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Abstract

Fluorescence spectroscopy (FS) has gained increasing attention as a rapid, sensitive, and
non-destructive analytical technique for food safety evaluation and environmental mon-
itoring. However, its practical applications are often constrained by complex sample
matrices, spectral overlap, high-dimensional data structures, and nonlinear relationships
between fluorescence features and target analytes. Recent advances in machine learning
(ML) provide powerful strategies for extracting informative patterns from complex spectral
datasets. When appropriately trained and validated, ML may also improve the efficiency
and predictive performance of fluorescence-based analysis. In this review, we systemati-
cally summarize the recent progress in ML-assisted FS, with particular emphasis on the
integration of chemometric methods, classical ML, and deep learning (DL) approaches for
spectral preprocessing, feature extraction, classification, quantitative prediction, and data
interpretation. Representative applications in food contaminant detection, authenticity
assessment, quality evaluation, and environmental pollutant monitoring are discussed.
Furthermore, we critically analyze the challenges associated with dataset limitations, model
interpretability, overfitting, and real-world deployment. Finally, emerging directions, in-
cluding explainable artificial intelligence, transfer learning, multimodal data fusion, and
portable intelligent sensing platforms, are highlighted to promote the development of
reliable and scalable ML-enhanced fluorescence analytical technologies.

Keywords: machine learning; fluorescence spectroscopy; food safety; environmental
monitoring; spectral analysis; contaminant detection

1. Introduction

Food safety and environmental monitoring represent two fundamental pillars for
safeguarding public health, preserving ecological balance, and promoting sustainable de-
velopment [1-5]. Rapid globalization and industrialization have significantly increased
the complexity of food production and supply chains. This creates multiple pathways
for contaminants to enter the food chain from farm to table, including pesticides [6-9],
heavy metals [8,10-13], and illegal additives [14-16], as well as biological hazards such as
bacteria [17-20] and viruses [21-24]. Meanwhile, intensive human activities have acceler-
ated environmental degradation, resulting in the accumulation of hazardous pollutants
in aquatic systems [25-27], soils [28-30], and atmospheric environments [31-33]. These
contaminants can not only disrupt ecological systems but may also enter and accumulate
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within food chains, thereby posing long-term risks to human health [34]. Therefore, the
development of rapid, reliable and sensitive analytical strategies for contaminant detection
in food and environmental matrices has become increasingly essential for ensuring food
safety and supporting effective environmental management [35,36].

Conventional analytical methods, including liquid chromatography-based separa-
tion techniques [37-39], tandem mass spectrometry approaches [40—43], and immunoas-
says [44—48], generally provide excellent accuracy and selectivity for contaminant detection.
However, their widespread application is often constrained by complicated sample prepa-
ration, lengthy analysis times, high equipment costs, and the need for skilled personnel. As
a result, they are less suitable for rapid on-site screening and large-scale monitoring [49,50].

To overcome these limitations, various rapid and non-destructive spectroscopic
techniques, including Raman spectroscopy [51-53], ultraviolet-visible (UV-Vis) spec-
troscopy [54], visible and near-infrared (NIR) spectroscopy [55-59], and Fourier transform
infrared (FTIR) spectroscopy [60-62], have been increasingly explored for food quality
and safety evaluation. These techniques provide complementary analytical information
and exhibit different advantages and limitations depending on the properties of the target
analytes and sample matrices. Raman spectroscopy provides characteristic molecular vibra-
tional information and is particularly useful for structural and chemical characterization,
but its intrinsically weak scattering signals and potential interference from fluorescence
backgrounds may limit its sensitivity in complex samples [51,63,64]. UV-Vis spectroscopy is
relatively simple and rapid, but substantial spectral overlap and matrix effects may reduce
its selectivity when multiple components coexist [65,66]. Visible and NIR spectroscopy
enables rapid, non-destructive, and potentially large-scale screening, although its spectral
information is often indirect and strongly influenced by scattering and matrix composi-
tion [67,68]. FTIR spectroscopy provides abundant information on molecular bonds and
functional groups. However, strong infrared (IR) absorption by water can complicate the
analysis of aqueous or high-moisture samples [69-71]. Therefore, no single spectroscopic
technique is universally suitable for detecting all types of contaminants, and the selection
of an analytical technique should consider the chemical and optical properties of the target
contaminant, the complexity of the sample matrix, and the specific analytical objective.

Among these approaches, FS, including fluorescent probe-based sensing [72-74], fluo-
rescence imaging [75-77], and fluorescence hyperspectral imaging [78-80], has attracted
considerable attention owing to its high sensitivity, rapid response, non-invasive nature,
simple operation, and minimal sample preparation requirements. FS can provide intrinsic
fluorescence fingerprints of fluorescent compounds and can also enable indirect detection
of non-fluorescent analytes through fluorescent probes or derivatization strategies [81,82].
However, fluorescence-based detection is not universally applicable because the target
analyte may lack sufficient intrinsic fluorescence, while fluorescence signals can also be af-
fected by quenching, matrix interference, background fluorescence, scattering, and spectral
overlap [83-85]. In particular, the fluorescence response of a target compound may vary
with the physicochemical properties of the sample matrix, including solvent conditions,
pH, temperature, and the presence of other interfering components [85-87].

Consequently, FS is particularly attractive when the target contaminant exhibits suit-
able fluorescence characteristics or can generate a measurable fluorescent response, espe-
cially when rapid and sensitive detection is required [88,89]. For complex samples, com-
bining fluorescence with complementary spectroscopic techniques may further improve
the reliability and comprehensiveness of contaminant detection by exploiting information
from different spectral modalities [90,91]. These characteristics demonstrate the potential
of FS for rapid screening, quality assessment, and real-time monitoring of food and envi-
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ronmental systems, while also highlighting the need for appropriate data-processing and
analytical strategies to address its inherent limitations.

However, the complex spectral characteristics and matrix-dependent interference asso-
ciated with fluorescence data present challenges for reliable interpretation and quantitative
analysis. The rapid advancement of ML technologies has provided new opportunities for
the comprehensive analysis and interpretation of fluorescence data [92]. ML algorithms can
automatically extract informative features and identify hidden patterns from large-scale,
high-dimensional, and nonlinear spectral datasets. This enables effective noise reduction,
separation of overlapping signals, and modeling of complex relationships between spectral
characteristics and target properties, such as pollutant identity and concentration [93,94].
Various ML paradigms, including supervised learning (SL), unsupervised learning (UL),
semi-supervised learning (SSL), and reinforcement learning (RL) [95], have been integrated
into fluorescence-based analytical workflows. These approaches can improve the accuracy,
stability, and generalizability of fluorescence analysis while reducing dependence on expert-
driven interpretation and facilitating automated data processing, intelligent identification,
and decision-making [95-97]. Moreover, ML-based approaches provide a potential frame-
work for integrating complementary information from multiple spectroscopic modalities,
offering opportunities for more robust analysis of complex samples [90,91,97,98].

This review provides a comprehensive overview of the applications of ML-assisted
FS in food safety assessment and environmental monitoring. Section 2 introduces the
fundamental categories of ML and discusses their potential roles in spectral data analysis.
Section 3 describes the characteristics of fluorescence spectral data and highlights the major
challenges associated with spectral interpretation. Section 4 systematically summarizes
the applications of ML in critical analytical procedures, including data augmentation,
spectral preprocessing, feature extraction, model construction, and performance evaluation.
Section 5 presents representative applications of ML-assisted FS for food contaminant
detection, food authenticity assessment, and the identification, tracing, and quantification
of environmental pollutants. Finally, Section 6 discusses current limitations and provides
perspectives on future research directions and emerging trends in this field.

2. Types of ML

In recent years, rapid advancements in algorithms, computational resources, and
data availability have transformed ML into a fundamental technology driving innovation
across diverse scientific and engineering fields [99]. Within the ML framework, learning
paradigms provide the foundation for categorizing different approaches and are generally
classified into four major types: SL, UL, SSL, and RL [88]. DL, in contrast, refers to a
family of multilayer neural-network architectures that can be developed under different
learning paradigms, including supervised, self-supervised, and RL. The studies discussed
in this section are representative rather than exhaustive. They are selected to illustrate the
methodological characteristics, practical roles, and typical advantages and limitations of
different ML paradigms in FS. The selection considers their relevance to FS, methodological
representativeness, diversity of analytical tasks, and the availability of quantitative perfor-
mance information. This section systematically introduces these four learning paradigms,
followed by a brief overview of recent developments in DL, a subfield of ML.

2.1. Supervised Learning

SL is one of the most widely used ML paradigms, in which models are trained us-
ing labeled datasets to establish relationships between input features and corresponding
output labels [100]. Each sample in an SL framework consists of a set of input variables
and their associated target values, enabling the model to learn underlying patterns and
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develop predictive functions between them [101]. Common SL algorithms include artificial
neural networks, random forest (RF) [102], logistic regression, support vector machines
(SVM) [103], k-nearest neighbors (KNN) [65], naive Bayes, and decision trees. These algo-
rithms have been used in a range of analytical tasks, including classification, regression,
and pattern recognition. Their suitability for food safety assessment and environmental
monitoring depends on the characteristics of the fluorescence data, the availability of
reference labels, and the analytical objective [104,105].

As shown in Figure 1, Slavova et al. employed a mobile FS system to acquire spectral
data from two greenhouse tomato varieties. The obtained spectra were processed through a
standard analytical workflow involving feature selection, model development, and ten-fold
cross-validation, followed by integration with various ML algorithms for non-destructive
variety identification. The results demonstrated excellent discrimination performance
under the reported experimental conditions, with an average classification accuracy of
100%, a Kappa coefficient of 1.0, and no classification errors in the evaluated dataset.
However, these results should be interpreted in relation to the sample diversity, acquisition
conditions, and validation design used in the study [106].

