.3. Miniaturization and Portable Instrumentation

The transition from centralized testing to point-of-need inspection across the supply
chain is driven by MEMS, linear variable filters (LVF), compact array detectors, and edge-
computing architectures [11,12,63,113]. Miniaturized NIR and Raman devices allow rapid
quality control at processing plants, retail nodes, and field borders [61,114,115].

However, real-world deployment faces critical implementation barriers. Portable
instruments inherently exhibit lower signal-to-noise ratios, restricted spectral ranges, and
higher sensitivity to environmental perturbations such as ambient light and field temper-
ature fluctuations [11,63,113]. Furthermore, transferring multivariate calibration models
across multiple secondary hand-held units without loss of predictive power remains a
severe operational hurdle [116]. Advanced algorithms, such as transfer learning, deep learn-
ing architectures, and ensemble pre-processing, are actively being developed to resolve
these bottlenecks [11,12,49,117].

4.4. Comparative Assessment of Analytical Techniques

To guide practical deployment, Table 2 provides a quantitative and operational com-
parison of post-harvest analytical platforms [8,18,60].

Table 2. Quantitative comparative assessment of post-harvest analytical techniques for
food authentication.
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5. Pillar III: Data Fusion, Chemometrics, and Artificial Intelligence

In modern authentication architectures, raw analytical signals carry minimal utility

in isolation [8,62,72,118]. The core capability resides in mathematical pipelines that ex-

tract latent chemical information, remove physical artifacts, and fuse heterogeneous data
streams [119-121].

5.1. Data Pre-Processing and Exploratory Analysis

Mathematical pre-processing isolates true chemical variance from physical, optical,
and instrumental artifacts [122,123].
Spectroscopic Pre-Processing

Physical scattering, sample particle size variations, and baseline drifts are corrected
using multiplicative, derivative, and orthogonal projection algorithms [124]:

SNV & MSC/EMSC: Standard Normal Variate (SNV) normalizes spectral intensity by
centering and scaling each spectrum [124]. Multiplicative Scatter Correction (MSC)
and Extended MSC (EMSC) regress spectra against an ideal mean reference to model
physical light-scattering effects [124,125].

Normalization Methods: Probabilistic Quotient Normalization (PQN) accounts for di-
lution in biological extracts [126], while Area, Unit Vector, and Min-Max Normalization
compensate for laser power fluctuations or concentration differences.

Smoothing & Derivatives: Savitzky—Golay Smoothing and Derivatives compute mov-
ing polynomial fits [127,128]. First derivatives remove baseline offsets, while second
derivatives eliminate linear slopes and resolve overlapping peak structures [127,128].
Orthogonal Signal Correction (OSC) & EPO: OSC removes spectral variance orthogonal
to the response variable (e.g., detector drift) [118]. External Parameter Orthogonal-

https://doi.org/10.3390/pr14182884


https://doi.org/10.3390/pr14182884

Processes 2026, 14, 2884

14 of 31

ization (EPO) eliminates variance induced by external environmental factors, such as
temperature or sample moisture [129].

e Automated & Ensemble Pre-Processing: Recent workflows use Design of Experiments
(DoE) [123] or ensemble methods [117] to systematically evaluate and fuse multiple
pre-processing sequences, avoiding subjective user bias.

Isotopic Standardization

Isotope Ratio Mass Spectrometry (IRMS) generates discrete, low-dimensional data-
sets [18,42]. Pre-processing requires rigorous delta (8) normalization against international
reference standards (e.g., VSMOW, VPDB) to ensure global inter-laboratory comparabil-
ity [18,42]. Variables are subsequently subjected to auto-scaling (z-score standardization),
ensuring that trace isotopes carry equal statistical weight alongside dominant elemental
concentrations [8,130].

Exploratory Visualization

Unsupervised Principal Component Analysis (PCA) is universally deployed to inspect
raw data structures, detect physical outliers, and visualize natural clustering patterns (e.g.,
origin or variety) prior to supervised modeling [131].

