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Post-harvest management of agricultural products is crucial for minimizing spoilage and economic losses. Vol-
atile organic compounds (VOCs) have emerged as effective indicators of early-stage deterioration, offering a
promising approach to improving detection methods. This review examines the role of VOCs in spoilage iden-
tification, emphasizing key markers such as terpenes, ketones, esters, and aldehydes in fruits, vegetables, grains,
and legumes. Various detection techniques—including spectrometry, electronic noses, spectroscopy, and sensor
arrays—are evaluated and compared for their potential to assess spoilage and freshness by correlating their limits
of detection (LOD) with typical VOC concentrations in agricultural scenarios. Future development trend in VOC
research focus on enhancing sensor sensitivity, developing portable detection devices, integrating VOC moni-
toring with smart systems, and leveraging artificial intelligence for predictive analysis. These advancements aim
to optimize post-harvest management strategies and improve food safety through more accurate and timely

spoilage detection.

1. Introduction

Postharvest deterioration refers to the degradation in the quality of
agricultural products after harvest, caused by factors such as improper
handling, suboptimal storage conditions, and delays in processing (Nath
et al., 2024). It results in quantitative losses due to a decrease in edible
food mass, and qualitative losses related to reduced nutritional value,
texture, color, and other sensory attributes, even though the food may
still be technically edible. Preventing postharvest deterioration is
essential for reducing postharvest losses (PHL) (Stathers et al., 2020).
Effective management offers wide-ranging benefits, including opti-
mizing food availability, reducing economic costs, conserving resources,
preserving nutrients, preventing foodborne illness, extending shelf life,
and minimizing waste. Adopting good postharvest practices is therefore
key to minimizing food losses and ensuring the maximal utilization of
agricultural products (Zhang, Zhang, et al., 2022).

Volatile organic compounds (VOCs) have emerged as powerful bio-
markers for monitoring postharvest quality and detecting early signs of
spoilage in agricultural commodities (Bonah et al., 2020; Giménez-
Campillo et al., 2025). VOCs are low-molecular-weight compounds

emitted as a result of metabolic processes in plant tissues and microor-
ganisms. Their profiles change significantly in response to physiological
stress, microbial activity, enzymatic degradation, and chemical oxida-
tion—making them sensitive and non-invasive indicators of product
freshness and integrity (Tiwari et al., 2020).

VOC-based sensing mechanisms primarily operate through chemical
or physical transduction of VOC interactions into measurable electrical,
optical, or spectral signals (Chen et al., 2022; Gu et al., 2020). In recent
years, material innovation, system integration, and intelligent func-
tionality are the keys to advancing the next generation of gas sensors
toward high sensitivity, low power consumption, wearability, and smart
applications (Zhu et al., 2022). Advances in nanomaterials and micro-
fabrication have further enhanced the resolution, portability, and cost-
efficiency of these detection platforms (Kwon et al., 2025). The ratio-
nale for employing VOCs as biomarkers lies in their early and often
compound-specific emission patterns that precede visible spoilage. Un-
like conventional microbiological or physicochemical tests, VOC-based
methods offer rapid, real-time, and potentially non-destructive moni-
toring. In addition, the integration of VOC sensing technologies with
smart agriculture frameworks has gained momentum. Innovations
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include the development of portable e-nose devices (da Silva et al.,
2023), artificial intelligence(AI)-enhanced sensor arrays (Zhang et al.,
2024), IoT-enabled monitoring platforms (Navarro et al., 2020), and
machine learning algorithms capable of decoding complex VOC signa-
tures (Ma et al., 2023) to detect contamination or classify spoilage
stages. These multidisciplinary advances are moving the field toward
real-time, on-site, and automated postharvest quality control systems.

This review provides a comprehensive summary of VOC detection
methods used to monitor postharvest deterioration of agricultural
products over the past decades. It examines and evaluates various
technologies, highlighting their advantages and limitations (Fig. 1).
Additionally, it discusses the integration of VOC detection into smart
systems for real-time surveillance and timely intervention. The review
emphasizes the importance of addressing both economic and food safety
risks posed by postharvest spoilage and outlines future research di-
rections, including potential innovations and improvements in VOC-
based detection strategies.
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2. Volatile organic compounds (VOCs) in post-harvest
deterioration

2.1. Major types and sources of VOCs in agricultural products

Agricultural products contain a wide variety of VOCs that play a
significant role in shaping the aroma, flavor, and overall quality of these
products. Consequently, they can serve as valuable physiological in-
dicators for assessing the quality of agricultural products. Monitoring
and evaluating the quality status of agricultural products can be ach-
ieved by analyzing the types and quantities of VOCs present. Common
VOCs found in agricultural products include terpenes/terpenoids, ke-
tones and aldehydes, ester compounds, alcohols, sulfurs, acids, nitrogen
compounds, etc. As described in Table 1, Terpenes/terpenoids are the
most abundant group of secondary plant metabolites mainly found in
fruits, vegetables, and herbs, such as limonene in berries contributes to
their fresh and zesty aromas (Gu et al., 2022). Linalool in basil gives
them their unique herb scents (Walters et al., 2020). Ketones, aldehyde
compounds, alcohol compounds, and ester compounds are common in
fruits and grains, such as hexanal can contribute to the fresh aroma of
strawberries, and ethyl acetate in apples contributes to the sweet aroma
(Yang et al., 2021). Acid compounds such as acetic acid can be found in
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Fig. 1. Scheme of post-harvest deterioration detection technique based on VOCs.
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Table 1
The major type of VOCs in relation to the different agricultural products.
Types of VOCs Products Major biomarkers References
Terpenes/ Fruit and Limonen, Linalool (Gu et al., 2022;
Terpenoids vegetables Walters et al., 2020)
Ketones and Grains and Hexanal (Yang et al., 2021)
Aldehydes fruits
Ester Grain, fruits, Ethyl Acetate (Li et al., 2021; Wang
Compounds legumes et al., 2021)
Alcohols Grains and 3-Methyl-1- (Boriesson., 1999)
fruits butanol, Ethanol
Sulfurs Garlic Cysteine (Kovacevic et al.,
sulfoxides 2023)
Acids Fruit, Acetic acid (Gu et al., 2022)
fermented
foods

fruits and vegetables (Gu et al., 2022). Sulfur compounds like cysteine
sulfoxides are prevalent in pungent vegetables such as garlic (Kovacevic
et al., 2023). These VOCs can be considered as key biomarkers for
monitoring the quality of agricultural products during storage. Detect-
ing and analyzing these compounds allows for early intervention to
prevent spoilage, thereby ensuring the quality and safety of food prod-
ucts (Tiwari et al., 2020). Notably, the complex aroma of an agricultural
product is often the result of a diverse mixture of VOCs, influenced by a
complex interplay of factors such as variety, ripeness, damage, storage
conditions, and microbial contamination.

VOCs in agricultural products can be classified into two subtypes
based on their production and response to various factors: constitutive
and induced. Constitutive VOCs are naturally and continuously pro-
duced while induced VOCs are generated as a response to a wide range
of environmental stresses. Constitutive VOCs are naturally produced,
and typically released with time. Yang et al. (2021) summarized the
profile of VOCs change in apples that aldehyde was the main volatile
component in the early stage, and then the alcohol content began to
increase significantly, and the ester content increased with the decrease
of aldehyde. Amundsen et al. (2023) observed that Lingonberries
exhibited a significant decrease in the total concentration of phenolic
compounds across five ripening stages. In contrast to constitutive VOCs,
induced VOCs are produced in response to various abiotic and biotic
stresses (Tiwari et al., 2020). Postharvest abiotic stress involves the
temperature, relative humidity, oxygen levels, damage during transport,
etc. Among the VOCs, terpenes, nitrogen-containing compounds, and
phenolic compounds exhibit the most substantial susceptibility to
abiotic stressors (Nagalingam et al., 2023). Moreover, when agricultural
products are infected by bacteria and fungi, viruses, insects, or parasites,
it can lead to biotic stress that generates VOCs as by-products of meta-
bolism changes. These VOCs are closely linked to spoilage and fermen-
tation, often resulting in noticeable changes to the flavor and aroma of
the product.