Greenhouse Greenhouse
tomato 1 tomato 2

Fluorescence spectroscopic measurements

Model development
using machine learning algorithms

Performance metric determination

|
|
|
|
1
1
1
|
1
|
|
|
1
|
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1
and decision making I
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Figure 1. Flowchart for the classification of greenhouse tomato samples based on FS data and
ML algorithms. Reproduced from Figure 2 of Slavova et al. [106] under the Creative Commons
Attribution 4.0 International (CC BY 4.0) license.

Furthermore, Sun et al. achieved the classification of four tea varieties using fluores-
cence hyperspectral imaging combined with an ABC-SVM algorithm. The acquired spectral
data covered a wavelength range of 400.6797 to 1001.612 nm and were preprocessed using
multiplicative scatter correction (MSC) to reduce spectral variations. Subsequently, the
competitive adaptive reweighted sampling algorithm was applied to identify 58 character-
istic wavelengths, which were used to construct the ABC-SVM classification model. The
proposed model achieved 100% accuracy in both the calibration and prediction datasets.
Compared with conventional classification approaches, including SVM, KNN, and Naive
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Bayes, the ABC-SVM model demonstrated superior classification performance, indicat-
ing its potential for rapid and accurate identification of tea varieties [107]. However, the
applicability of these methods to real-world agricultural scenarios remains unclear. Both
studies were conducted under controlled conditions and did not provide interpretable links
between spectral features and varietal traits. To address these limitations, the present study
adopts the workflow shown in Figure 1 with the enhanced preprocessing and multi-scenario
validation, aiming to extend FS-based ML classification toward practical deployment.

2.2. Unsupervised Learning

UL represents another major category of ML, characterized by its ability to ana-
lyze datasets without requiring predefined labels. By automatically discovering intrinsic
structures, patterns, and relationships within data, UL enables various analytical tasks,
particularly clustering and dimensionality reduction [108]. Clustering aims to partition data
samples into groups, where samples within the same cluster exhibit greater similarity to
each other than to those assigned to different clusters [109]. Common clustering algorithms
include K-means clustering [110,111], hierarchical clustering [112,113], and density-based
spatial clustering of applications with noise [114,115]. Dimensionality reduction refers to
the transformation of high-dimensional data into a lower-dimensional representation while
preserving the essential information contained in the original dataset [116]. Widely used
dimensionality reduction techniques include principal component analysis (PCA) [117,118],
t-distributed stochastic neighbor embedding [119], and autoencoders [120,121].

For example, Savi¢ et al. integrated the unsupervised K-means algorithm with FS
analysis to address the challenge of separating overlapping components in complex flu-
orescence spectra [84]. In their approach, fixed-size window factor analysis was initially
employed to extract preliminary spectral factors, followed by K-means clustering to auto-
matically classify the derived factor scores and identify highly similar spectral components
without requiring predefined class labels. Subsequently, factor analysis was independently
performed within each cluster to extract representative factors, enabling more accurate
resolution of the original overlapping spectral components. This study demonstrated
the potential of UL for fluorescence-based protein structure analysis and highlighted its
applicability in spectral component separation.

2.3. Semi-Supervised Learning

Positioned between SL and UL, SSL utilizes a combination of a limited amount of
labeled data and a large quantity of unlabeled data to improve model learning perfor-
mance [122,123]. This learning paradigm is particularly valuable in practical applications
where acquiring sufficient labeled samples is time-consuming, expensive, or requires
specialized expertise [124], such as medical diagnosis [125], natural language process-
ing [126], and image recognition [127]. SSL methods are generally based on fundamental
assumptions, including smoothness, sparsity, and manifold principles [123], and com-
monly employed strategies include graph-based label propagation/spreading [128], semi-
supervised SVM [129], self-training [130], co-training [131], and neural network-based SSL
approaches [132].

For example, Gong et al. proposed a multi-view fluorescence analysis strategy based
on semi-supervised collaborative learning. In this approach, three-dimensional fluores-
cence features were extracted from two complementary perspectives, namely oil thickness
and blending ratio, and collaborative training was performed by incorporating unlabeled
samples to achieve feature complementation and model optimization. Within the semi-
supervised framework, individual classifiers were established for each view, while unla-
beled samples were assigned pseudo-labels to enable cross-view information exchange and
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iterative optimization. Experimental results demonstrated that, even with a limited number
of labeled samples, the multi-view collaborative model achieved nearly 100% recognition
accuracy, outperforming both single-view models and fully supervised methods. This
study highlighted the potential of SSL to reduce annotation requirements, improve feature
interpretability, and strengthen model generalizability, providing an efficient strategy for
spectral analysis and monitoring in complex environments [133].

The effectiveness of SSL for reducing annotation requirements in food-safety-oriented
spectral analysis was further demonstrated by Zhang et al. [134]. They evaluated self-
training and graph-based label spreading using two representative spectroscopic datasets,
including FTIR-based plasma dosage classification and excitation—emission matrix (EEM)
fluorescence-based foodborne pathogen detection. For pathogen detection, EEM spectra
were collected over excitation and emission ranges of 250-400 and 260450 nm, respectively,
to discriminate phage-infected E. coli, E. coli, phage, and Listeria samples. SSL exploited
unlabeled spectra through pseudo-labeling and subsequently trained the classifiers using
both labeled and pseudo-labeled samples. As shown in Figure 2, self-training improved
classification accuracy by approximately 10% when only a small number of labeled samples
were available, whereas label spreading showed degraded performance for the pathogen
detection dataset, likely because its poorly clustered spectral distribution resulted in unreli-
able pseudo-labels. These findings demonstrate that SSL can effectively reduce dependence
on labeled spectral samples; however, its performance strongly depends on the reliability
of pseudo-labels and the intrinsic distribution of spectral data.
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Figure 2. Classification accuracy as a function of the number of labeled samples for the pathogen
detection dataset using SSL. (A) Self-training with maximum confidence and minimum entropy
strategies; (B) label spreading with KNN and RBF kernels. Adapted from Figure 5 of Zhang et al. [134]
under the CC BY 4.0 license.

Collectively, these studies demonstrate that SSL provides an effective strategy for
exploiting abundant unlabeled spectral data while reducing the cost of sample annotation.
By integrating pseudo-labeling, collaborative learning, and structural information within
spectral datasets, SSL has considerable potential to improve data efficiency and model
generalizability in food safety and environmental monitoring, particularly under label-
scarce conditions.

2.4. Reinforcement Learning

RL enables agents to develop optimal decision-making strategies through continuous
interactions with their surrounding environments [135]. Unlike supervised and UL, RL
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does not rely on predefined labeled datasets; instead, it adopts a trial-and-error learn-
ing mechanism, in which agents select actions according to the current environmental
state and subsequently receive reward signals from the environment. By maximizing
cumulative rewards over time, agents iteratively optimize their behavioral policies and
improve decision-making performance [136]. Representative RL algorithms include Q-
learning [137], state—action-reward-state-action methods [138], deep Q-networks [139],
and policy gradient approaches, such as proximal policy optimization and trust region
policy optimization [140].

RL has been applied to a variety of optimization and decision-making problems,
particularly those involving sequential decision processes and long-term optimization
objectives [135,141-143]. As shown in Figure 3, its ability to iteratively explore a variable
or decision space based on feedback makes it potentially useful for high-dimensional
spectroscopic analysis. In particular, RL can be employed as an optimization strategy to
identify informative spectral variables or optimize experimental parameters [144].
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Figure 3. The basic framework of RL. Reproduced from Figure 3 of Yang et al. [145] under the CC BY
4.0 license.

Direct applications of RL to molecular FS remain relatively limited. Nevertheless, re-
lated spectroscopic studies have explored RL-based strategies for spectral-variable selection
and optimization. For example, a quantitative spectroscopy prediction framework com-
bined efficient Q-learning with sparse partial least squares to select informative variables
from energy-dispersive X-ray fluorescence spectra for the prediction of potentially toxic ele-
ments in soil. Although this study does not involve molecular FS, it illustrates how RL may
be used to optimize high-dimensional spectral-variable spaces. In fluorescence analysis,
similar strategies may be relevant to adaptive spectral acquisition, experimental-parameter
optimization, and sequential analytical decision-making, but their practical value requires
direct validation in FS applications [146].

To facilitate a systematic comparison of the four major ML paradigms discussed above,
Table 1 summarizes their basic characteristics, strengths, limitations, and most appropriate
application scenarios. The comparison also highlights their potential relevance to FS and
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food safety and environmental monitoring. By presenting the differences in data require-

ments, learning mechanisms, and application conditions, this table provides a concise

overview of the applicability of each learning paradigm to fluorescence spectral analysis.

As summarized in Table 1, the four ML paradigms differ in their data requirements,

learning mechanisms, and application conditions. SL is particularly suitable for quantitative

prediction and classification when sufficient labeled data are available, whereas UL is

more appropriate for exploratory analysis and pattern discovery. SSL provides a useful

alternative when only a limited number of labeled samples can be obtained, while RL

is mainly relevant to adaptive optimization and sequential decision-making [143,147].

These differences should be considered when selecting an appropriate learning strategy for

fluorescence spectral analysis.

Table 1. Comparison of four major machine-learning paradigms and their potential relevance to FS.