5.2. Multivariate Classification and Calibration Models

When transitioning from exploration to classification, algorithm selection must balance
predictive accuracy, non-linear handling, and model interpretability [119,121].

Partial Least Squares (PLS/PLS-DA): PLS regression [118] and PLS Discriminant Anal-
ysis [132] remain the standard linear benchmarks for collinear spectroscopic data [65,69,70].
However, PLS assumes linear relationships between spectral intensities and target
classes [118].

Non-Linear Al Classifiers (SVM, Random Forest, Deep Learning): Food matrices are
subject to complex non-linear biological, climatic, and processing variations. Support Vector
Machines (SVM) construct non-linear hyperplanes using kernel functions, significantly
outperforming PLS-DA when class boundaries overlap [8,76]. Random Forests (RF) evalu-
ate complex interaction terms across heterogeneous data types without over-fitting [8,76].
Deep Neural Networks (CNNs) extract hierarchical feature representations directly from
raw multi-channel signals, bypassing manual feature selection [19,20].

Calibration Transfer: Industrial deployment across supply chain nodes relies on
model transfer strategies (e.g., wavelength selection, model updating) originally developed
for industrial process control [116,133] to maintain predictive accuracy across different
secondary handheld devices [117,134].

Model Interpretability and “Black-Box” Risks: While deep learning models achieve
high classification accuracy, their “black-box” nature creates regulatory friction and public
mistrust [135]. In legal origin disputes, regulators require transparent justifications [136,137].
Explainable Al (XAI) frameworks (e.g., SHAP, LIME) are increasingly applied to map neural
network decisions back to specific, chemically meaningful spectral bands or isotopic features,
restoring scientific interpretability and regulatory compliance [136,137].

5.3. Chemometrics in Isotopic Analysis

Because isotopic variations between authentic and fraudulent products are often
subtle relative to natural biological background variance [8,94], univariate thresholding is
insufficient. ANOVA and PCA identify diagnostic isotopic subsets (613C, 615N, 5180, 52H,
534S, 875r/865r) [94]. Supervised linear discriminants (LDA, OPLS-DA) and non-linear
classifiers (SVM, RF) combine multi-isotope ratios with elemental profiles (ICP-MS) [8,76].
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Rigorous validation protocols—including external validation with independent com-
mercial batches, permutation testing, and reporting sensitivity /specificity—are now manda-
tory to prevent over-optimistic classification [94].

5.4. Multi-Block Data Fusion Strategies

Data fusion integrates multi-instrument outputs into a unified decision matrix, over-
coming the inherent limitations of single-technique verification. While traditional PLS is
highly interpretable, Al-based non-linear classifiers (SVM, RF, Deep Learning) are begin-
ning to outperform PLS methods because food matrices are subject to complex non-linear
biological and climatic variations. Consequently, multi-block data fusion is considered
the future direction of food authentication, as it drastically reduces false-positive rates by
forcing fraudsters to mimic multiple orthogonal signatures simultaneously [22,76].

Fusion Levels

(1). Low-Level Fusion: Concatenates raw measurement matrices (e.g., NIR + MIR spectra)
before modeling [8,76]. It preserves all raw information but suffers from massive
dimensionality, differing scaling units, and noise propagation [8,76].

(2). Mid-Level (Intermediate) Fusion: Extracts key latent variables (e.g., PCA scores,
selected spectral wavelengths, discrete isotope values) from each platform and merges
these descriptors into a joint block [8,76]. As demonstrated by Stocco et al. [138]
in PDO cheeses, combining NIR and Raman feature blocks significantly improves
classification performance over single-sensor models.

(3). High-Level (Decision-Level) Fusion: Combines independent prediction probabilities
from separate classification models (e.g., combining an NIR PLS-DA verdict with
an IRMS Random Forest verdict) via voting or Bayesian rules to produce a final
consensus decision [8].