2.2. Metabolic pathways leading to VOCs emission

As a consequence of agricultural products’ interaction with biotic
and abiotic factors, the VOCs are biosynthesized through interconnected
pathways regulated by complex mechanisms. Recent advances in omics
technology over the past years have led to a better understanding of
plant VOCs biosynthesis (Picazo-Aragones et al., 2020). The biosyn-
thesis of VOCs is closely linked to primary metabolism and the avail-
ability of energy sources. They can be roughly categorized into three
classes based on their biosynthetic origin, including terpenoids, phe-
nylpropanoids/benzenoids, fatty acid derivatives, and amino acid de-
rivatives, along with some species- or genus-specific compounds that
may not fit into these major classes. Dudareva et al. (2013) illustrate the
interconnected biosynthetic pathways of VOCs with primary catabolic
intermediates like acetyl-CoA, pyruvate, phosphoenolpyruvate (PEP),
and erythrose-4-phosphate (E4P) as precursors (Fig. S1). Cyg fatty acids,
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including linoleic acid and linolenic acid, are catalyzed by lipoxygenases
and generate 9-hydroperoxy and 13-hydroperoxy derivatives of fatty
acids. These intermediates turn into fatty acid derivatives, including
methyl jasmonate and green leaf volatiles (Gu et al., 2022). The lip-
oxygenase pathway also can synthesize oxylipins, isoprene, carotenoid
derivatives, indoles, phenolics, methyl salicylate, and aromatic VOCs.
Sesquiterpenes, another group of VOCs, are synthesized through the
cytosol mevalonate pathway (MVA), with acetyl-CoA as a key compo-
nent, resulting in various intermediate metabolites (Dudareva et al.,
2013). The methylerythritol phosphate (MEP) pathway occurs exclu-
sively in plastids, and uses pyruvate as a precursor to create two com-
mon five-carbon (Cs) intermediates, isopentenyl diphosphate (IPP) and
its allylic isomer, dimethylallyl diphosphate (DMAPP), leading to the
synthesis of geranyl diphosphate (GPP) (Picazo-Aragones et al., 2020).
In higher plants, the MVA and MEP pathways are interconnected
through metabolic crosstalk (Bick & Lange, 2003). Geranyl diphosphate
is converted to geranylgeranyl diphosphate (GGPP) with the help of the
GGPase enzyme, ultimately producing volatile carotenoids. Ger-
anylfarnesyl diphosphate (GFPP) is the recently discovered precursor of
sesterterpenes (Sun et al., 2016). Monoterpenes, diterpenes, and hemi-
terpenes are also produced through the carotenoid biosynthesis in-
termediates. These 3-Deoxy-d-arabinoheptulosonate 7-phosphate
(DAHP) pathway-based VOCs can be classified into different classes,
including terpenoids, benzenoids, phenylpropanoids, derivatives of
amino acids, and fatty acids. Among these classes, terpenoids are the
largest followed by benzenoids and phenylpropanoids of aromatic origin
(Tiwari et al., 2020). The advancements in the biosynthesis, ecological
roles, and applications of plant VOCs have been summarized by Maffei
et al. (2011).

While much attention has been given to the role of VOCs during plant
growth, their role in post-harvest deterioration is now attracting
increasing research interest. Since the volatilomics can characterize the
physiological state of agricultural products before visible changes occur,
it holds significant potential for early monitoring of deterioration,
particularly in early mold detection (Jiang et al., 2023; Navarro et al.,
2020).

3. Detection techniques for VOC-based spoilage detection
3.1. Spectrometry-based approaches

Spectrometry-based techniques are among the most widely used and
valuable methods for establishing unique VOC profiles in food safety,
fraud detection, freshness assessment, and quality evaluation (Chen
et al., 2022). The identification of signature VOC compounds in dete-
riorated agricultural products for early pathogens monitoring based on
spectrometry approaches is summarized in Table 2.

Gas chromatography-mass spectrometry (GC-MS) has been widely
applied in food volatilomics for the evaluation of food quality. GC-MS
separates compounds in a sample based on their volatilities and in-
teractions with the stationary phase of the GC column and identifies
compounds based on the mass-to-charge ratio and their specific frag-
mentation (Wu, Cao, et al., 2023). It is particularly advantageous when
analyzing complex mixtures and when the precise identification of in-
dividual components is essential. Its sensitivity generally allows for
detection at the ppb level. However, the quantitative performance is
highly dependent on the sample preparation strategy, some targets can
be as low as ppt level after using solid-phase microextraction (SPME)
and other enrichment methods. GC-MS has been successfully applied to
the analysis of flavor profiles and spoilage markers in a wide variety of
foods, including fruits, juices, meats, and cereals, with most target VOCs
were present at concentrations above the ppb level (Kataoka et al., 2000;
Baimatova & Gionfriddo, 2025). However, traditional GC-MS systems
are typically bulky and are confined to laboratory settings, limiting their
use for continuous and onsite monitoring in storage facilities or during
shipment. Although advancements in device miniaturization have led to
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Table 2
Identification of signature VOCs emitted by deteriorated agricultural products for early pathogens monitoring based on spectrometry approaches®.
Foodstuff Pathogens Approaches Signature VOC compounds Pattern Approaches References
recognition
Fragrant rice Aspergillus niger, Penicillium GC-IMS Alcohols, aldehydes, ketones, and esters PCA GC-IMS (Chen et al., 2022)
Jjanthinellum, Penicillium
alternatum, Penicillium
funiculosum, Aspergillus flavus
and Aspergillus parasitica
Xiang Ling Aspergillus flavus GC-IMS Ethyl acetate-D, 3-methyl-2-butanol, and PCA GC-IMS (Wang et al., 2021)
walnut cyclohexanone
Citrus (Citrus Penicillium italicum, Penicillium GC-MS dihy-drocarvone, Z-carveol, cis-beta-terpineol, PCA and PLS- GC-MS (Wu et al., 2023)
reticulata digitatum and Lasiodiplodia cis-limonene 1,2-epoxide, D-carvone, 3-methyl- DA
Blanco) theobromae 2-buten-1-ol, styrene and methyl (2-methyl-3-
butene-2-yl) ether, and alpha-guajene
Fuji apples Penicillium expansum GC-MS (E)-hex-2-enal, 1-methoxy-3-methylbenzene, PCA GC-MS (Kim et al., 2018)
methyl heptanoate, diethyl carbonate, ethyl 2-
phenylacetate, propyl octanoate, and ethyl
decanoate
Botryosphaeria dothidea (E)-hex-3-enyl acetate, 1-methyl-4-propan-2-
ylbenzene, 2-phenylethanol, a-terpinene, and
a-terpinolene
Alternaria alternata phenylmethanol, 2-ethylhexan-1-ol, and
acetophenone
Wheat Kernels Fusarium graminearum GC-MS F. graminearum PH-1 infestation: 5-pentyl- PCA and PLS- GC-MS (Ji et al., 2022)
cyclohexa-1,3-diene, 3-hexanone, and 1,3- DA
octadiene. Zearalenone production:6-butyl-
1,4-cycloheptadiene, hexahydro-3-
methylenebenzofuran-2(3H)-one, and (E,E)-
3,5-octadien-2-one
Maize kernels Aspergillus flavus HS-GC-IMS Aspergillus flavus: PCA HS-GC-IMS (Li et al., 2021)
ethyl acetate-D and 3-hydroxybutan-2-one-D.
AFB, production: (E)-2-octenal-M, benzene
acetaldehyde, (E)-hept-2-enal-M, 2-heptanone-
D, and 2-pentyl furan
Grape (Cabernet Botrytis cinerea, Coniothyrium GC-IMS Hexanal and (E)-2-hexenal PCA, NAA GC-IMS (Li et al., 2022)
Sauvignon diplodilla (Speg.) Sacc,
and Petit Colletotrichum sp.
Manseng)
Strawberry Botrytis cinerea HS- 3-methylbutanal, cis-4-decenal, 2-methyl-1- Multivariate HS- (Vandendriessche
MCC-IMS butanol, 2-methyl-1-propanol, 1-octen-3-one data analysis MCC-IMS et al., 2012)
HS-SPME and 1-octen-3-ol HS-SPME
fast GC-MS fast GC-MS