ML Paradigm  Basic Characteristics Strengths Weaknesses MO.St A.pproprlat(.e Refs.
Application Scenarios
Quantitative
Learns a mapping High predictive Requires labeled determm;fltlon of
. performance when . chemical
between input . datasets, which are .
sufficient concentrations,
features and . . often costly and A
. high-quality labeled . . classification of food
predefined labels . time-consuming to .
. data are available; ) contaminants,
SL using labeled . obtain. Performance . cr L [148-156]
suitable for identification of
datasets. Common L may decrease when .
. quantitative S, . environmental
tasks include . training and testing
o prediction and ) pollutants, and
classification and . data differ .
) categorical . prediction of
regression. . A substantially. . .
identification. physicochemical
properties.
Extracts hidden
. Results may be .
structures or Does not require crp . Exploratory analysis
. difficult to interpret.
patterns from manual labeling; . of fluorescence spectra,
Clustering -
unlabeled data useful for sample grouping,
without predefined  exploratory analysis performance can anomaly detection, [51,58,89,
UL pres P Y SIS, depend on the selected y L 94,98,108,
target variables. pattern discovery, aleorithm and spectral visualization, 157-164]
Common methods data visualization, & . and identification of
. . . . . parameter settings; no
include clustering and dimensionality . - latent spectral
. . . . direct prediction target
and dimensionality reduction. . . patterns.
- is provided.
reduction.
Reduces the need for FluorescenFe spec'tral
. . . . datasets with limited
Combines a extensive manual Sensitive to the quality
. . labeled samples,
relatively small labeling; can of pseudo-labels or )
. . large-scale screening, [57,65,84,
amount of labeled improve model assumptions about the .
. and situations in 95,102,103,
SSL data with a larger performance when data structure. . ..
which obtaining 111,118,
amount of unlabeled  labeled samples are Incorrect
. .. reference 165-167]
data during model limited but pseudo-labels may .
.. measurements is
training. unlabeled data are propagate errors. .
expensive or
abundant. . .
time-consuming.
. Suitable for Requires th.e design of o
Learns an optimal . an appropriate reward ~ Adaptive instrument
- . sequential . o
decision-making .. . function and control, optimization
. decision-making, . L. .
policy through adaptive environment. Training of experimental [113,115
interactions with an acapt may be parameters, selection r s
RL . optimization, and . . 130,168-
environment and . computationally of spectral variables,
dynamic control; can 173]

feedback in the form
of rewards or
penalties.

optimize analytical
parameters through
iterative interactions.

demanding and
unstable; its
application to FS is
still relatively limited.

and sequential
analytical
decision-making.
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2.5. Deep Learning

DL is a subfield of ML that uses multilayer neural networks to learn hierarchical
representations from data [174-178]. In FS, DL has been explored for feature extraction,
classification, quantitative prediction, and the analysis of fluorescence images and multidi-
mensional spectral data [179]. The following subsections briefly discuss several emerging
DL architectures and their potential relevance to fluorescence analysis.

e  Transformers

A Transformer is a DL model based on self-attention. This is a type of neural net-
work architecture in which each position in a sequence can interact directly with all other
positions, thereby capturing long-range dependencies [180-182]. Researchers have used
this model to detect weeds in maize fields, significantly improving the efficiency of weed
control [183]. In the field of FS, researchers have constructed a differential Transformer-
based DL network, MFliNet, which is suitable for complex macroscopic fluorescence
lifetime imaging and offers new insights for advanced biomedical imaging under diverse
challenging conditions [184].

e  Graph neural networks (GNN)

Wireless sensor networks are widely used in environmental monitoring [185], and the
combination of DL and GNN enables the network to provide optimal coverage [186-188].
Qiu et al. employed GNNs for computational screening of candidate molecules, and
only a small set of high-potential molecules were subjected to fluorescence spectroscopic
measurements, which effectively reduced experimental throughput [189]. In addition,
the hybrid GNN developed by Nguyen et al. can accurately predict the absorption and
emission wavelengths of organic chromophores including typical fluorophores such as
coumarin and BODIPY, offering a computational tool for the pre-evaluation of optical
properties of prospective fluorescent molecules [190].

e  Self-supervised learning

Self-supervised learning is particularly well-suited to scenarios where there are few
labelled samples and a large number of unlabelled spectra. This approach offers a cost-
effective strategy for accelerating the discovery and optimization of novel therapeutic
drugs [191]. Xia et al. utilized the physics-informed self-supervised learning framework
PhySMI to achieve multicolor imaging and suppress detection noise on conventional
fluorescence microscopes without paired ground-truth labels or intensive spectral acquisi-
tion [192]. Furthermore, Li et al. proposed the spatial-redundancy denoising Transformer,
which can realize fluorescence-image denoising in a self-supervised fashion, and it re-
stores high-frequency details without generating over-smoothed structures or distorted
fluorescence traces [193]. Self-supervised learning circumvents the heavy burden of manual
annotation and shows great application potential for fluorescence spectral analysis and
fluorescence image processing. Nevertheless, challenges remain regarding model general-
ization, and further exploration is required to expand its practical deployment in complex
fluorescence measurement tasks.

e  Multimodal deep learning

Multimodal medical diagnosis is an emerging field in medicine [194]. Multimodal
deep learning integrates data from multiple sources, such as electronic health records and
radiological images, to generate comprehensive clinical insights [195]. For fluorescence
spectral detection, Wang et al. put forward a generalized multi-view machine-learning
strategy. By employing both excitation and emission spectra, it addresses the spectral-
unmixing problem arising from substantial spectral overlap of fluorophores [196]. Santos
et al. constructed a multimodal spectroscopic liquid-biopsy framework integrating EEM
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fluorescence, Fourier-transform infrared and Raman spectra. Through low-level data fusion
and XGBoost classification on serum samples, this approach yielded well-balanced diagnos-
tic results, with ROC-AUC values reaching 0.997 for breast cancer and 0.994 for colorectal
cancer [197]. Taken together, multimodal learning can make full use of complementary
information from diverse spectral sources and greatly improve analytical and diagnostic
performance for fluorescence-related applications.

Although these four models face challenges in terms of data, computation, inter-
pretability and generalisation, they can effectively assist with FS analysis.

3. Limitations of FS

In practical applications of FS, spectral data are inherently complex. Matrix effects,
spectral interference, and signal overlap further complicate analysis. Together, these factors
can limit analytical performance and hinder the full exploitation of FS [198-201]. This
section discusses the intrinsic characteristics of fluorescence spectral data and systemati-
cally examines the challenges associated with its application in fields such as food safety
assessment and environmental monitoring.

3.1. Complexity in Fluorescence Spectral Data

FS is an optical analytical technique based on the emission of fluorescent molecules,
providing valuable insights into molecular structures and characteristic spectral finger-
prints of intrinsic components within samples [96]. Under controlled analytical conditions,
fluorescence intensity shows a proportional relationship with both excitation light intensity
and analyte concentration, as described in Equation (1) [83],

I = 2.303¢lele. (1)

Here, I represents the fluorescence intensity emitted by fluorescent components within
the detectable range of the photodetector (i.e., the active detection area). ¢ denotes the
fluorescence quantum yield, Iy represents the excitation light intensity, ¢ is the molar
extinction coefficient of the fluorescent species, | corresponds to the effective optical path
length, and ¢ indicates the concentration of the fluorescent material.

In practical sample analysis, fluorescence signals are determined by both intrinsic and
external factors. Intrinsic factors include molecular structures and inherent physicochemical
properties. External conditions include solvent polarity, pH, temperature, water content,
and the presence of surfactants [157,202]. The combined effects of these factors contribute to
complex and dynamic variations in fluorescence spectral characteristics, including changes
in spectral profiles, intensity distributions, and peak positions [203]. Moreover, fluorescence
spectral datasets are typically characterized by high-dimensionality, as each sample may
contain intensity information across hundreds or even thousands of wavelength channels,
resulting in a large feature space [204]. In addition, raw fluorescence spectra often contain
undesirable variations caused by instrumental noise, scattering effects, and baseline drift,
which can complicate spectral interpretation and hinder reliable feature extraction [205,206].
Therefore, these intrinsic and extrinsic factors collectively pose significant challenges for
fluorescence data processing, preprocessing, and subsequent analytical modeling.

To address these variations, appropriate preprocessing and spectral analysis pro-
cedures are often required before chemometric or ML modeling. However, no single
preprocessing strategy is universally optimal for all fluorescence datasets. The appropriate
choice depends on the fluorescence modality, the dominant source of spectral variation,
and the analytical objectives. Commonly used preprocessing and spectral analysis methods
differ in their intended purposes, recommended application scenarios, advantages, and
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limitations. Table 2 summarizes these differences and provides a practical basis for selecting

appropriate data-processing strategies.

Table 2. Comparison of commonly used preprocessing and spectral analysis methods for FS.

Recommended

Method Main Purpose . Advantages Limitations Refs.
Situation
SG smoothing N01se. Noisy spectra Preserves' May smooth weak or [205,206]
suppression spectral profiles narrow features
Baseline Overlapping or
Derivatives removal/peak baseline-shifted Enhances subtle Amplifies noise [205,206]
; spectral features
separation spectra
Intensity/ . May remove
SNV scattering Sample-.t o Simple and meaningful intensity [205,206]
. sample variation robust .
correction differences
Additive/ Strone scatterin Improves
MSC multiplicative 5 SCe & spectral Reference-dependent [205,206]
. variations -
correction comparability
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The effectiveness of preprocessing is strongly task-dependent. For relatively noisy
one-dimensional fluorescence spectra, Savitzky—Golay (5G) smoothing can improve the
signal-to-noise ratio while preserving the overall spectral profile, but excessive smoothing
may attenuate weak or narrow spectral features that are relevant to analyte discrimina-
tion [209]. Derivative transformations can improve baseline correction and help resolve
overlapping spectral features, but they may simultaneously amplify high-frequency noise
and therefore are often combined with appropriate smoothing [210]. Standard normal
variate (SNV) and MSC are useful when intensity or scattering-related variations dominate
the spectral differences among samples; however, these transformations may suppress
intensity information that is analytically meaningful. For EEM data, background subtrac-
tion, inner-filter effect correction [211], and removal of Rayleigh and Raman scattering
are particularly important because these non-fluorescence contributions can interfere with
subsequent decomposition or ML modelling [85,171]. PCA can reduce spectral redundancy
and facilitate exploratory analysis, whereas parallel factor analysis (PARAFAC) can decom-
pose multidimensional fluorescence data into underlying components. Nevertheless, the
results of PCA and PARAFAC depend on the variance structure, selected component num-
ber, and underlying model assumptions [84,212]. Therefore, preprocessing and spectral
analysis should not be treated as routine, model-independent operations [158,163]; instead,
they should be selected and evaluated according to the characteristics of the FS data and
the analytical objective.