5.5. Agricultural Digital Twins and Pre-Harvest Predictive Modeling

Digital Twins represent virtual replicas of agricultural plots synchronized in real
time with field IoT streams (Pillar I) and crop growth simulation models (e.g., DSSAT,
APSIM) [14,139-141].

Rather than waiting for post-harvest testing, Digital Twins simulate the expected
baseline ranges of isotopic composition (613C, 5180) and metabolic profiles prior to harvest
based on microclimatic and hydric stress records [139,141]. When post-harvest laboratory
testing is performed (Pillar II), the pre-harvest model acts as an active probabilistic covariate
in Sequential and Orthogonalized PLS (SO-PLS) [22] or Multi-Block PLS (MB-PLS) algo-
rithms [20,142]. This drastically improves classification accuracy for protected designations
(PDO/PGI) where authentic reference database samples are naturally scarce [20,139].

5.6. MLOps, Federated Learning, and Transfer Learning

Deploying Al models across real-world agri-food networks introduces operational
challenges that require modern MLOps pipelines [20,37]:

Federated Learning: Enables decentralized model training across multiple compet-
itive agricultural cooperatives [24,136]. Individual farms train local Al models on their
proprietary IoT and agronomic data, sharing only updated model weights with a cen-
tral server. This preserves commercial data privacy while building robust, network-wide
authentication models [24,136].

Transfer Learning & Calibration Transfer: Addresses instrument-to-instrument varia-
tion and seasonal shifts [11,12,116]. By fine-tuning pre-trained deep learning architectures
using a small subset of new seasonal or secondary-device samples, transfer learning
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maintains high prediction accuracy without requiring complete, expensive model recalibra-
tion [11,12,116].

6. Critical Applications by Food Category

The practical implementation of farm-to-fork authentication frameworks relies on
translating complex analytical signals into clear answers regarding food origin, quality, and
safety. Across diverse food commodities, the combination of isotopic ratios, spectroscopic
fingerprints, and smart agricultural data has proven highly effective in exposing fraud and
validating label claims [105,143]. The following subsections explore how these integrated
approaches are currently applied to major food and beverage categories.

The real value of integrated analytical approaches becomes clearer when they are
tested across different food categories, because each matrix brings its own challenges in
composition, variability, and fraud vulnerability. Some products are best distinguished
through isotopic signatures linked to origin and farming practice, while others respond
more strongly to spectroscopic fingerprints or to combined multi-source models. Table 3
captures this diversity well by showing how isotopic and spectroscopic techniques, together
with pre-harvest information, can be adapted to different foods and beverages. In doing
so, it highlights not only the technical flexibility of these methods, but also their practical
relevance for routine traceability.

Table 3. Applications of isotopic and spectroscopic analytical techniques integrated with pre-harvest

data for food authentication.

Primary Analytical Spectroscopic Isotopic/Elemental Integration with Smart
Food Category Challenge Techniques Techniques Farming/IoT
NIR and Raman for EA-IRMS for Correlation with UAV
. Early disease detection; detecting stress-related nitrogen-related stress indices and field
Plant pathologies and

crop protection

differentiation between
management systems.

metabolic changes and
disease-linked spectral

differentiation linked to
fertilizer source and

monitoring data in
precision agriculture

Beverages (wine,
spirits, coffee)

fingerprints. crop management. workflows.
Geographical origin, NIR. Raman. and NMR IRMS and related Digital traceability
vintage consistency, ’support’ rapid isotopic approaches are systems can link

and adulteration
control are highlighted
as core authentication

fingerprinting and
metabolomic profiling
of beverage matrices.