@ PCA, principal component analysis; PLS-DA, partial least squares discriminant analysis; NAA, nearest axis aligned; HS-MCC-IMS, headspace-multi-capillary
column-ion mobility spectrometry; HS-SPME, headspace solid-phase microextraction.

the development of portable GC-MS for onsite detection, its application
in real-time monitoring is still lacking (Leary et al., 2023). Another mass
spectrometry-based analytical technique proton transfer reaction mass
spectrometry (PTR-MS) is often more compact and can be designed for
portability, making them better suited for on-site and field applications,
such as post-harvest storage air monitoring. PTR-MS is an online mea-
surement based on the reaction of volatile molecules with H3O+ ions
followed by subsequent detection of protonated molecules with a mass
spectrometer (Weraduwage et al., 2022). For instance, research high-
lights that PTR-MS performs better in detecting real-time VOC changes
like flavor release during ripening and distinguishing microbial volatile
metabolites, with better sensitivity ranging from 0.1 to 0.5 ppb and
lower detection limits, while GC-MS offers superior separation of closely
related compounds (Mazzucotelli et al., 2022; Schuhfried et al., 2017).
However, mass spectrometry-based approaches have their own draw-
backs, including poor mass resolution, making it difficult to differentiate
isobaric molecules, and a limited mass range for multiple ion moni-
toring. To address resolution challenges, GC-MS and PTR-MS coupled
with a high-resolution mass analyzer has been introduced. An innova-
tion, known as time-of-flight (TOF) mass analyzer, has emerged as a
novel tool for plant metabolomics analysis due to its impressive high-
throughput capabilities (Li et al., 2020). Other advanced mass ana-
lyzers, including Orbitrap and Fourier Transform Ion Cyclotron Reso-
nance (FT-ICR), offer extremely high resolution, allowing them to be
more precise in resolving very closely related ions, which has been
already applied in profiling breathomics and soil volatilomics

(Kuchikata et al., 2024; Malik et al., 2024). Therefore, adopting a
collaborative approach that combines both methods for post-harvest
agricultural product VOCs detection lays a solid groundwork for
advancing monitoring and early warning technology in this field.

Here are some other notable hybrid techniques, including gas
chromatography-ion mobility spectrometry (GC-IMS), selected ion flow
tube-mass spectrometry (SIFT-MS), gas chromatography-electron cap-
ture detector (GC-ECD), gas chromatography-atomic emission detection
(GC-AED), membrane introduction mass spectrometry (MIMS), etc.
(Erler et al., 2020; Han & Lim, 2024). GC-IMS combines the separation
power of gas chromatography with the rapid, high-sensitivity ion
migration analysis of ion mobility spectrometry to identify and analyze
chemical substances. The limits of detection (LOD) for GC-IMS are >0.1
ng g}, which is generally lower in sensitivity compared to GC-MS.
However, GC-IMS offers clear advantages in rapid screening and early-
warning applications, particularly in agricultural settings where me-
dium to high concentration composite gas pattern recognition is
required. Therefore, it is more suitable for early warning food deterio-
ration processes or scenarios requiring large-sample screening, such as
sorting lines and storage monitoring. In recent year, it has been widely
used for detecting volatiles in fruits and grains (Erler et al., 2020). For
example, the typical concentration range of volatiles in pears is 0.1 to
20,000 ng g’l, including compounds such as (E)-2-hexen-1-ol, (E)-2-
heptenal, benzaldehyde, 6-methyl-5-hepten-2-one, (E)-2-octenal, and
acetophenone (Giménez-Campillo et al., 2025). GC-ECD detects mole-
cules that can capture electrons, particularly monitor halogenated
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VOCs. It is widely applied in pesticide residue analysis, though it is less
commonly used in quality monitoring (Han & Lim, 2024). MIMS is
another direct MS analysis that requires VOCs to pass through a semi-
permeable membrane into a mass spectrometer. This technique excels
in continuous VOC monitoring and can be designed for portability
(Richards et al., 2018). Emerging X-ray-based techniques are increas-
ingly being investigated for structural analysis of VOCs, utilizing
methods such as X-ray fluorescence (XRF) to detect atomic-level alter-
ations linked to spoilage indicators. However, their broader application
remains constrained due to high equipment costs and complex instru-
mentation requirements (Feng et al., 2021).

3.2. Electronic Nose (E-Nose) technology

With the development of electronic technology, an online detection
method E-nose based on a semi-selective sensor array and pattern
recognition is increasingly favored for rapid VOC detection (Gu et al.,
2020). Among the most widely used are metal oxide semiconductor
(MOS) sensors, which detect VOCs based on changes in electrical
resistance upon gas adsorption onto a metal oxide surface. In addition to
MOS, other types including metal oxide semiconductor field-effect
transistors (MOSFET), piezoelectric crystal (PC), quartz crystal micro-
balance (QCM), electrochemical sensors, and surface acoustic wave
(SAW) (Ali et al., 2023). MOSFETs offer enhanced sensitivity and rapid
signal transduction by detecting gas interactions at the gate region of the
transistor. PC and QCM sensors function by measuring frequency shifts
resulting from the adsorption of VOCs onto the crystal surface, providing
real-time detection (Fan et al., 2023). Electrochemical sensors operate
based on redox reactions at an electrode and are particularly useful for
detecting specific gas species with high selectivity. SAW sensors, which
detect variations in acoustic wave propagation caused by gas adsorp-
tion, are noted for their excellent selectivity (Wu, Yuan, et al., 2023).
Among all these sensor types, MOS sensors remain the most widely
adopted in agricultural contexts due to their high sensitivity, low cost,
and suitability for high-volume applications. Their LOD is typically >1
ppm, depending on the specific VOCs, usage scenarios, and sensor types.
MOS sensors are sensitive to a wide range of agricultural VOCs and are
particularly suitable for trend analysis of high-level or composite gases
in greenhouse and storage monitoring. Other sensors, such as QCM and
SAW, offer a comparable application range to MOS but, with the use of
diversified coatings, can achieve broader VOC detection capabilities (Ali
et al., 2023; Zytek et al., 2023).

As a representative example of an artificial olfactory system, E-nose
is superior to many conventional methods by its noninvasive, fast, and
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user-friendly features, and has been applied to detect pathogen
contamination in food in many recent works (Table 3). At present,
commercially available E-nose uses pre-existing data (collected in pre-
vious experiments) and a trained model (from machine learning or
statistical analysis) to recognize different VOC patterns, which can
effectively be used to identify different VOC in food samples (Nouri
et al., 2020). Some food contaminated by microorganisms metabolizes
signature VOC compounds, which offer unique odor fingerprints that
can be used for pathogen early identification and monitoring (Giungato
et al., 2018; Gu et al., 2019). A comprehensive description of the
application of E-nose for pathogen early monitoring has been thor-
oughly discussed by Bonah et al. (2020).