3.2. Complexity in Practical Applications

FS is a rapid and highly sensitive analytical technique that has demonstrated consid-
erable potential for applications in food safety assessment and environmental monitor-
ing [213,214]. However, its application to complex real-world samples is often affected by
matrix interference, background fluorescence, light scattering, and spectral overlap [212].
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Food matrices may contain intrinsic fluorophores, such as tryptophan, nicotinamide ade-
nine dinucleotide, and riboflavin, as well as processing-related fluorescent products formed
during the Maillard reaction and lipid oxidation. The combined fluorescence emissions
of these components generate complex background signals, which can interfere with the
accurate detection and quantification of target analytes [86,215-217]. Similarly, in environ-
mental monitoring, pollutants (e.g., polyaluminum chloride and mineral oils) commonly
coexist with complex matrices, including soils, water bodies, and humic substances, which
exhibit strong background fluorescence and scattering effects [218,219]. Furthermore, many
environmental pollutants consist of multiple fluorescent components with highly overlap-
ping emission characteristics, making direct signal discrimination and reliable identification
challenging [220].

These challenges highlight the need for analytical strategies with enhanced selectivity
and sensitivity, while also emphasizing the importance of advanced data-processing ap-
proaches. In this context, ML provides powerful tools for the comprehensive interpretation
of fluorescence spectral data. Through the development of multilayer neural networks and
ensemble learning models, ML algorithms can automatically extract informative features
from high-dimensional and highly overlapped fluorescence spectra, effectively suppress
background interference, and achieve accurate identification and quantification of complex
multicomponent systems [208]. The adaptive learning capability and nonlinear model-
ing capacity of ML offer new opportunities to overcome the limitations of conventional
chemometric approaches in complex analytical environments [212].

4. ML-Assisted FS

The application of ML in FS analysis generally follows a sequential workflow consist-
ing of five interconnected stages: data partitioning and augmentation, spectral preprocess-
ing, feature extraction and dimensionality reduction, model construction for classification
and regression, and model evaluation. This section provides an overview of these key
analytical procedures, as well as explainable artificial intelligence, highlighting the role and
mechanisms of each stage in improving the accuracy, interpretability, and generalizability
of fluorescence spectral analysis.

4.1. Division and Enhancement of Data Sets

FS datasets often exhibit several inherent challenges, including limited sample avail-
ability, high-dimensionality, and susceptibility to complex background interference and
physicochemical variations [221]. When simple random splitting strategies are adopted,
model performance evaluation may become biased and fail to provide a reliable estimation
of generalizability. By integrating algorithmic principles with domain-specific knowledge,
ML provides various data partitioning strategies that enable more representative separation
of training and testing datasets, thereby improving the reliability of model evaluation [222].

For example, Sabanci et al. integrated FS data with multiple ML algorithms to
investigate the impact of dataset partitioning strategies on model performance using
feature-selected spectral variables. Various partitioning schemes, including ten-fold cross-
validation and stratified sampling, were employed to maintain the original distribution of
sample characteristics between training and testing subsets while minimizing potential ran-
domness and bias. The Ranker + OneR method identified the top 10 discriminative spectral
features. Based on these features, multiple ML algorithms were systematically evaluated
using accuracy, true positive rate, false positive rate (FPR), F-measure, and Cohen’s Kappa
coefficient. These metrics characterized model stability and generalizability (Figure 4).
Under this optimized evaluation framework, several models achieved near-perfect or 100%
classification accuracy, accompanied by extremely low FPR values and Kappa coefficients
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close to 1. These findings highlight the critical role of appropriate dataset partitioning
strategies in obtaining reliable performance evaluations and improving the robustness of
FS-based ML analytical models [223].

Predicted Class (%)

1
. . [
Classifier Actual Class Average Accuracy (%)
‘Asenovgradska kaba’ Red Breeding Line 1
J48 100 0 ‘Asenovgradska kaba’ 95 !
(Trees) 0 90 red breeding line 1
LMT 100 0 ‘Asenovgradska kaba’ 100 !
(Trees) 0 100 red breeding line 1
Multilayer Perceptron 100 0 ‘Asenovgradska kaba’ 100 1
(Functions) 0 100 red breeding line 1
QDA 90 0 ‘Asenovgradska kaba’ 9% !
(Functions) 0 90 red breeding line 1
Naive Bayes 100 0 ‘Asenovgradska kaba’ 100 !
(Bayes) 0 100 red breeding line 0 1
Logit Boost 100 0 ‘Asenovgradska kaba’ 100 1
(Meta) 0 100 red breeding line 0 1
JRip 100 0 ‘Asenovgradska kaba’ 95 1
(Rules) 0 90 red breeding line 1
LWL 100 0 ‘Asenovgradska kaba’ 100 1
(Lazy) 0 100 red breeding line 1
1

Figure 4. Classification performance of ML models for distinguishing onion cultivars based on
selected FS features. Reproduced from Table 1 of Sabanci et al. [223] under the CC BY 4.0 license.

To improve model generalizability, robustness, and resistance to interference, re-
searchers often employ algorithm-based data augmentation strategies to generate realistic
and diverse synthetic samples from limited datasets, thereby increasing the size and vari-
ability of fluorescence spectral datasets [224]. For instance, to address class imbalance issues
in clinical fluorescence spectral data, Svecova et al. applied the synthetic minority over-
sampling technique to expand the training dataset, as illustrated in Figure 5. By generating
synthetic samples for the underrepresented healthy class, the dataset distribution was effec-
tively balanced. Following data augmentation, the specificity of the SVM model increased
from 0.47 to 0.89, while other models also demonstrated improved generalizability and
robustness. These findings indicate that ML-based data augmentation can help alleviate
class imbalance and improve the predictive performance and robustness of fluorescence
spectral classification models [225,226].

4.2. Preprocessing Methods

In spectral analysis, data preprocessing is a critical step performed before subsequent
modeling and interpretation. It involves a series of operations, such as normalization,
baseline correction, and noise reduction, to improve spectral quality and enhance the
accuracy and reliability of downstream analyses [158]. Effective preprocessing strategies
can improve the signal-to-noise ratio and spectral consistency of acquired data while
reducing baseline and intensity variations, thereby providing more reliable inputs for
subsequent spectral modelling [167,227]. Commonly used preprocessing techniques in-
clude SNV correction [228,229], MSC [230], first- and second-order derivatives [231,232],
SG smoothing filtering [233], kernel-based methods, and artificial neural networks, among
others [234,235].
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Figure 5. The workflow for 3D fluorescence analysis combined with ML-based prediction of serum
metabolic profiles in endometrial cancer (EC) patients. Serum samples collected from EC patients
and healthy controls were diluted and characterized using three-dimensional FS. Characteristic fluo-
rescence markers were extracted and evaluated for their potential clinical relevance. Subsequently,
various ML algorithms, including PCA-based k-means clustering, partial least squares (PLS) discrim-
inant analysis, REF, SVM, linear regression (LR), and stochastic gradient descent, were employed for
model development, validation, and prediction. Model performance was assessed using multiple
evaluation metrics, including sensitivity, specificity, positive predictive value, negative predictive
value, accuracy, and area under the curve. Reproduced from Figure 1 of Svecovi et al. [226] under
the CC BY 4.0 license.

For example, Markovski et al. demonstrated the importance of spectral preprocessing
in laser-induced fluorescence analysis of complex oil samples. The authors first removed
irrelevant spectral regions outside 410-900 nm to minimize interference from the excitation
source and subsequently normalized the fluorescence spectra using the chlorophyll-related
maximum around 675 nm. As shown in Figure 6, normalization effectively reduced
variations in fluorescence intensity among different samples and improved spectral compa-
rability, providing standardized inputs for subsequent neural network-based classification
and quantitative analysis. This study highlights the critical role of spectral preprocessing in
enhancing data consistency and facilitating reliable ML-assisted fluorescence analysis [236].

Yang and co-workers applied several spectral preprocessing techniques, including SG
smoothing, SNV correction, and normalization, to improve spectral quality by reducing
noise interference, correcting baseline variations, and standardizing spectral responses.
These preprocessing procedures facilitated more effective feature extraction and enhanced
the predictive performance of subsequent ML models. The results demonstrated that
ML models developed using SG-preprocessed spectra, including RF and PLS, exhibited
excellent prediction capability for evaluating frying frequency in different vegetable oils,
with the highest coefficient of determination R? reaching 0.99. Beyond improving model
robustness and generalizable ability, effective preprocessing strategies provide a reliable
foundation for rapid and non-destructive quality assessment of edible oils [237].
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Figure 6. Effect of fluorescence spectral normalization on spectral preprocessing: (a) original laser-
induced fluorescence spectra; (b) normalized fluorescence spectra relative to the chlorophyll-related
red maximum. Reproduced from Figure 2 of Markovski et al. [236] under the CC BY 4.0 license.