presented as robust
tools for origin and
production-condition

pre-harvest field data
with post-harvest
authentication records

Cereals, fruits, and

targets. verification. across the supply chain.
e . NIR. and MIR.are IRMS is used for Links can be
Verification of origin, described as suitable tracing eeosranhic established between
production system, and for rapid, § seograp

origin, water regime,

isotopic signatures and

uality-linked non-destructiv e . .
vegetables d y-mee onrdestructive and fertilization history ~ pre-harvest moisture,
compositional classification of .
- o through stable isotope temperature, and
variation. composition and .
ratios. crop-stress data.
provenance.
Farm records and
Authentication of Stable isotope .
NIR and NMR support p environmental

Animal-derived foods
(dairy and meat)

feeding regime,
production origin, and
compositional
differences across
systems.

rapid compositional
screening and broader
metabolomic
discrimination.

approaches are relevant

for linking feed source,
water origin, and

management history to
the final product.

monitoring provide
contextual variables
that strengthen
traceability
interpretation.

6.1. Plant Pathologies and Precision Agriculture

Managing: plant diseases has historically been a reactive and broad-spectrum effort,

but precision agriculture is changing how crops are monitored, protected, and treated [144].
Instead of applying the same treatment across an entire field, farmers can now respond to
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disease pressure in a more localized and efficient way, recognizing that crops, soils, and
pathogens do not behave uniformly in space or time [145]. This shift is important not only
for protecting yields, but also for reducing unnecessary pesticide use and supporting more
sustainable production systems [145].

Today, the management of plant pathologies is increasingly supported by digital tools
such as smart sensors, multispectral imaging, and artificial intelligence models capable
of identifying symptoms with high precision [145,146]. Among these tools, deep learning
approaches, especially convolutional neural networks, have shown strong performance
for real-time diagnosis of plant diseases under practical agricultural conditions [146].
Their value lies in allowing earlier detection, faster decision-making, and more targeted
interventions before a disease spread across the whole field [146].

At a broader level, current research shows that precision agriculture is becoming
one of the main frameworks for modern plant health management, combining diagnosis,
prediction, and site-specific action in a single system [144,145]. In this sense, plant pathology
is no longer limited to identifying a disease after damage appears; it is increasingly oriented
toward anticipation, continuous monitoring, and precise response [144]. This integration
between agronomy, data science, and crop protection is shaping a more resilient and
efficient model of agriculture for the coming years [145,146].

6.2. Edible Oils and Fats

Edible oils, particularly extra virgin olive oil, are among the most frequently adulter-
ated food products globally due to their high commercial value and complex supply chains.
Spectroscopic and isotopic techniques have become the primary line of defense against
both economic adulteration and false geographical declarations [31,105].

Stable isotope ratio analysis (SIRA) is particularly powerful for tracing the geographi-
cal origin of olive oils because the isotopic signatures of carbon (§'3C), hydrogen (5°H), and
oxygen (5!80) are directly influenced by the specific climatic and pedological conditions
of the olive grove [100]. For example, Tarapoulouzi, Skiada, et al. [105] demonstrated the
successful chemometric discrimination of the geographical origin of three Greek cultivars
of olive oils by relying on stable isotope ratios, emphasizing that '80 and §*H are the
most critical markers for capturing regional climatic nuances. To achieve even finer granu-
larity, recent approaches utilize Compound-Specific Isotope Analysis (CSIA) to measure
the carbon isotope ratios of individual fatty acids, providing an isotopic fingerprint that is
exceptionally difficult for fraudsters to mimic [100].

Parallel to isotopic methods, vibrational spectroscopy is widely employed to detect
the illicit blending of premium olive oils with cheaper botanical alternatives, such as
hazelnut, corn, or refined pomace oils. Fourier-transform mid-infrared (FT-MIR) and NIR
spectroscopy, when coupled with multivariate models like PLS-DA or SVM, can detect
adulterants at low single-digit percentages by identifying deviations in the triacylglycerol
backbone and minor lipid components [74]. Furthermore, these techniques are increasingly
used to assess quality degradation parameters, such as free acidity and peroxide value,
enabling rapid, reagent-free grading of oils at the point of reception [74].