Although E-nose allows for non-invasive detection, its application in
agriculture is limited by challenges like sensitivity to temperature and
humidity, difficulty in distinguishing volatile compounds and concen-
trations, and high costs for commercial use. Comprehensive reviews of
the advantages and disadvantages of e-nose-based approaches have
been discussed in detail in numerous research works (Ali et al., 2023; Shi
et al., 2017).

3.3. Spectroscopic-based approaches

Spectroscopic techniques detect VOCs by examining the interactions
between electromagnetic radiation and VOC molecules. These methods
have garnered significant attention in food research due to their
inherent advantages, including high biosafety, unique molecular
fingerprinting capabilities, and strong penetration depth. This category
encompasses a wide array of techniques such as infrared (IR) spectros-
copy, Raman spectroscopy, near-infrared (NIR) spectroscopy,
ultraviolet-visible (UV-Vis) spectroscopy, fourier transform infrared
spectroscopy (FTIR), photoionization detection (PID), laser-induced
fluorescence (LIF), cavity ring-down spectroscopy (CRDS), terahertz
imaging, hyperspectral reflectance analysis, luminescence-based detec-
tion, and colorimetric imaging. Each method offers unique advantages:
IR, Raman, and NIR spectroscopy provide molecular vibrational infor-
mation that supports functional group identification, with IR and Raman
offering more distinct fingerprinting capabilities, while NIR excels in
rapid and non-destructive quantification (Niklas et al., 2021). In prac-
tical applications, Raman spectroscopy is more suitable for high-
moisture samples (such as fruits and vegetables) due to its insensi-
tivity to water. However, its key limitation is an extremely low scat-
tering cross section, making trace gas detection with low LOD
challenging. UV-Vis spectroscopy excels in analyzing conjugated com-
pounds and pigments, suitable for rapid screening; FTIR offers fast, non-

Table 3
Recent studies on food pathogens detection based on key VOCs components by Enose”.
Sample Pathogen Signature VOC compounds Pattern recognition =~ References
Brown rice grain Aspergillus sp. Octane, 2,2,4,6,6-pentamethylheptane, decane, dodecane, PCA, LDA, SVM (Jiarpinijnun
toluene, ethanol, 1-pentanol, 1-hexanol, 1-octen-3-ol, 2- et al., 2020)
heptanone and 2-pentylfuran
Grains Aspergillus 1-octanol and tetradecane PCA (Gu et al., 2019)
Apples Penicillium expansum Nitrogen oxides, Broad methane, Sulfur-containing organics, PCA, PCA-DA, (Guo et al., 2020)

Aromatics, organic sulfides

LDA, PLS-DA, KNN

Japonica rice (Oryza Fungal 1-octen-3-ol and 3-octanone PCA (Zhang, 2022)
sativa subspecies.
Japonica)
Apple Staphylococcus. Salmonella, Shigella Acetone, ethanol, methanol, acetaldehyde, ammonia and PCA, HCA (Ezhilan et al.,
propanol 2018)
Peaches Botrytis cinerea, Monilinia fructicolaand ~ Terpenes (e.g., p-myrcene and a-pinene) and aromatic PCA, PLSR (Liu et al., 2018)
Rhizopus stolonifer compounds
Peanut Aspergillus sp. (Aspergillus flavus, Amines, ammonia, alcohols and ketones PC- LDA, PLSR (Shen et al.,
Aspergillus parastiticus, and Aspergillus 2018)

ochraceus)

b PCA, principal component analysis; LDA, linear discriminant analysis; SVM, support vector machine; PCA-DA, principal component analysis followed by
discriminant analysis; HCA, hierarchical cluster analysis; PLS-DA, partial least squares discriminant analysis; KNN, K-nearest neighbor; PLSR, partial least squares

regression.
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destructive analysis with high sensitivity, selectivity, and resolution,
achieving detection limits as low as ppb levels. However, its high cost,
susceptibility to matrix interference, and bulky equipment restrict its use
in field applications (Zhou et al., 2022; Liu, Huo, et al., 2023; Epping &
Koch, 2023). PID supports real-time monitoring and offers a strong
balance between sensitivity and selectivity, especially effective for field
applications (Rezende et al., 2019). CRDS achieves ultra-sensitive gas-
phase measurements by extending optical path lengths; and hyper-
spectral imaging enables spatially resolved VOC detection in heteroge-
neous food matrices (Kwasny & Bombalska, 2023). Terahertz imaging,
though less mature, is gaining attention for its ability to penetrate
packaging materials and detect early spoilage signals at the molecular
level (Abina et al., 2023; Hindle et al., 2018).

Several hybrid sensing strategies have been developed by integrating
complementary mechanisms. A notable example is the Al-enhanced ion
mobility and mid-infrared spectroscopy (IMMS), which synergistically
combines multi-dimensional signal features to achieve high-accuracy
VOC identification (Zhu et al., 2023). Another emerging approach le-
verages guided-mode resonance (GMR) structures coupled with infrared
spectroscopy to improve detection sensitivity (Tantiwanichapan et al.,
2023). The GMR concept, applicable to both optical fiber and on-chip
platforms, offers enhanced light-matter interaction. For instance, a
graphene oxide-coated, nanopatterned fiber-tip GMR sensor has
demonstrated selective and sensitive detection of ethylene and meth-
anol, highlighting the potential of this integrated photonic design
(Tabassum et al., 2017). Recent studies on agriculture product patho-
gens detection based on key VOCs by spectroscopic approaches were
concluded in Table 4.

3.4. Other sensor arrays and nanotechnology-based approaches

Some other approaches rely on reactive interactions (chemical or
biological) to detect VOCs. Similar to the E-nose, the colorimetric sensor
is another main branch of olfactory visualization sensors. Colorimetric
sensor arrays are optical arrays based on chemical-response colorants
such as dyes and nano-porous pigments, depending on the color changes
produced by the reaction between color-sensitive materials and VOCs,
from where the odor information can be converted into digital images
thus qualitatively or quantitatively analyzing the target attributes
(Wang, Jiang, & Chen, 2021). The colorimetric sensor has been suc-
cessfully applied to many fields of food and agriculture for many years,
including food freshness, shelf-life monitoring, and quality analysis such
as tea quality analysis (Li, Dong, et al., 2023), and food varieties
distinction such as rice varieties discrimination (Arslan et al., 2022). The
colorimetric sensor has recently been used in wheat mildew monitoring
and has shown great potential as a noninvasive “odor visualization”
monitoring technique (Li, Wang, et al., 2023). Previous studies have

Table 4
Recent studies on food pathogens detection based on key VOCs components by
spectroscopic approaches®.