4.3. Feature Extraction and Dimensionality Reduction

Raw spectral datasets typically contain thousands of variables and exhibit high-
dimensional characteristics, making them unsuitable for direct application in many analyti-
cal and ML tasks [159,238]. Feature extraction is therefore commonly employed to identify
representative and informative variables from the original spectral data. By preserving
essential spectral information while reducing data dimensionality, feature extraction can
improve computational efficiency and mitigate the risk of model overfitting [239]. Widely
used feature extraction approaches include PCA [240], wavelet transform (WT) [241], in-
dependent component analysis [242], convolutional neural networks (CNN) [91], and
PARAFAC [166].

Zhou et al. developed a fluorescence hyperspectral imaging-based analytical strategy
integrated with a DL model, combining WT and a stacked denoising autoencoder (SDAE),
for predicting lead accumulation in oilseed rape leaves. After spectral preprocessing using
SNV correction, the optimal model was obtained using support vector regression (SVR).
This was based on a two-level decomposition with the sym7 wavelet basis function, fol-
lowed by deep feature extraction using SDAE. The proposed model achieved excellent
predictive performance, with a coefficient of determination for the prediction set (R%) of
0.9388, a root mean square error (RMSE) of 0.0199 mg/kg, and a relative percent differ-
ence (RPD) of 3.275. These results demonstrated the feasibility of the WT-SDAE-assisted
FHSI approach for accurate and sensitive detection of trace heavy metal accumulation in
crops [241].

DL-based feature extraction has recently emerged as an effective strategy for automat-
ically extracting hierarchical and nonlinear representations from complex spectral datasets.
For example, Lu et al. developed a hyperspectral imaging-based analytical framework
combined with multi-task DL for rapid assessment of heavy metal accumulation in Se-
dum alfredii. The acquired VNIR hyperspectral data were processed using deep neural
architectures, including an ecotype identification network and a heavy metal stress and
accumulation prediction network (HMNet), which enabled simultaneous sample classifica-
tion, stress discrimination, and quantitative prediction of Cd, Zn, and Pb accumulation. The
workflow integrated spectral preprocessing, feature learning, and multi-output prediction,
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as illustrated in Figure 7. Compared with conventional PLS- and SVM-based models,
the DL framework effectively captured complex spectral features and improved predic-
tion robustness. In particular, HMNet achieved superior regression performance, with
prediction-set R? values above 0.84 and improved RPD values compared with traditional
models, demonstrating the potential of deep feature extraction for sensitive monitoring of
trace heavy metal accumulation in plants [243].
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Figure 7. Workflow of hyperspectral data preprocessing, deep feature extraction, and multi-task
learning for heavy metal accumulation prediction. Reproduced from Figure 2 of Lu et al. [243] under
the CC-BY-NC license.

4.4. Classification and Regression

The integration of FS with ML techniques has been widely applied in food safety
assessment and environmental monitoring, where spectral data analysis is generally cate-
gorized into two fundamental tasks: classification and regression [89]. Classification aims
to qualitatively determine the category or class of a target sample by assigning it to one of
several predefined groups based on its spectral characteristics [244].
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Regression tasks focus on quantitatively predicting the properties of target samples
by establishing statistical relationships between dependent (response) variables and one
or more independent (feature) variables, thereby enabling the prediction of continuous
numerical values [245]. A wide variety of ML algorithms have been extensively applied for
the modeling and interpretation of fluorescence spectral data, supporting both classification
and regression analyses [96]. For instance, SL algorithms, including DT, RF, KNN, and
SVM [246], have been widely employed for spectral signal classification and quantitative
concentration prediction [160,247]. Meanwhile, UL approaches, such as cluster analysis,
can be used to reveal intrinsic data structures and identify sample groupings within spectral
datasets, providing complementary information for subsequent supervised modelling [225].

In practical applications, Ropelewska et al. combined FS data with several conven-
tional ML algorithms, including PART, logistic regression, Naive Bayes, RF, IBk, and filtered
classifier, to discriminate leek seeds from the Starozagorski Kamush variety and two breed-
ing lines. As shown in Figure 8, the binary classification results demonstrated that the
models achieved 100% accuracy in distinguishing Starozagorski Kamush from breeding
line 4 and breeding line 39, whereas the classification accuracy between breeding line 4
and breeding line 39 was 80%. These results indicate that substantial spectral differences
exist among different varieties, while seeds from different breeding lines within the same
species exhibit relatively similar fluorescence characteristics. This study highlights the
potential of ML-assisted FS as a rapid and non-destructive approach for leek seed variety
identification [248].

|

Starozagorski kamush-1 1

IR Starozagorski kamush-2 |

A Starozagorski kamush-3 :
Starozagorski kamush-4 |
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————————————————————————————— ol

Figure 8. Difference in emission wavelength among Starozagorski kamush breeding line 4 and
breeding line 39. Reproduced from Figure 2 of Ropelewska et al. [248] under the CC BY 4.0 license.

Chen et al. developed a modeling strategy for the identification of overlapping oil
fluorescence spectra by integrating ML algorithms, including KNN, DT, and RF, with linear
discriminant analysis (LDA). The results demonstrated that combining LDA with a 2D
CNN achieved a classification accuracy of 100% for discriminating overlapping fluorescence
spectra. In addition, PLS regression, SVR, DT regression, and RF regression models were
employed for quantitative prediction of lubricant concentrations. Among these approaches,
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the DT regression model exhibited the best performance, achieving an R? value of 1 and
an RMSE of 0, indicating accurate concentration prediction without observable errors.
This study demonstrates that ML-assisted FS provides a reliable and highly accurate
strategy for both the discrimination of overlapping oil types and quantitative concentration
analysis [249].

Furthermore, Wu et al. developed a 3D FS-based ML framework for simultaneous
qualitative identification and quantitative determination of vegetable oil adulteration.
Nine types of adulterated vegetable oils were analyzed using multiple ML algorithms,
including KNN, RF, SVM, PLS, and CNN. The results demonstrated that FS combined
with ML models could effectively distinguish different adulteration types, with classifi-
cation accuracies exceeding 90% under appropriate adulteration thresholds. Among the
tested models, SVM exhibited excellent discrimination ability for adulterated oils, achiev-
ing classification accuracies ranging from 82% to 100% depending on adulteration type
and concentration. For quantitative regression, different ML algorithms were further ap-
plied to predict adulterant concentrations. The optimal models achieved high predictive
performance, with coefficients of determination (R%) ranging from 0.89 to 0.99 and low
RMSEP values (0.01-0.05), demonstrating the feasibility of ML-assisted FS for accurate
quantitative analysis of complex food matrices. As illustrated in Figure 9, the developed
workflow integrates fluorescence spectral acquisition, ML-based qualitative classification,
and quantitative prediction, providing a rapid and non-destructive strategy for vegetable
oil authenticity assessment [250].
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Figure 9. Schematic of sample preparation, 3D fluorescence data measurement and data analysis.
Reproduced from Figure 1 of Wu et al. [250] under the Attribution-NonCommercial-NoDerivatives
4.0 International license.
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4.5. Model Evaluation

Selecting appropriate evaluation metrics remains a critical challenge, as the chosen
metrics must align with the objectives and characteristics of the developed models [251].
For classification tasks, commonly used evaluation metrics include accuracy, precision, and
recall, which together provide a comprehensive assessment of model discrimination and
recognition performance [165]. For regression tasks involving the prediction of continuous
variables, metrics such as mean squared error (MSE), RMSE, mean absolute error (MAE),
and the coefficient of determination R? are widely adopted to quantify prediction errors
and evaluate model performance [251,252]. The corresponding calculation formulas for
these evaluation metrics are presented as follows:

Accuracy = 1P + IN Precision = TP Recall = TP 2)
YT TP+ TN + FP + FN’ TP + FP’ ~ TP + IN’

MSE = — ! 5 s )

m Z(izl) (Xg — Xp)

1

MAE = , 4
mY(i—1)|Xe — Xp| @

Y (Xe— Xp)?
R2_ 1. =) ) 5

Yl (Xe—X)*

Here, m represents the number of samples, Xp denotes the predicted value, and Xg
represents the actual value. In classification tasks, TP, TN, FP, and FN correspond to true
positive, true negative, false positive, and false negative cases, respectively. However,
a single evaluation metric is often insufficient to fully characterize model performance,
particularly when analyzing complex, nonlinear, and noisy real-world datasets. Therefore,
the integration of multiple complementary evaluation metrics is recommended to provide
a more comprehensive and reliable assessment of model performance [161].

4.6. Explainable Artificial Intelligence

The increasing use of complex ML and DL models in FS analysis can improve pre-
dictive performance but may reduce the interpretability of model decisions. XAI methods
can therefore be employed to clarify the relationships between spectral features and model
predictions, thereby improving model transparency and facilitating the interpretation of
spectroscopic information. In a study, researchers used Shapley Additive Explanations
(SHAP) feature importance to assess the acidity of edible oils [149]. This approach of-
fers valuable explainability. Another framework is the local interpretable model-agnostic
explanations (LIME). LIME technology provides healthcare professionals with specific
information to enable them to diagnose conditions efficiently and conveniently [253]. For
example, LIME can help determine whether a patient with Alzheimer’s disease is in the
early or late stages of the condition [253].