6.3. Beverages: Wine, Spirits, Coffee, and Tea

The beverage sector relies heavily on terroir, traditional processing, and strict geo-
graphical indications to define product value. Consequently, verifying the origin and com-
position of wines, spirits, coffee, and tea has driven significant analytical innovation [143].

In wine authentication, the primary analytical challenges are verifying geographical
origin, confirming the declared vintage, and detecting illicit practices such as chaptalization
(the illegal addition of sugar to boost alcohol content) or watering down [143]. Site-specific
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Natural Isotope Fractionation-Nuclear Magnetic Resonance (SNIF-NMR) and IRMS are
the official methods recognized by the International Organisation of Vine and Wine (OIV)
for detecting added sugars, as the isotopic ratio of deuterium to hydrogen in the ethanol
molecule clearly distinguishes beet or cane sugar from naturally fermented grape sugars.
Beyond standard regulatory methods, Koidis et al. [143] highlighted how the integration
of elemental profiling (via ICP-MS) with chemometrics allows for the highly accurate
geographical discrimination of wines and beers by tracing the soil’s mineral signature
directly into the finished beverage.

In addition to elemental and isotopic markers, UV-Vis, NIR, and Raman spectroscopy
have proven highly effective for the rapid screening of beverages. For instance, spectro-
scopic profiling can rapidly discriminate between coffee varieties (Arabica vs. Robusta)
and detect common bulk adulterants like chicory or roasted cereals. As supply chains
modernize, the future of beverage authentication lies in coupling these post-harvest spectral
fingerprints with Al-driven digital platforms. Emerging concepts such as “digital twins”,
which create real-time digital replicas of the supply chain, and blockchain technologies en-
sure that the analytical data generated at the winery or roastery remains secure, immutable,
and accessible to the consumer [147].

6.4. Cereals, Fruits, and Vegetables

For plant-based commodities, the focus of authentication is twofold: verifying geo-
graphical origin (especially for products with Protected Designation of Origin status) and
ensuring that agricultural practices align with specific label claims, such as “organic” or
“sustainably farmed.”

Spectroscopic tools are highly versatile for the non-destructive quality assessment of
intact fruits and vegetables. Cruz et al. [148] successfully utilized Visible-Near Infrared
(VIS-NIR) diffuse reflectance spectroscopy coupled with chemometrics to accurately clas-
sify different apple varieties, demonstrating the technique’s utility for rapid sorting in
packing houses. Expanding on this concept, Sanchez et al. (2024) [149] applied VIS-NIR
spectroscopy combined with advanced Machine Learning and Deep Learning algorithms
to classify specific apple growing regions, demonstrating that spectral fingerprints contain
embedded geographical information that deep learning networks can effectively extract.

To verify agricultural practices, isotopic analysis remains unparalleled. The §'°N
signature of plant tissues is widely recognized as the most robust marker for distinguishing
organically grown crops from conventionally grown ones, as synthetic fertilizers exhibit
distinctly different nitrogen isotope ratios from organic manures and composts [94]. For
example, [oannou-Papayianni et al. [91] utilized a combination of isotopic and elemental
markers to definitively enhance the authenticity verification of potatoes, linking the tubers
directly to their specific soil chemistry and fertilizer regimes. By integrating these post-
harvest isotopic and spectral measurements with pre-harvest IoT smart farming data, such
as continuous soil moisture, localized weather patterns, and precise fertilizer application
logs, stakeholders can build a comprehensive, multi-layered traceability matrix that is
remarkably resistant to fraud.