Sample Pathogen Approaches  Signature VOC References
compounds
Peanuts Aspergillus NIR - (Shen et al.,
Spp. 2018)
Crop - GMR Ethylene and (Tabassum
methanol et al., 2017)
Agriculture - FTIR Acetone, (Zhou et al.,
products ethanol, and 2022)
isoprene
Rice - LOPGP- - (Liu et al.,
FTIR 2023)
- - IMMS Isopropyl (Zhu et al.,
alcohol 2023)

¢ NIR, near Infrared; GMR, guided-mode resonance; FTIR, fourier transform
infrared spectroscopy; LOPGP-FTIR, long optical path gas phase fourier trans-
form infrared spectroscopy. IMMS, ion mobility and mid-infrared spectroscopy.
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shown that the colorimetric sensor can maintain its stability and sensi-
tivity at different ambient temperatures and humidity, which makes up
for the defects of MOS-type E-nose (Arslan et al., 2022). However,
different dyes often react to the interaction of the same VOCs in the
mixture, resulting in the deficiency of the existing colorimetric sensor in
quantifying VOCs (Duan et al., 2021). Many previous studies worked on
the detection and monitoring of mildew wheat by the colorimetric-based
sensor array (Lin et al., 2023; Wang, Mo, et al., 2021). Compared with
the traditional detection methods, the colorimetric sensor makes it
easier to achieve miniaturization and portability. At present, qualitative
portable arrays have been tried to be used in food packaging and
commercialized in the detection of food freshness. Guo, Guo, et al.
(2020) combined cross-reactive colorimetric barcode combinatorics and
deep convolutional neural networks to monitor meat freshness by the
colorimetric portable sensor array. The portable prediction platforms
can also be applied to detect metabolic VOCs of food spoilage. Drawing
on its data processing tools, it can help the development of grain and oil
mildew sensors.

The whole-cell biosensor based on synthetic biology is an emerging
food safety rapid on-site detection technology. Whole-cell biosensors use
live cells as sensing elements such as transcription factors and ribos-
witches and reporting components such as fluorescence and gases, etc.
(Chen, Chen, Su, Guo and Liu, 2023). The sensing and reporting ele-
ments are coupled by gene expression regulation and coupling to form a
simple gene circuit, converting information into a recognizable signal to
detect the target substance. Compared with other early detection tech-
niques, whole-cell biosensors exhibit strong anti-interference capability
due to the relative stability of the living cell environment. At the same
time, there is no need for complex sample pretreatment. The biosensor
mass production speed is fast with a low manufacturing cost and is
portable and user-friendly. These significant advantages give whole-cell
biosensors great application potential and market value in field-
operable real-time food early monitoring applications(Chalupowicz
et al., 2020). However, their sensitivity is generally moderate, typically
at the ppm level. Reports indicate that the lowest LOD for three
infection-derived VOC markers—nonanal, 3-methyl-1-butanol, and 1-
octen-3-ol—are 0.17 ppm, 2.03 ppm, and 2.09 ppm, respectively (Ma
et al., 2020). As an onsite monitoring tool, whole-cell biosensors rely on
biological activity and thus have relatively short shelf-life. Because of
the risk of cell inactivation, it mostly serves research purposes yet and
faces the problem of storage in practical applications in agriculture (Ma
et al., 2023). Thus, sustained efforts are still needed to improve the
capacity of whole-cell biosensors that are currently tested at the labo-
ratory level.

Other innovative sensors include chemi resistors based on the change
in electrical resistance, electrochemical sensors through electrochemical
reactions, piezoelectric sensors based on quartz crystal vibration,
conductometric sensors based on conducting polymers or nano-
materials, etc. (Ba Hashwan et al., 2023; Moon et al., 2022). They are
often more suited for portable, real-time, and field applications,
providing a versatile and cost-effective alternative for VOC detection.
Recent studies on food pathogens detection based on key VOCs by
relative interactions were concluded in Table 5.

To facilitate the selection of appropriate VOC detection techniques
for various postharvest and food safety applications, it is essential to
evaluate the strengths and limitations of each approach systematically.
While each method—ranging from spectrometry-based systems and E-
nose configurations to spectroscopic and emerging biosensor plat-
forms—offers unique advantages in terms of sensitivity, specificity, or
field deployability, they also come with trade-offs involving cost, scal-
ability, and environmental robustness. Therefore, a comprehensive
comparison of these methods with respect to critical performance in-
dicators, including sensitivity, specificity, cost, scalability, application
scope, and known limitations, is summarized in Table 6 to support
technology matching in practical agricultural contexts.
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Table 5
Recent studies on food pathogens detection based on other sensor arrays and nanotechnology-based approaches".
Sample Pathogen Sensor type Signature VOC compounds References
Wheat Aspergillus flavus Colorimetric 1-Octen-3-ol (Duan et al., 2021; Lin et al.,
sensor 2023; Wang et al., 2021)
Shelled peanuts and Aspergillus flavus strain Whole-cell 2-acetyltoluene, sulfurous acid, 2-ethylhexyl hexyl ester, ethyl (Ma et al., 2023)
maize kernels ACCC 32656 biosensor propionate, 1-methyl-1H-pyrrole, 3,5-heptadiyn-2-one, and hexanal
Citrus fruit Penicillium digitatum Whole-cell Limonene (Chalupowicz et al., 2020)
biosensor
Potato tubers Pectobacterium Whole-cell 1-octanol, phenylethyl alcohol, 2-ethyl hexanol, nonanal, and 1-octen-  (Veltman et al., 2022)
biosensor 3-ol.

4 MOF, metal-organic framework.

4. Practical applications: VOC-based detection of agricultural
product deterioration

4.1. Fruits and vegetables

Some studies have evaluated different novel VOC-based detection
technologies, which can be effectively applied in the early monitoring of
agricultural product deterioration. In studies on fruit and vegetable
freshness, Voss et al. (2019) presented a promising prototype of an E-
nose to perform the VOCs emitted in the peach growth cycle including
the post-harvest stage, demonstrating a high accuracy for the reduced
data set for 7 sensors. Zhang, Zhu, et al. (2022) conducted a correlation
analysis of quality changes and shelf-life of postharvest apples based on
E-nose and GC-MS, the prediction model offered an effective forecasting
of apple shelf life at different temperatures. [fmalinda (2022) showed
the potential application of e-nose to identify mechanically damaged
avocados. Similar applications have also shown great potential in fresh-
cut vegetables, such as characterization spoilage markers in broccoli
(Chen et al., 2019), green bell pepper (Chen et al., 2018), and iceberg
lettuce (loannidis et al., 2018). In addition to predicting freshness and
damage, VOC-based detection is also suitable for determining post-
harvest diseases. Haghbin et al. (2022) assessed an experimental elec-
tronic nose system and machine learning for early detection and moni-
toring of Botrytis cinerea in Hayward kiwifruit based on odor-extracted
information, demonstrating the effectiveness of the radial basis function
neural network trained with CFS-selected features in achieving highly
accurate classification. In previous research, E-nose has also been used
in the detection and discrimination of common fungal pathogens in
peaches (Liu et al., 2018), apples (Guo, Wang, et al., 2020), and
pomegranates (Nouri et al., 2020). Fruits and vegetables generally have
more prominent VOC markers, such as terpenes/terpenoids, ketones,
esters, and alcohol (Gu et al., 2022; Walters et al., 2020). These VOC
compounds are key contributors to fruits and vegetables’ fruity and
aromatic characteristics, while grains and legumes produce very few
esters naturally, with their VOC profiles dominated by aldehydes, al-
cohols, and other compounds.

4.2. Grains and legumes

Considering the quality of grains and legumes in the post-harvest
stage, sensors have been applied more to evaluate early mold contami-
nation and predict the disease. Jiarpinijnun et al. (2020) visualized
VOCs profiles of fungal infection during storage of Jasmine brown rice
by E-nose coupled with chemometrics. Lin et al. (2019)presented a novel
colorimetric sensor based on nanoscaled chemo dyes that can detect
inert VOCs during the mildewing process of stored wheat. The infection
of the wheat sample with F. graminearum also showed a specific rela-
tionship between the composition of fungal flora and other VOCs such as
5-pentyl-cyclohexa-1,3-diene, 3-hexanone, and 1,3-octadiene (Ji et al.,
2022). Li et al. (2021) have shown that potential biomarkers specific to
A. flavus contamination in maize kernels, and potential VOCs correlated
with the level of mycotoxin AFB;. Grains and legumes typically have
higher levels of aldehydes due to lipid oxidation, making aldehydes

strong markers of rancidity and spoilage in these foods, such as hexanal
in peanuts and maize (Ma et al., 2023). In addition, alcohol production is
a major feature in grain spoilage, while only minimal alcohol formation
during storage in legumes. Thus, alcohols are more likely to be found in
grains as signature markers. Much previous research reported different
colorimetric sensors to monitor key VOCs marker 1-octen-3-ol that is
emitted after mold infection in wheat (Duan et al., 2021; Lin et al., 2023;
Wang, Mo, et al., 2021).