The attention mechanism draws inspiration from human biological systems, it serves
as an interpretable cue that can be cross-validated using SHAP, LIME or domain knowl-
edge [149]. Feature importance analysis is also a useful approach. By studying the fluo-
rescence spectral characteristics of hotpot oil and comparing its characteristic peaks, this
approach provides a basis for the rapid detection of reused hotpot oil [254]. We can use
interpretable spectral feature extraction. In previous research, scientists used a CNN + PCA
approach to enhance the interpretability of classification [168], and employed PARAFAC to
extract features explaining oil classification [255]. This technology provides an effective
approach for the identification of food safety.
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In summary, explainable artificial intelligence serves as a bridge between the pre-
dictive capabilities of ML and an understanding of the mechanisms underlying FS. This
interpretability is crucial for developing fluorescence analysis models that are reliable,
generalizable and readily acceptable to regulatory authorities.

5. Applications in Food Safety and Environmental Monitoring

As a highly sensitive and rapid analytical approach, ML-assisted FS provides intelli-
gent solutions for critical applications, including food contaminant detection, adulteration
identification, quality assessment, and the tracing and quantification of environmental
pollutants. This section presents a detailed discussion of the applications and methodolog-
ical strategies involved in integrating ML with FS across food safety and environmental
monitoring fields. Representative case studies are highlighted to demonstrate the prac-
tical potential of these approaches, while Table 3 summarizes the major applications of
ML-integrated FS technologies in these two domains.

Table 3. Applications of ML combined with FS in food safety and environmental monitoring.

ML Task Types Specific ML Methods Analyte Application Objectives Refs.
Classification PCA + RF Human stomach tissue Enab'le's rgpld, label—fFee'automated [170]
classification of gastric tissue strata
Hoeffding Tree, PART, Binary classification of yeast
Classification 1Bk, Filtered Classifier, Tomato fruit inoculation versus non-inoculation [169]
Logistic, Bayes Net across three tomato types
Feature extraction and Optimize sensor design, validate
. . . CNN Convolutional . . model consistency with domain
dimensionality Air-borne pollen grains e [168]
reduction Layers + PCA knowledge, enhance classification
interpretability
. Extracts interpretable spectral
Featgre ext?actlgn and . features for accurate oil classification
dimensionality PARAFAC Camellia oil and provides a chemical benchmark [255]
reduction p o
for DL validation
Decode intricate optical fingerprints
Pattern Recognition/  CNN, Backpropagation . of structurally anfilogous antibiotics
. Doxycycline analogs and establish a robust, [256]
Feature Learning Neural Network . .
high-accuracy sensing model
beyond conventional methods
Enables rapid, high-precision
prediction of functional component
Regression/ Fluorescence Learning ﬁgﬁfg?gﬁégﬁi Zi;EEShf;‘E a
Quantitative/ for Quantitative Artemisia argyi folium qu ty [257]
Analvsis Analysis Network assessment tool that provides
y data-driven support for plant
variety improvement and
production standardization
Enable non-destructive, rapid grain
. maturity assessment, and integrate
Regression SVM};SE’S S;;dlent Soybean seeds spectral-imaging data for efficient [258]

quality evaluation and screening in
production lines or field monitoring

5.1. Applications in Food Safety

In this context, food safety regulation, as a fundamental safeguard for public health,
plays a critical role in protecting human well-being and maintaining social stability [66].
ML-assisted FS has emerged as a practical analytical tool in this field due to its non-
destructive nature, high sensitivity, and rapid response capability. Consequently, it has
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been increasingly applied in key areas of food safety assessment, including hazardous
substance detection, food authenticity and adulteration identification, and comprehensive
quality evaluation [87,162,259].

For food contaminant detection, ML-assisted FS enables rapid and accurate screening
of various hazardous substances, including heavy metals, pesticide residues, and microbial
contaminants [260-262]. For example, Bertani et al. combined FS with an SVM algorithm
for the non-destructive detection of aflatoxin B contamination in almond slurry. In their
study, samples were excited using a 375 nm UV-LED source, and an SVM-based classifi-
cation model was developed with feature selection and data standardization procedures.
Furthermore, a majority voting strategy was introduced to integrate measurements from
multiple sampling locations, thereby improving model robustness. A total of 5000 flu-
orescence spectra were collected under two different instrumental configurations, with
aflatoxin B concentrations ranging from 2.7 to 320.2 ng/g. The results demonstrated that,
at a detection threshold of 6.4 ng/g, the proposed model achieved a classification accuracy
of 94% with a false-negative rate of 5%. Although these results indicate good performance,
the 5000 spectra were collected under only two instrumental configurations, and the use of
majority voting across multiple sampling locations may limit the direct comparability with
measurements obtained under different acquisition conditions. Moreover, the reported
performance was evaluated within the investigated sample and concentration ranges, and
its robustness across independent sample batches, instruments, or laboratories remains
to be established. Therefore, the FS-SVM approach shows clear promise for rapid and
non-destructive contaminant screening, but broader external validation is required before
its field applicability can be fully assessed [263].

Beyond the detection of specific hazardous substances, ML-assisted FS has also demon-
strated considerable potential for food authenticity assessment and the identification of
adulteration [250,264]. By integrating pattern recognition and anomaly detection algo-
rithms, these systems can effectively discriminate adulterated samples from authentic
products, thereby supporting food authenticity verification and origin traceability [265].

For example, Yan et al. proposed a novel anomaly detection strategy based on a
one-class convolutional SDAE integrated with EEM FS. This approach was applied for
rapid authenticity assessment of Zhenjiang aromatic vinegar and tea oil. By incorporating
data augmentation and multimodal fusion strategies, including boxplot-based analysis
of reconstruction errors and Local Outlier Factor-based processing of latent feature rep-
resentations, the proposed method successfully identified all abnormal samples. Across
different test scenarios, the model achieved a specificity of 100% and classification accu-
racies exceeding 93%. Although these results indicate strong discrimination capability,
the near-perfect specificity was obtained under the reported test conditions, and its ro-
bustness to previously unseen adulteration types or independent sample batches remains
unclear [34]. Recent studies have demonstrated that the integration of FS, PARAFAC, and
ML provides a rapid, reliable, and non-destructive strategy for beverage identification,
with promising applications in food quality control and authenticity evaluation [200]. How-
ever, the generalizability of such models may depend on the diversity of products and
adulteration patterns represented in the training data.

Furthermore, ML-assisted FS can also support comprehensive evaluation of food
quality and safety by enabling intelligent assessment of freshness, processing conditions,
and potential safety risks through spectral analysis and predictive modelling [266]. For
example, Zou et al. applied five preprocessing algorithms to reduce noise in the original
fluorescence spectral data, effectively minimizing baseline drift and spectral tilt effects.
Feature band selection revealed that the optimal spectral ranges for the binary and six-class
classification models were 469-962 nm and 534-809 nm, respectively. PCA visualization fur-
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ther illustrated the distribution patterns of the six sample groups, confirming the feasibility
of spectral-based classification. Based on the selected feature bands, the optimal binary clas-
sification model (MF-RF-RF) and six-class classification model (MF-XGBoost-LightGBM)
both achieved 100% accuracy [254]. While this near-perfect accuracy demonstrates the
strong discriminative capability of the proposed workflow, it should be interpreted cau-
tiously because performance obtained from a specific sample set may not fully reflect model
robustness for new samples or different measurement conditions. In addition, experimental
studies have shown that polarization perturbation two-dimensional correlation FS enables
reliable discrimination of different edible oils, further highlighting the potential of advanced
fluorescence-based approaches for food authentication and quality control [267]. Further
validation using independent samples would help determine whether these promising
results can be maintained in practical applications.

5.2. Applications in Environmental Monitoring

Environmental monitoring is an essential component of pollution assessment and con-
trol, where rapid, accurate, and reliable analytical approaches are required for the detection
and quantification of contaminants [30]. However, conventional monitoring methods often
suffer from limitations such as complex operation procedures, time-consuming analysis,
and high equipment costs, which restrict their applicability for large-scale and real-time
monitoring [268]. In recent years, the integration of FS with ML algorithms has provided
new opportunities for rapid and intelligent monitoring of pollutants in water, soil, and
atmospheric environments [172,173,269]. By extracting multidimensional spectral features
and uncovering complex patterns within fluorescence datasets, ML-assisted FS approaches
can improve the accuracy, efficiency, and automation of pollution source identification and
contaminant quantification, demonstrating significant potential for practical environmental
monitoring applications [171].

In the field of air pollution source apportionment, ML-assisted FS enables the identifica-
tion and quantification of particle emission sources by exploiting characteristic fluorescence
spectral signatures. For example, Rutherford et al. combined EEM FS with ML approaches
to identify vegetative burning sources in atmospheric particulate matter with high accuracy.
In their study, 103 archived filter samples were analyzed, and principal component regres-
sion and CNN models were developed for source prediction. The results demonstrated that
vegetative burning sources achieved the highest prediction performance, with a test set
R? value of 0.85, whereas mobile emission sources showed moderate predictive capability,
with a test set R? value of 0.51. These findings highlight the potential of ML-assisted fluo-
rescence analysis for extracting source-specific spectral signatures and performing source
apportionment of combustion-derived atmospheric particles [269].

Beyond atmospheric particulate source apportionment, ML-assisted spectral analy-
sis also shows considerable practical value for pollution tracing and rapid quantitative
assessment of heavy metal contamination in solid environmental matrices, such as soils.
For example, Xia and co-workers evaluated the predictive performance of models for eight
heavy metals using a portable X-ray fluorescence (pXRF) system combined with LR and
multivariate adaptive regression splines. The results demonstrated that MARS significantly
outperformed LR for predicting copper (Cu) and chromium (Cr) concentrations, achieving
R? values of 0.88 and 0.78, and RPD values of 2.89 and 2.11, respectively.