6.5. Meat and Dairy Products

The authentication of animal-derived products presents unique analytical challenges
because the isotopic and chemical signatures of meat and dairy are secondary reflections of
the animal’s diet, drinking water, and local environment [18]. Ensuring the safety, origin,
and specific dietary regimes (e.g., grass-fed, pasture-raised, or specific alpine diets) of these
products is critical for consumer trust.
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Isotopic analysis is highly effective in verifying the dietary history of livestock. The
carbon isotope ratio (613C) of meat or milk fat can easily differentiate between animals fed
a diet dominated by C3 plants (such as temperate grasses and alfalfa) versus those fed
C4 plants (like maize), which is the foundation for verifying “100% grass-fed” claims [18].
Similarly, the oxygen and hydrogen isotopic ratios of milk water provide a direct link
to the geographical altitude and latitude where the animal was raised, supporting the
authentication of premium alpine cheeses and regional butters.

Animal-derived foods illustrate especially well how pre-harvest conditions can leave
measurable signatures in the final product. Feed composition, water source, animal man-
agement, and environmental context all influence the isotopic and biochemical profile of
milk and meat, creating a chain of evidence that can be followed from farm to fork. Figure 3
captures this idea in a clear visual form, linking the initial agricultural conditions to the
analytical signals later measured with portable infrared (NIR) or Raman tools. The result is
a useful reminder that authentication is not only about detecting fraud after the fact, but
also about preserving a transparent record of how the product was produced.
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Figure 3. Data pipeline for food authentication based on the integration of spectroscopic matrices,
isotopic ratios, and smart farming IoT metadata, followed by pre-processing, exploratory analysis,
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multivariate modeling, and final authentication decision-making. In the ANOVA plot, asterisks
denote statistical significance levels (** p < 0.01, *** pp < 0.001). In the SVM diagram, the solid line
indicates the decision boundary and dashed lines represent the margins. Ellipses and dashed lines in
the Artificial Neural Networks schematic are standard visual conventions used to denote additional
hidden nodes and layers.

Spectroscopic techniques are concurrently transforming quality control in the dairy
industry. Tarapoulouzi, Jia, and Koidis [143] recently reviewed the new developments
and future challenges of deploying non-destructive NIR spectroscopy sensors directly
within the cheese industry, highlighting the transition from laboratory analysis to at-line
process monitoring. In a practical application of this concept, Tarapoulouzi, Entrenas,
et al. [150] conducted a pioneering study using NIR spectroscopy and chemometrics to
determine seasonal variations in Halloumi cheese, proving that spectral data can capture
the subtle, diet-induced compositional shifts that occur in milk throughout the changing
agricultural seasons.

Finally, the safety tracking of complex food matrices is being addressed by highly sen-
sitive, miniaturized analytical techniques. For instance, Tarapoulouzi, Stavrou, et al. [143]
developed a green analytical method using Surface-Enhanced Raman Spectroscopy (SERS)
with gold nanoparticles on titanium oxide nanowires for the rapid detection of acry-
lamide (a hazardous processing contaminant). This demonstrates how advanced spec-
troscopic nanomaterials can be utilized not just for origin authentication (Figure 4), but
for the crucial monitoring of food safety parameters at trace levels across the farm-to-fork
continuum (Figure 5).
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Figure 4. Data fusion architecture for food authentication. The diagram illustrates low-level, mid-
level, and high-level integration of spectroscopic (NIR, MIR, Raman) and isotopic/elemental (IRMS,
ICP-MS) data. In the predictive modeling plots (PC1 vs. PC2), blue circles and red triangles denote
distinct sample classes (e.g., authentic versus adulterated, or different geographical origins), while
the dashed line represents the decision boundary separating these classes.
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The Isotopic and Spectral Journey of an Animal Product
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Figure 5. Farm-to-fork analytical tracking of dairy and meat products. The diagram illustrates how
initial environmental factors, such as the isotopic signatures (613C) of C3 and C4 grasses, translate
into measurable shifts in the protein and lipid profiles of final products, which can be subsequently
verified using portable IR, NIR, or Raman spectroscopy.