5. 5. Challenges and limitations
5.1. Complexity and diversity of Volatilomics

The differences in the types and concentrations of VOCs can vary
widely based on factors like the source (e.g., sample variety), location (e.
g., storage conditions, environmental factors), treatment (e.g., process-
ing, handling, chemical treatments), microbial activity (e.g., bacteria
and fungi), and time (e.g., aging, ripeness, and maturity). VOCs profiles
vary among different types of agricultural products because of the
different plant’s metabolic processes, composition, and structural
characteristics. In recent studies, approximately 360 VOCs have been
identified for strawberry aromas, and 200 VOCs have been identified in
raspberries (Song et al., 2016). This complexity makes it difficult to
detect, identify, and quantify all relevant VOCs accurately, especially
when they are present at trace levels. Analyzing this variability is crucial
for quality control, food safety, and flavor and aroma assessments. It can
also help identify factors that affect the shelf life and overall quality of
these products.

5.2. Interference from external factors

The interference of external factors in detection technologies is a
critical challenge in terms of the variety of VOCs composition. The first
is the interference of external odors. Since detecting deterioration
through VOCs in agricultural products is an indirect method, it requires
sampling and analyzing the VOCs emitted by the sample. This process
can be easily influenced by other VOCs present in the environment. Such
as residues of pesticides and fertilizers, and interfering gas in the air may
be mixed with target VOCs, leading to misleading detection results. For
example, high temperatures may increase volatile release, changes in
humidity may affect the response of sensors, and atmosphere control
may influence plant metabolism and microorganism VOCs emissions
(Cellini et al., 2021). Especially in open agricultural settings, changes in
meteorological conditions can impact the diffusion and concentration of
volatile compounds in the storage. The composition of VOCs in agri-
cultural products is also highly influenced by environmental stresses,
which produce induced VOCs in response to various biotic and abiotic
stresses. As mentioned above, the stressors mainly include microor-
ganism infection, pest attacks, temperature and humidity variations,
and other environmental stressors (Tiwari et al., 2020). These may lead
to changes in the type and concentration of VOCs produced by agri-
cultural products, thus interfering with the detection results (Murali-
Baskaran et al., 2022).



Table 6
Comparison chart of main VOC detection techniques.
Technique Limits of detection Sensitivity Specificity / Cost Scalability / Limitations Applicability in agricultural References
(LOD)* Resolution Portability scenarios
Spectrometry-based GC-MS ppt-ppb level High High (m/z-based High Low (Normally lab- Bulky equipment, not Suitable for low concentrations  (Kataoka,et al.,
Approaches (depend on sample compound based, portable device suited for real-time or of metabolites or disease 2000; Baimatova &
preparation identification) exist) field use signaling molecules in most Gionfriddo, 2025)
techniques) agricultural products.
PTR-MS 0.1-0.5 ppb Very High Moderate High Moderate Limited mass resolution, Suitable for on-site and field (Mazzucotelli et al.,
(Commercialized expensive, matrix applications, such as post- 2022; Schuhfried
compact and semi- interference harvest storage air monitoring. et al.,, 2017).
portable devices.)
GC-IMS 0.1 ppb High Moderate High Low High cost, low portability ~ Suitable for rapid screening and  (Giménez-Campillo
early warning et al.,, 2025)
MIMS >1 ppb Moderate Moderate Moderate Moderate Membrane fouling, semi- Suitable for realtime (Ketola et al., 2002;
selective, requires monitoring of VOC in the (Richards et al.,
calibration ambient air 2018).
X-ray-based 1-100 ppm Low Low High Low High equipment costs, Suitable for nondestructive (Feng et al., 2021).
techniques complex instrumentation detection of food, such as
requirements, not spoilage markers and high-
suitable for trace concentration pesticide residue
concentrations
Electronic Nose (E- E-nose (MOS) >1 ppm Moderate Moderate Low High Cross-sensitivity to Sensitive to diverse agricultural ~ (Ali et al., 2023)
Nose) Technology to High humidity/temperature, VOCs and suitable for trend
drift over time analysis of high-level or
composite gases in greenhouse
and storage monitoring.
E-nose (SAW/ >1 ppm Moderate High Moderate High Requires controlled Comparable to MOS in
QCM) to High conditions, limited application range, but with
robustness outdoors diversified coatings for broader
VOC detection.
Spectroscopic-based IR/Raman/NIR ppm level Moderate Moderate to High ~ Moderate Moderate to High Expensive, sensitive to Suitable for high-moisture (Niklas et al., 2021;
Approaches Spectroscopy to High to High matrix interference samples (such as fruits and Zhou et al., 2022;
vegetables) Detecting trace Liu et al., 2023;
VOCs is difficult. Epping & Koch,
UV-Vis ppm level Moderate Moderate Moderate Moderate Limited to chromophoric Suitable for common VOCs 2023)
Spectroscopy compounds, low spatial rapid screening.
resolution
FTIR ppb level Moderate High High Moderate Expensive, sensitive to Infrared absorption is effective
to High matrix interference, limit for crop metabolite detection
application in the field but fails to detect homonuclear
gases like Nz, Oz, and Ha. Limit
field applicability.
Photoionization ppb level (0.6 ppm High Low to moderate Low High Cannot distinguish Suitable for detecting phenolic (Rezende et al.,
detection for toluene) individual VOC species or terpene VOCs. 2019)
without a pre-separation
step (e.g., with GC).
CRDS ppt level Very High High High Low Complex setup, expensive  Suitable for trace signal. (Kwasny &
optics, lab-restricted Bombalska, 2023).
Terahertz Imaging  >1 ppm Moderate Moderate High Low High cost, limited Suitable for agricultural (Abina et al., 2023;

availability, sensitive to
matrix interference,
immature technology

product quality inspection,
detecting volatile gases (such as
H-S, methanethiol, ethanol,
ammonia, etc.) in packaged
foods (e.g., salmon).

Hindle et al., 2018).

(continued on next page)
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Table 6 (continued)

References

Applicability in agricultural

scenarios

Limitations

Scalability /
Portability

Cost

Specificity /
Resolution

Sensitivity

Limits of detection

(LOD)*

Technique

., 2023)

(Zhu et al

Multi-mode joint detection is

Cost significantly higher
than traditional single

High Moderate
sensor

High

High

ppb level

Hybrid sensing

suitable for complex scenarios.

strategies (IMMS)

(Li et al., 2023; Liu
et al., 2023)

Detects spoilage markers in

Semi-quantitative, dye

High

OW

Colorimetric ppm level Moderate Moderate

Sensor

Other Sensor Arrays

agri-foods (e.g., wheat mildew),

or enables real-time VOC

cross-reactivity, limited

specificity

and

Nanotechnology-

monitoring in packaging for

freshness assessment.