For datasets with low background concentrations, multivariate MARS models improved
prediction performance based on pXRF spectral measurements, increasing R? from 0.032 to
0.39 and RPD from approximately 0.35 to 0.37. For datasets with higher concentration levels,
univariate MARS models were applied for Cu and Cr prediction, providing a simpler mod-
eling strategy with reduced computational requirements. Overall, this study demonstrated
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that ML-based multivariate regression approaches can substantially enhance the quantitative
interpretation of pXRF spectra for heavy metal assessment and provide robust, practical
solutions for large-scale environmental monitoring across diverse sampling regions [270].

Beyond atmospheric particulate tracing, ML-assisted FS also provides a rapid and
non-contact strategy for water pollution monitoring and assessment [271]. For example,
Zhang and co-workers proposed a method for predicting biochemical oxygen demand
(BODs) by integrating 3D FS, PARAFAC, and ML algorithms, as illustrated in Figure 10.
In this approach, PARAFAC was first employed to decompose the complex fluorescence
signals, after which the maximum fluorescence intensities of three extracted components
were selected as representative features. Subsequently, an RF model was developed to
establish the relationship between these fluorescence features and BODs5 values. The results
demonstrated that the RF model achieved reliable predictive performance, with a high
coefficient of determination (R? = 0.878) and a low MSE (MSE = 0.28). This study highlights
the feasibility of rapid BODs prediction using non-contact fluorescence measurements,
reducing the dependence on complicated conventional dissolved oxygen-based procedures.
Therefore, this ML-assisted FS strategy provides an efficient solution for high-throughput
water quality assessment and large-scale environmental monitoring [272].

5] Re=0078
MSE=0.28

BOD predicted value (mg/L)

54 Re=0868
MSE=0.3

BOD predicted value (mg/L)

2 3 4 5

Figure 10. Predicted versus observed scatter plots of the RF regression model: (a) inputs: t, C1, C2,
and C3; (b) inputs: t, C1, and C2. Reproduced from Figure 6 of Zhang et al. [272] under the Creative
Commons CC BY license.

5.3. Critical Analysis of Model Performance and Generalizability

As illustrated by the studies discussed above, the size and composition of FS datasets
vary substantially, which can influence the reported performance of ML models. Im-
portantly, the number of acquired spectra should not be equated with the number of
independent samples [273], because repeated measurements from the same physical sam-
ple may increase the apparent dataset size without providing an equivalent increase in
sample diversity. This issue is particularly relevant to complex ML and DL models, for
which a limited number of independent samples may increase the risk of overfitting. There-
fore, future studies should report both the number of acquired spectra and the number of
independent samples to provide a more meaningful assessment of dataset adequacy.

The reported performance metrics should also be interpreted in the context of the
validation strategies employed. As shown in the applications discussed above, high
classification accuracy or predictive performance does not necessarily indicate robust
generalizability. In particular, near-perfect accuracy obtained from limited datasets or
internal validation may not fully reflect model performance on independent samples [274].
Therefore, comparisons among ML models should consider not only accuracy, R?, or other
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performance metrics, but also dataset size, data partitioning strategy, and validation proce-
dure. External validation using independent sample batches can provide stronger evidence
of model reliability than performance evaluated solely within the original dataset [275].

More importantly, the practical value of ML-assisted FS lies in its generalizability
beyond the conditions under which the model is developed. Fluorescence signals can be
affected by sample composition, measurement conditions, instrument configuration, and
experimental environment [276]. Accordingly, a model achieving excellent performance
on a specific dataset may suffer performance degradation when applied to samples from
different batches, instruments or laboratories.

Model selection should therefore be matched to the characteristics of FS data. Con-
ventional models such as SVM and RF are often suitable for relatively small datasets,
whereas CNN- and Transformer-based models generally benefit from larger and more
diverse datasets [96]. Cross-batch, cross-instrument, and cross-laboratory validation should
therefore be considered when assessing model generalizability and transferability [277].

These considerations further indicate that model selection should not depend merely
on the highest reported predictive performance. Table 4 summarizes the key characteristics
of six representative ML /DL model categories for FS analysis.

Table 4. Comparison of representative ML/DL models for FS analysis. Data requirements and

interpretability are qualitative assessments based on the cited literature.

ML Model ~ LyPical Data Relative Major Strength Major Limitation Refs.
Requirement Interpretability
Effective for high-dimensional o
. Performance can be sensitive
spectral data and relatively )
limited sample sizes; flexible to kernel selection,
SVM Small-medium Moderate . P o hyperparameter optimization, [278]
nonlinear modeling can be .
. and the representativeness of
achieved through kernel .
. the training samples
functions
Robust nonlinear modeling Tree-based splits may not fully
RE Small-medium  Moderate-high and ex.phcrf feature-importance exploit the continuous and [102,
estimation; can support correlated structure of spectral 254]
spectral variable selection variables
Flexible nonlinear modeling Performance dePends on
XGBoost/ with strong predictive parameter funing and
. Medium-large Moderate o . regularization; overfitting may [254]
LightGBM capability and efficient
ensemble learnin occur when the number of
& independent samples is limited
Flexible nor}lln}aar modeling Performance depends on
for quantitative spectral )
- network architecture and
ANN/ . analysis and capable of .y . ..
Medium Moderate . . . training settings; limited [102]
BPNN learning complex relationships . .
datasets may increase the risk
between spectral features and -
. of overfitting
target variables
Automatically learns Generally benefits from a
hierarchical spectral sufficiently large and diverse [149
CNN Medium-large =~ Low-moderate  representations and can reduce set of independent samples; 5 49]’
the need for manually limited data may increase the
designed features risk of overfitting
Can capture long-range Model complexity and
dependencies and global computational cost can be
Transformer  Medium-large spectral representations substantial, while limited [279]

through self-attention, with
demonstrated potential for
fluorescence spectral analysis

training samples may require
data augmentation or other
strategies to reduce overfitting
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6. Challenges and Future Perspectives

The preceding sections demonstrate the potential of ML-assisted FS for food safety and
environmental monitoring, while also highlighting that the reported performance of these
methods depends strongly on spectral characteristics, data quality, model selection, and
validation strategies. Despite the rapid development of ML and FS technologies, several
challenges remain before these approaches can be reliably transferred from laboratory
studies to practical applications. These challenges involve not only spectral complexity and
limited data availability, but also model generalizability, interpretability, standardization,
and cross-instrument and cross-laboratory validation. To provide an overall perspective on
these issues and the corresponding development pathways, Figure 11 presents a conceptual
roadmap for the development of ML-enhanced FS toward reliable real-world applications.

1. Fluorescence Spectroscopy

Modalities and Applications

Main modalities
Steady-state FS (PL)

LA

Time-resolved FS (TRF) t
Synchronous FS (SFS) 2 , \ M

Fluorescence imaging
(FLIM / hyperspectral)

Typical applications

®
7

Real-world needs
and new data

Food safety

Contaminants, authenticity,
quality evaluation

Environmental monitoring
Pollutants, heavy metals,
biological hazards

13

Machine Learning-Enhanced Fluorescence Spectroscopy
From Spectra to Safe Food and a Cleaner Environment

2. Key Challenges
From Spectra Data to Reliable Models

3. ML Approaches and Solutions
Matching Methods to Tasks

4. Future Opportunities
Toward Real-World Impact

AN

(((0

B>

Complex spectra

* Spectral overlap

* Matrix interference

o Low signal-to-noise ratio

Data limitations

¢ Small and imbalanced datasets
o Lack of public datasets
 Instrument and batch variability
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o Overfitting and poor
generalization

o Limited interpretability

o Lack of standardized evaluation

Real-world deployment

o Cross-laboratory validation

* Integration with portable devices
o Regulatory and cost constraints

Classical ML & Chemometrics
Well-established, effective for many FS tasks .

® PCA, PLS, SVM, RF, k-NN, LR, etc.

Advanced Deep Learning

Powerful for complex and high-dimensional data

Emerging Approaches

Address data scarcity, interpretability and adaptivity

o CNN, RNN, Transformer,
autoencoder, etc.

o Semi-/self-supervised learning

o Transfer learning

« Explainable Al (e.g., SHAP, attention)

* Reinforcement learning (adaptive sensing)

 data and benchmark:

* Public spectral databases
e« Standard protocols (FAIR)

((C

,

4|Q

.~ Interpretable and trustworthy models

® Physics-informed ML
o Explainable Al

Multimodal and integrated sensing
o Fusion with Raman, NIR, FTIR, etc.
o Complementary information

=" Portable and intelligent platforms

¢ Real-time and on-site detection
* loT and smart monitoring

) Reliable, interpretable and deployable ML-enhanced fluorescence spectroscopy ¢ Continuous
for safe food and a cleaner environment improvement
Feedback from applications to data, models and technologies J

_--------_---_-_—__—_—__J

Figure 11. Conceptual roadmap for ML-enhanced FS. The framework summarizes the major FS
modalities and applications, key challenges associated with spectral data and model development,
corresponding ML approaches and emerging solutions, and future opportunities for standardized,
interpretable, multimodal, and deployable analytical systems.