7. Challenges and Future Perspectives

The implementation of Al in agricultural monitoring and food quality assessment
faces three fundamental challenges. First, the performance and accuracy of Al systems
depend strongly on the availability of datasets for model training and those must be high-
quality and well-annotated. However, data scarcity and the complexity of annotation often
arise due to the labor-intensive nature of manual labelling, the high variability in fruit
phenotypes, and the rarity or diversity of food fraud cases. A potential solution is data
augmentation through the generation of synthetic datasets and hybrid datasets combining
real and synthetic data.

Second, model fragility remains a major limitation under real-world conditions. En-
vironmental variability (e.g., lighting changes and occlusions), fruit heterogeneity (e.g.,
cultivar and maturity differences), low prevalence of certain fraud scenarios, non-ideal in-
strument design, and the complex optical and chemical properties of highly scattering food
materials can all reduce the robustness and generalizability of HSI and RGB-based systems.
To address these challenges, multimodal data fusion integrating HSI with complementary
imaging modalities, together with domain adaptation techniques, can improve robust-
ness and reduce sensor-to-sensor variability across acquisition conditions. Furthermore,
incorporating physical understanding into instrument design can enhance measurement
stability and the reliability of multivariate prediction models, as demonstrated by Thorvald
IT in Figure 6, an agricultural robot for pre-harvest strawberry assessment [151,152]. Subse-
quently, agricultural robots combining hyperspectral imaging, computer vision, and Al
analytics can therefore provide more accurate and consistent real-time evaluation of fruit
ripeness, defects, and nutritional quality than traditional manual inspection.

Third, real-time deployment is still challenging due to the high computational de-
mands of deep learning models and the limited latency and energy capacity of edge devices.
Lightweight edge Al architectures, combined with model compression techniques such
as pruning and quantization, and deployment on hardware-accelerated platforms, can
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enable efficient real-time inference [153]. In addition, heterogeneous robotic swarms offer
scalable and cost-effective solutions for orchard fruit quality monitoring across diverse
crops and environmental conditions while maintaining high throughput and operational
reliability [3].

Figure 6. Demonstration of on-site testing with Thorvald II, during a training visit of Dr. Maria
Tarapoulouzi to Norwegian University of Life Sciences (NMBU), As, Oslo, Norway.

Ethical implementation in food authentication requires transparency, data protection,
accessibility, environmental sustainability, regulatory compliance, and stakeholder engage-
ment. Authentication systems should avoid disadvantaging small producers, minimize
social and economic inequalities, and consider long-term societal impacts, including em-
ployment and market changes. Because food safety and authenticity involve multiple
stakeholders with differing priorities, ethical decision-making must balance fairness, public
health, cost-efficiency, and hazard detection. Modern food systems are shaped by inter-
connected legal, economic, technical, social, and ethical factors, making interdisciplinary
collaboration essential. In this context, Al-driven technologies and blockchain-enabled
traceability systems can significantly enhance food safety, quality assessment, diagnostic
capabilities, production efficiency, and resource management when applied responsibly
and sustainably [1,24].

Food analysis is entering a transformative phase enabled by advances in Al models and
agri-robotics, offering improved precision and efficiency in food science, which is critical for
food safety and quality assurance [1,154]. The development and deployment of explainable
artificial intelligence (XAI) frameworks facilitate the interpretation of transparent Al-based
quality prediction models, enabling users and stakeholders to better understand their
internal decision-making processes [136,137]. In contrast, the widespread use of Al systems
operating as “black boxes” has raised concerns regarding transparency and trustworthiness.
In this context, XAl can serve as an effective solution to improve user confidence and
address public concerns regarding model interpretability [135,155].

In the future, Al applications in food detection and traceability are expected to over-
come current limitations and enable more intelligent industrial systems. Building compre-
hensive, high-quality food databases that reflect diverse regions and conditions, together
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with transfer learning and unsupervised domain adaptation, can reduce data heterogene-
ity and improve model transferability across platforms. At the same time, integrating
blockchain and IoT technologies through improved distributed computing and more reli-
able data acquisition will support real-time, end-to-end supply chain monitoring. Privacy-
preserving approaches such as federated learning will further enable secure collaboration in
food traceability within bioinformatics-driven systems. Al systems enhanced with adaptive
learning and automated optimization will progressively improve performance in complex
food environments, supporting the shift toward Food Industry 4.0, where real-time Al mon-
itoring, IoT-enabled sensing, and blockchain-secured data infrastructures operate together.
These developments are expected to enhance efficiency, reliability, and sustainability while
strengthening global food safety and transforming quality control into a more intelligent
and innovative process [24].