Based Approaches

(Ma et al., 2020 ;
Veltman et al.,

2022)

Short shelf-life, cell Detect VOCs or pathogen

High (target- Low High

dependent)

Moderate

ppm level (nonanal,

Whole-cell
Biosensor

metabolites released during

infections to achieve non-
invasive early diagnosis

stability issues, lab-stage

maturity

3-methyl-1-butanol,

and 1-octen-3-ol was
0.17-, 2.03-, and

2.09-ppm)

The scope of LOD depends on the specific VOC and usage scenarios. The data in the table is a typical range. Please refer to the reference for details.

*
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5.3. Standardization and validation of detection methods

Standardization and validation are crucial for ensuring accuracy and
reproducibility in volatilomics. However, the lack of standardized pro-
tocols for VOC sample collection, processing, and analysis leads to
inconsistent results across studies, affecting reliability. Different
extraction methods, like GC-MS for specific components and the elec-
tronic nose for overall patterns, can produce varying VOC profiles. For
instance, none of the hundreds of identified VOCs in strawberries were
consistently reported across studies (Ulrich et al., 2018). To improve
consistency, combining multiple technologies and establishing standard
samples and procedures is recommended. Validation involves assessing
calibration, accuracy, precision, sensitivity, and stability to ensure
reliable results. Calibration curves and field tests help correct for in-
strument drift and environmental interference. In field conditions,
environmental factors like temperature, humidity, and airflow can affect
the instrument’s readings. Calibration in these conditions ensures that
measurements are accurate in the real world. The field test can help
researchers correct errors caused by instrument drift, external factor
interference, or sensitivity changes (Hong et al., 2023).

Overall, to address the challenge of accurate, reliable, and repro-
ducible VOC detection in field sampling, it is essential to regularly
calibrate instruments using reference standards and perform multiple
sampling trials to ensure reproducibility. Standardizing VOC extraction
and collection methods can minimize variability, while comparing re-
sults with laboratory standards helps verify accuracy. Sensitivity should
be assessed by testing detection limits and accounting for environmental
background noise. Controlling environmental factors, using field blanks,
and cross-validating with multiple detection technologies can further
enhance reliability. Monitoring and correcting instrument drift, per-
forming on-site field tests, and implementing standardized reporting
protocols are also critical to improving data consistency and compara-
bility across studies.

6. Integration into smart monitoring systems
6.1. Internet of things (IoT) applications in post-harvest monitoring

IoT technologies and intelligent sensing involve connecting devices
through networks to achieve interconnectivity and intelligent control
(Fig. S2). These devices are usually equipped with sensors, software, and
other technologies to collect and exchange data, thereby improving ef-
ficiency and accuracy by data aggregation, real-Time feedback, redun-
dancy identification, and remote updates (Lutz & Coradi, 2022). At
present, there have been a large number of applications of the IoT in
agriculture, such as in the aspect of smart farming, precision agriculture,
resource management, soil management, pest and disease monitoring,
etc. (Navarro et al., 2020). In addition to monitoring agriculture prod-
ucts in the field, they are becoming an indispensable practice of post-
harvest agricultural monitoring, such as environment management
that can remotely control the storage environments, disease prediction
that can early monitor pest or microorganism contamination. Sanjeevi
et al. (2020) introduced a post-harvest hierarchical model based on
ontology, facilitating the IoT-driven prevention of post-harvest losses
and the accurate differentiation of healthy sekai-ichi apples. Similarly, a
real-time [oT-based monitoring system continuously tracks temperature,
humidity, luminosity, and gas concentrations in cold storage, automat-
ically alerting personnel when conditions exceed safe thresholds(Afreen
& Bajwa, 2021). The IoT-based notification system can integrate cloud
data to enable unified management of farms and granaries with similar
storage environments within the same region. When IoT sensors detect
signs of spoilage in any granary, real-time data, such as temperature
fluctuations or volatile organic compound levels, are uploaded to the
cloud and used to alert other granaries with similar environmental
conditions. This allows for quicker responses and prevention of envi-
ronmental changes or anomalies, thereby enhancing overall
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management efficiency and ensuring food security.

Smart monitoring systems leverage agricultural data to build Al
models, with real-time data collection and automation key to advancing
the industry. These systems offer benefits in post-harvest agriculture,
such as disease detection and efficient data analysis. However, chal-
lenges such as external interference affecting data accuracy and
increased risks from technological complexity, privacy, and security
require robust intrusion detection systems and [oT-specific architectures
to effectively mitigate these security risks (Qaddos et al., 2024).

6.2. Artificial intelligence (AI) and machine learning for data analysis

Artificial intelligence, particularly machine learning, has become
indispensable in transforming raw sensor data into actionable insights
for post-harvest quality control. Al algorithms enable the system to
automatically learn from multidimensional environmental and volatile
compound data, allowing for classification, forecasting, and pattern
recognition without the need for manual rule-based programming (Lutz
& Coradi, 2022). Pre-processing techniques—such as baseline correc-
tion, normalization, and data compression—are typically employed to
reduce noise and standardize sensor responses, enhancing the reliability
of subsequent analysis (Andre et al., 2022).

Typically, VOC information is processed using two primary cate-
gories of algorithms: statistical models and intelligent model analysis
(Kim et al., 2022). Statistical methods, including principal component
analysis (PCA), linear discriminant analysis (LDA), and support vector
machines (SVM), are commonly applied for dimensionality reduction
and visualization of sensor response patterns. These methods are
computationally efficient, highly interpretable, and particularly effec-
tive for small datasets where linear relationships exist between features
and classes. They are commonly used for exploratory data analysis, vi-
sual separation of classes, and quality classification under well-
controlled experimental conditions. However, their capacity to model
nonlinear interactions is limited, and their performance may degrade in
the presence of noise or complex feature structures (Moshayedi et al.,
2023). In contrast, intelligent methods such as artificial neural networks
(ANN), multilayer perceptron (MLP), k-nearest neighbors (kNN), and
tree-based methods like decision tree (DT), random forest (RF) and
XGBoost offer powerful alternatives. These intelligent algorithms are
particularly advantageous when dealing with large-scale, high-dimen-
sional datasets or in dynamic sensing environments where adaptability
and high prediction accuracy are required (Kim et al., 2022; Wang et al.,
2022). Nevertheless, these algorithms are often criticized for their black-
box nature, their susceptibility to overfitting when training data is
limited (Chowdhury et al., 2022; Christmann et al., 2022). In real-time
applications, latency and computational overhead present further con-
straints, requiring lightweight or optimized architectures to support
responsive deployment in embedded systems (Li et al., 2023; Assim-
akopoulos et al., 2024). Advanced models designed to address chal-
lenges involve deep learning architectures such as convolutional neural
networks (CNNs) and long short-term memory (LSTM), explainable Al
(XAI), as well as evolutionary approaches like AdaBoost and genetic
algorithms, all of which offer enhanced capability in handling complex,
nonlinear, and high-dimensional odor datasets (Natarajan et al., 2024;
Wang & Liu, 2024).

Algorithm selection should be guided by data scale, task complexity,
interpretability, and available resources. Statistical models (e.g., PCA,
LDA, SVM) are suitable for small, interpretable tasks, while intelligent
models (e.g., RF, XGBoost, CNNs) perform better in high-dimensional,
real-time settings. Hybrid approaches combining both are increasingly
favored for balancing accuracy and transparency. For applications
demanding traceability, integrating XAl is recommended. Additionally,
auto-machine learning offers a promising solution to automate model
selection and optimization, lowering deployment barriers. In practice,
different machine learning models have proven particularly effective in
tasks such as Al-enhanced mid-infrared gas spectroscopy to track
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Isopropyl alcohol biomarker (Zhu et al., 2023), detecting fungal in-
fections like gray mold in stored kiwifruit (Haghbin et al., 2022), and
classifying produce based on ripeness or microbial spoilage VOCs (Ma
et al., 2023; Voss et al., 2019). Furthermore, feature extraction algo-
rithms can automatically identify the most relevant volatile signatures
from massive datasets, and multimodal fusion techniques integrate data
from multiple sensing platforms can improve predictive accuracy (Lee,
2023). Future research should emphasize interpretable, resource-
efficient Al architectures that can adapt to dynamic environmental
conditions while ensuring scalability, traceability, and robustness in
real-world deployments.