Figure 11 summarizes four interconnected aspects of ML-enhanced FS: the diversity
of FS modalities and analytical tasks, the major challenges associated with spectral data
and model development, the corresponding ML strategies and emerging solutions, and
future opportunities for standardized, interpretable, and deployable analytical systems.
Major FS modalities, including steady-state, time-resolved, synchronous, and fluores-
cence imaging techniques, provide complementary information for food safety assessment
and environmental monitoring [163,171,269]. However, their practical implementation
remains constrained by spectral complexity, matrix interference, limited independent
samples, instrument variability, overfitting, and limited model interpretability and gen-
eralizability [96,204,277]. Accordingly, ML methods should be selected according to the
characteristics of the spectral data and the analytical task, rather than solely on the basis of
model complexity or reported predictive accuracy [96,280]. Classical chemometric and SL
approaches can be effective for routine classification and quantitative prediction, whereas
DL may provide advantages for complex and high-dimensional spectral and imaging data
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when sufficient and diverse training data are available [279,280]. Emerging strategies,
including semi-/self-supervised learning, transfer learning, explainable Al, and adaptive
learning, provide promising directions for addressing data scarcity, model interpretabil-
ity, and cross-domain generalizability in spectroscopic analysis [146,168,204,281]. Future
progress will depend on standardized spectral databases and evaluation protocols, robust
and interpretable models, multimodal data fusion, and portable intelligent sensing plat-
forms [90,281-284], ultimately facilitating the transition of ML-assisted FS from laboratory
studies toward reliable, real-time, and on-site applications.

6.1. Practical and Technical Challenges

Although the integration of ML with FS has demonstrated significant advantages
in food safety and environmental monitoring, several challenges remain that limit its
widespread practical implementation. First, high-performance fluorescence detection
instruments and related components are often associated with high acquisition and mainte-
nance costs. Moreover, many important chemical contaminants lack intrinsic fluorescence
activity, making their direct detection difficult and frequently requiring complex sample
pretreatment procedures [155,156]. In addition, complex sample matrices, particularly in
food systems, can generate strong endogenous fluorescence backgrounds, which complicate
the extraction of weak target signals and reduce analytical reliability [153,154]. Further-
more, the acquisition of large-scale, high-quality spectral datasets is often time-consuming
and resource-intensive, while the training and deployment of advanced ML models require
substantial computational resources and specialized hardware. These limitations collec-
tively hinder the standardization, reproducibility, scalability, and widespread application
of ML-assisted FS technologies [151,152,163,285].

6.2. Emerging Strategies for Improving FS Analysis

To address these challenges, several emerging strategies have been explored to im-
prove the practicality, predictive capability, and adaptability of ML-assisted FS.

e  Portable Fluorescence Sensors: Yin et al. developed a ratiometric fluorescence-based
sensing strategy and incorporated it into a compact, low-cost portable detection device.
By integrating chemometric analysis with fluorescence signal processing, the system
enabled sensitive phosphate detection while allowing visual recognition through
fluorescence color changes. This approach provides a promising solution for rapid
and on-site environmental monitoring applications [150].

e  Multitask Learning: Jiang et al. developed a rapid and non-destructive quality
assessment method for rapeseed oil by integrating ultraviolet FS with a multitask CNN.
The proposed model incorporated multi-head attention mechanisms and residual
connections. After optimization using SNV-SG preprocessing, it achieved excellent
predictive performance, with an average correlation coefficient of 0.964. Furthermore,
SHAP was introduced to improve model interpretability and reveal the contribution
of spectral features to predictions [149].

e  Transfer Learning: Using phenol detection in industrial wastewater as a case study,
Chen et al. proposed a transfer learning framework specifically designed for small
fluorescence spectral datasets. This strategy improved predictive accuracy under
limited data conditions and demonstrated reliable performance when validated with
real-world environmental samples, highlighting its potential for addressing data
scarcity in practical FS applications [148].

e  Model Fusion: Tang et al. proposed a hybrid neural network architecture combining
U-Net and long short-term memory (LSTM) networks. By embedding LSTM modules
into the U-Net framework, the model effectively captured both temporal dependencies
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and morphological characteristics of distorted pulse signals. In this architecture, U-Net
was responsible for extracting and integrating time-dependent and structural features,
while LSTM modeled sequential variations in pulse intensity, thereby improving signal
reconstruction performance [98].

e Development of Advanced DL Models: Fan et al. proposed a multi-task freshness
monitoring framework that integrates three-dimensional FS with DL for simultane-
ous multi-parameter prediction and three-stage freshness classification. The model
achieved a maximum classification accuracy of 93.84%. Moreover, transfer learning
was employed to evaluate cross-species adaptability, providing valuable insights into
the development of advanced DL models capable of multi-task learning, cross-domain
generalizability, and small-sample adaptation [164].

6.3. Standardization, Benchmarking, and Reproducibility

Despite the rapid development of ML-assisted FS, differences in instrumental config-
urations, measurement conditions, and preprocessing procedures remain major barriers
to reproducible and transferable analysis [276,277]. To improve data comparability across
studies, key experimental parameters, including excitation wavelength, emission range,
spectral resolution, integration time, instrument configuration, calibration procedures, and
preprocessing methods, should be reported in a standardized manner.

Instrument-to-instrument and laboratory-to-laboratory variability can further intro-
duce distribution shifts and reduce model transferability [276,277]. Future studies should
therefore emphasize cross-batch, cross-instrument, and cross-laboratory validation, to-
gether with calibration transfer, domain adaptation, and transfer learning strategies. Estab-
lishing benchmark datasets collected under diverse instrumental and laboratory conditions
would also enable more reliable comparison of model robustness and generalizability.

Reproducibility can be further promoted through FAIR data-sharing practices [284].
Where possible, researchers should provide raw spectral data, relevant metadata, prepro-
cessing procedures, model parameters, trained models, and source code. Such practices
would facilitate independent verification, systematic benchmarking, and model reuse, thereby
supporting the development of more reliable and transferable ML-assisted FS methods.

With continuous advances in ML algorithms and the development of miniaturized
and portable detection devices [286,287], ML-assisted FS is expected to move toward
real-time, on-site, and intelligent monitoring platforms [288]. Future research should
focus on multi-source data integration, model interpretability, cross-domain transferability,
standardization, and reproducible evaluation under diverse application conditions.

Here, multimodal data fusion refers to the joint use of FS and complementary spec-
troscopic or non-spectroscopic information within a unified analytical framework. Com-
plementary spectral techniques, such as Raman, NIR, and IR spectroscopy, can provide
molecular, compositional, or functional-group information that may not be fully captured
by fluorescence measurements [44]. The contribution of additional spectral data is therefore
problem-dependent. For example, Raman spectroscopy may be beneficial when structural
information is insufficient, whereas NIR or IR spectroscopy may provide complementary
information for complex food matrices or chemical composition. Such additional infor-
mation may improve target identification, prediction accuracy, and model robustness,
particularly when fluorescence signals are weak, highly overlapped, or affected by matrix
interference [44,46]. However, additional data do not necessarily lead to better performance,
especially when the information is redundant. Future studies should therefore quantify the
contribution of each data source through controlled comparisons between single-modality
and multimodal models using independent validation datasets.
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These developments may provide a foundation for establishing reliable and scalable
FS analytical systems for food safety and environmental monitoring [289].

7. Conclusions

In conclusion, this review has systematically examined recent advances in ML-assisted
FS for food safety assessment and environmental monitoring, with emphasis on method-
ological development and practical applications. Major ML approaches, including SL, UL,
SSL, RL, and DL, were reviewed in terms of their learning mechanisms, data requirements,
and potential roles in fluorescence spectral analysis. The major stages of the ML-assisted
FS workflow, including data partitioning, spectral preprocessing, feature extraction, clas-
sification and regression, model evaluation, and explainable artificial intelligence (XAI),
were also summarized.

The reviewed studies demonstrate that the integration of ML with FS can enhance the
analysis of complex fluorescence data and expand the capabilities of conventional FS. In
food safety, ML-assisted FS has shown considerable potential for contaminant detection
and quantification, food authenticity assessment, and quality evaluation. In environmental
monitoring, it has been applied to the identification, quantification, and tracing of pollu-
tants in complex matrices. SL remains widely applicable to classification and quantitative
prediction, while unsupervised and SSL provide useful approaches for exploratory analysis
and scenarios with limited labeled data. DL further offers opportunities for automated
feature learning from complex spectral and spectral imaging data. Overall, these devel-
opments highlight the potential of ML-assisted FS as an effective analytical approach for
extracting useful information from complex fluorescence measurements.

Despite these advances, several factors still need attention before ML-assisted FS
can be more widely applied in practical settings. Dataset quality and representativeness,
appropriate data partitioning, independent validation, and differences in instruments and
analytical conditions can affect model reliability and transferability. Future studies should
therefore emphasize robust validation, transparent reporting, and model selection suited to
the available data and specific analytical objectives. These considerations are important for
improving the reliability and practical applicability of ML-assisted FS.

Future development will benefit from continued advances in explainable Al, transfer
learning, semi-/self-supervised learning, multimodal data fusion, and portable fluorescence
sensing. The integration of complementary spectral or non-spectral information should
be guided by the specific analytical problem and the additional information provided by
each data source, rather than simply by increasing the number of data modalities. Future
studies should further quantify the contribution of each additional data source through
controlled single-modality and multimodal comparisons with independent validation.
Meanwhile, standardized datasets, reproducible evaluation procedures, and effective data-
sharing practices can improve comparability and facilitate model transfer across different
applications. Overall, ML-assisted FS shows strong potential as a rapid, non-destructive,
and intelligent analytical approach for food safety and environmental monitoring.
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Abbreviations

The following abbreviations are used in this manuscript:

FS Fluorescence spectroscopy

ML Machine learning

EEM Excitation-emission matrix
PCA Principal component analysis
PARAFAC  Parallel factor analysis

PLS Partial least squares

SVM Support vector machine

RF Random forest

KNN K-nearest neighbor

CNN Convolutional neural network
GNN Graph neural network

LSTM Long short-term memory
SDAE Stacked denoising autoencoder
WT Wavelet transform

SG Savitzky-Golay

SNV Standard normal variate

MSC Multiplicative scatter correction
RMSE Root mean square error
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