Future research should focus on (i) explainable Al (XAI) to improve the interpretability
of decision-making processes, (ii) federated learning frameworks that support collaborative
model development across supply chains without centralized data sharing, and (iii) the
integration of agri-robotics in precision agriculture to mitigate labor shortages. Although
Al has significant potential for food quality assurance, its successful implementation will
require strong interdisciplinary collaboration among computer scientists, food engineers,
and policymakers to ensure both technological innovation and practical applicability. Au-
thentication frameworks should therefore be designed with inclusivity and proportionality
in mind, ensuring that small and traditional producers are not inadvertently marginalized
by costly digital requirements. Regulatory acceptance will also depend on greater cross-
border harmonization of legal and regulatory frameworks, as current requirements vary
substantially across jurisdictions, reflecting differences in legislation, cultural practices, and
attitudes toward food data privacy [3].

Over the next 5-10 years, technologies such as portable NIR, low-field benchtop NMR,
and blockchain in PDO traceability possess sufficient maturity to become mainstream
industrial standards. Conversely, technologies like portable laser IRMS, digital twins
at commercial scale, and federated learning across real agri-food networks still require
rigorous validation under field conditions before widespread adoption [3].

8. Conclusions

The landscape of food authentication is undergoing a fundamental paradigm shift,
transitioning from isolated post-harvest analyses to continuous, data-driven, farm-to-
fork traceability frameworks. By integrating smart farming technologies with advanced
isotopic and spectroscopic analytics, it is now possible to capture the complete agronomic
and environmental continuum that shapes a food product’s chemical fingerprint. This
synergy creates a multidimensional evidence base that is significantly more robust against
sophisticated food fraud than any single analytical methodology.

At the core of this transformation is the construction of a comprehensive terroir
baseline. High-resolution pre-harvest data, derived from IoT field sensors, remote sensing,
and digital farm records, capture the specific environmental and physiological conditions
under which a crop is cultivated. When these pre-harvest metrics are fused with post-
harvest spectroscopic profiles (such as NIR, MIR, Raman, and NMR) and stable isotope
ratios, advanced chemometrics and machine learning models can achieve unprecedented
discriminatory power. This multi-block data fusion is critical for safeguarding high-value,
geographically protected (e.g., PDO/PGI), and organic commodities, where authenticity is
intrinsically tied to origin and specific agricultural practices.

Despite these compelling advances, realizing the full potential of this integrated
architecture requires overcoming substantial technical and systemic barriers. The scientific
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community and industry stakeholders must address critical challenges regarding cross-
platform data interoperability, the standardization of global isotopic and spectral reference
databases, and the rigorous calibration transfer required for miniaturized, field-deployable
sensors. Furthermore, translating these high-dimensional analytical frameworks into
officially recognized regulatory standards remains an ongoing challenge.

Ultimately, the future of food integrity lies in predictive, decentralized, and scalable
authentication networks. The convergence of artificial intelligence, agricultural digital
twins, and blockchain-enabled ledgers with portable analytical instrumentation will re-
define supply chain transparency. Advancing these interdisciplinary frameworks is no
longer just a technological objective, but an absolute necessity for safeguarding global food
heritage, verifying sustainability claims, and cementing consumer trust in increasingly
complex food systems.
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UAV Unmanned Aerial Vehicle

PDO Protected Designation of Origin

PGI Protected Geographical Indication
FMIS Farm Management Information System

MB-PLS  Multi-Block Partial Least Squares
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