6.3. Real-time monitoring and intelligent decision support

Building on the synergy between IoT infrastructure and Al algo-
rithms, real-time monitoring systems are capable of dynamically eval-
uating the freshness and safety of stored agricultural products. These
systems utilize VOC fingerprint sensing and environmental data
streams—such as temperature, humidity, and gas composition—which
are uploaded to cloud servers and interpreted by trained Al models. The
resulting outputs inform intelligent alerts, actionable recommendations,
or automatic control responses aimed at preserving quality and reducing
spoilage losses (Qaddos et al., 2024). For example, the integration of Al
and IoT has enabled the development of systems that predict AFB;
contamination based on environmental trends (Moshayedi et al., 2023)
and others that classify grain quality or monitor oxidative stress re-
sponses in crops (Ebrahimi et al., 2014; Lew et al., 2020). The contin-
uous tracking of VOCs and instant feedback to users allows for a
proactive rather than reactive approach to post-harvest management.

As these smart systems evolve, they are expected to not only support
food supply chain resilience but also drive sustainability, cost-efficiency,
and eco-friendly through precise environmental control and waste
reduction. Future development will likely focus on adaptive Al models,
secure data architectures, and low-power edge computing to further
enhance responsiveness, scalability, and integration.

7. Development trends and future prospects
7.1. Current development trends of detection technologies

The current technological landscape of VOCs detection mainly in-
cludes a combination of conventional detection technologies with
miniaturization technology. Many sensor technologies have been
applied to VOCs detection in agricultural product deterioration, such as
electronic noses and gas sensors. There are also many notable recent
advancements based on VOCs detection such as IoT Integration, sensor
miniaturization, microfabrication and nanotechnology, self-powered
sensing systems, Al-enabled real-time monitoring, selective sensors,
microelectromechanical systems, printed and flexible electronics tech-
nologies, microfluidic systems, smartphone-based gas detection, and
wireless communication (Epping & Koch, 2023). Advances in these
systems continue to drive innovation in the field of VOCs detection,
thereby the device is becoming more compact, intelligent, and portable
while maintaining high analytical performance.

The main challenges of these advances lie in the manufacture of
appropriate electronic components (acquisition and transmission mod-
ules), signal processing, and software for data collection, such as all
major components of the GC system have been reduced. In these cases,
instrument sensitivity can be adjusted by modifying the input flow rate.
Conducting environmental air analysis or headspace sampling in odor-
less bags or gas canisters is the simplest option, minimizing the possi-
bility of obtaining artificial results. However, when these options are
impractical (e.g., when gas samples are too small or the content of target
compounds is trace), the use of VOCs adsorbent materials to concentrate
VOCs samples can be considered (Cellini et al., 2021). You et al. (2020)
reported a portable gas chromatograph featuring a carbon nanotube
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sponge preconcentrator, offering improved sensitivity and detection
limits for trace VOCs in air samples. Dey et al. (2020) introduced a NiO/
ZnO-based p-n junction single-diode device capable of selectively
sensing multiple VOCs simultaneously by adjusting the bias voltage.
Huang et al. (2021) developed a battery-powered portable E-nose sys-
tem using multiple metal oxide gas sensors and machine learning al-
gorithms to detect and classify VOCs in wine. While most current
commercial E-nose devices rely on MOS-type gas sensor arrays, ongoing
research is exploring alternative materials, such as two-dimensional
transition metal carbides/nitrides (MXenes), which are gaining atten-
tion for improving gas sensing sensitivity (Chen et al., 2020). The
development of VOCs collection and device miniaturization has greatly
advanced VOCs measurements, proving particularly useful for indoor
storage assessments and field studies.

7.2. Development of portable and on-site detection systems

Portable and on-site detection enables real-time analysis directly at
the point of storage or processing of agricultural products, eliminating
delays associated with transporting samples to centralized laboratories.
Recent advancements have demonstrated the potential for visualizing
VOC fingerprint differentials using portable platforms, such as two-
dimensional code-configured E-nose systems. For example, Conrado
et al. (2021) developed a simple, non-invasive, paper-based optoelec-
tronic nose arranged in a QR code format to assess olive oil aroma.
Similarly, Chang et al. (2018) introduced a photonic crystal-based
sensor fabricated via a “nanoscale easy tear (NET)” process, inspired
by the concept of tearable packaging. This compact, low-cost sensor
enables effective on-site monitoring through colorimetric responses.

Integration with smartphones further enhances the usability of these
systems by leveraging existing hardware for data visualization, user
interface, and wireless communication. Li et al. (2019) developed a
smartphone-based platform for plant disease diagnosis using a dispos-
able colorimetric sensor array capable of detecting leaf volatiles at ppm
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levels within one minute. Lew et al. (2020) presented a Raspberry Pi
system with a charge-coupled device camera that replicates smartphone
imaging functionality for real-time and low-cost VOC monitoring.

7.3. Development of multi-parameter monitoring

Spoilage is a complex process influenced by various factors, and a
comprehensive assessment requires consideration of multiple parame-
ters simultaneously (Snyder et al., 2024). In addition to VOCs analysis,
assessing different odor characteristics, monitoring the pH and acidity of
agricultural products, conducting microbiological and texture analyses,
temperature and humidity monitoring, conductivity measurement,
water activity determination, etc., are also crucial for understanding
chemical changes and the growth of spoilage microorganisms in agri-
cultural products (Fan et al., 2023). A comprehensive assessment en-
ables a more nuanced understanding of the factors influencing product
quality and facilitates timely interventions to mitigate spoilage risks
(Fig. 2).

8. Conclusion

VOCs represent sensitive and dynamic chemical markers for the early
detection of spoilage and quality degradation in post-harvest agricul-
tural products. This review summarizes key VOC signatures associated
with deterioration and evaluates recent advances in detection technol-
ogies, including spectrometry, spectroscopic methods, electronic noses,
and sensor arrays. We present a comparative evaluation of their per-
formance, LOD, applicability, and constraints in agricultural scenarios,
as well as emerging trends, highlighting their potential to enhance real-
time decision-making in storage, transportation, and shelf-life manage-
ment. While early VOC detection holds clear promise for reducing food
loss and safeguarding consumer health, several challenges remain.
These include the diverse and variable metabolic profiles of VOCs,
susceptibility to environmental interference, and the lack of

Smart Integration of
monitoring VOCs detection
system with other
sensing technologies
Portable g L Al
and field-deployable TP =p prediction
device \¢ /‘ L E- VRN
i J @t
T 1
Enhanced \ Sustainability
sensor sensitivity o ® * e, ® cost-efficiency
and selectivity © @ eco-friendly
Wille S
*e *
2 CD < eo o M — o
7 Future prospects e
Advance technique On-site system Muti-parameter
VOCs Device Visual or voice Smart phone Cloud VOCs +
collection miniaturization singnal APP data pH,
— A @&® r Q Temperature,
zj oy 0 ] m Aw, etc.
L) "
W5 NS ) ks =]

Fig. 2. Future prospects and research directions of post-harvest agricultural product deterioration detection based on VOCs.



L. Sun et al.

standardized protocols for method validation. Furthermore, high
instrumentation costs continue to hinder large-scale deployment, high-
lighting the need for scalable, cost-effective solutions to facilitate
broader adoption in the field.
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