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Abstract 

Pesticide residues in fruits, vegetables, cereals, tea, edible oils and other agricultural commodities remain a major food-

safety and environmental concern. Conventional chromatographic methods provide high selectivity and quantitative 

reliability, but their dependence on laboratory infrastructure, sample preparation, skilled personnel and relatively long 

analytical workflows limits their use for high-throughput, on-site screening. Recent advances in electronic noses, 

electrochemical biosensors, optical and spectroscopic sensors, hyperspectral imaging, portable instrumentation and 

machine learning have created a complementary pathway for rapid, non-destructive or minimally destructive screening. 

This review synthesizes the technological landscape from 123 references, emphasizing the link between pesticide 

application, residue-related chemical signatures, sensor transduction, signal processing and data-driven decision 

making. Particular attention is given to electronic-nose approaches that detect volatile or semi-volatile signatures 

associated with pesticide contamination, as well as electrochemical and optical systems that provide more chemically 

specific responses. The review compares sensor modalities, recognition algorithms, reference analytical methods, 

matrix effects, calibration requirements and deployment barriers. The literature indicates that machine learning can 

improve discrimination of complex sensor patterns, but generalization remains constrained by sensor drift, humidity 

and temperature, cultivar and commodity differences, pesticide formulation effects, and limited external validation. A 

practical deployment framework is proposed in which electronic sensing is positioned primarily as a rapid screening 

and triage layer, while chromatographic methods remain important for confirmatory quantification and regulatory 

decisions. Future systems should integrate multimodal sensing, edge AI, standardized datasets, uncertainty estimation, 

traceability and field calibration to achieve reliable Agriculture 5.0 food-safety monitoring. 

Keywords: Pesticide residues, electronic nose, gas sensors, electrochemical biosensors, hyperspectral imaging, 

machine learning, rapid screening, food safety, Agriculture 4.0, Agriculture 5.0 

 

1. Introduction 
Pesticides are an important component of modern crop production because they reduce losses caused by insects, 

pathogens and weeds. However, pesticide application can introduce residues into food commodities and can also 

influence soil, water, non-target organisms and environmental quality [7], [9], [22], [23], [25]–[29]. The food-safety 

problem is therefore not limited to the presence of a single compound: real samples may contain multiple residues, 

transformation products and matrix components. Recent reviews emphasize the need for rapid, reliable and field-

compatible approaches that can complement laboratory-based analytical chemistry [16]–[18], [36], [77]. 

Liquid chromatography–tandem mass spectrometry (LC–MS/MS) and gas chromatography–mass spectrometry (GC–

MS/MS) remain among the most powerful confirmatory approaches because they can provide high sensitivity, 

selectivity and multi-residue capability [11]–[13], [52]–[59]. Nevertheless, these methods normally require extraction, 

clean-up, calibrated instrumentation and trained operators. Such requirements are difficult to reproduce at farms, 

collection centers, wholesale markets and other points where rapid decisions are needed. Consequently, electronic 

sensing technologies have emerged as a complementary layer for screening, classification and triage. 

Electronic noses (e-noses) are particularly attractive because they convert patterns of gas-sensitive responses into 

information about a sample rather than relying on one highly selective receptor. Recent e-nose reviews describe sensor 

arrays, signal conditioning, feature extraction and pattern-recognition algorithms as the core components of the system 

[67], [69], [84]–[91]. Studies specifically addressing pesticide residues have demonstrated the feasibility of detecting 

or classifying contaminated agricultural products using e-noses, including apples, tea, edible mint and Allium 

tuberosum [68], [118], [120], [123]. At the same time, electrochemical biosensors, optical spectroscopy, Raman 

methods, infrared sensing and hyperspectral imaging provide alternative or complementary information channels [47], 

[60], [66], [73], [78]–[82], [93], [103]–[116]. 

This review develops an integrated view of these technologies. Rather than treating each sensor family independently, 

it considers the complete analytical chain: sample and headspace generation, transduction, signal conditioning, 

machine-learning analysis, validation against reference methods and eventual field deployment. The objective is to 

identify what electronic sensing can realistically deliver today, what limitations still prevent regulatory-grade 

substitution of laboratory analysis, and which research directions are most likely to produce robust Agriculture 5.0 

food-safety systems. 
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2. Pesticide Residues And The Need For Rapid Screening 

Pesticide residues are affected by application rate, formulation, crop type, environmental conditions, surface 

characteristics, degradation kinetics and pre-harvest interval. Residue dynamics are consequently heterogeneous across 

commodities and production systems [23], [38]. Environmental and health impacts have been reviewed extensively, 

including effects on soil organisms, nutrient cycling, aquatic systems and human exposure [9], [22], [25]–[29]. 

Biopesticides and other alternatives may reduce dependence on synthetic compounds, but their increasing use does not 

eliminate the need for residue monitoring [33], [34]. 

From a food-control perspective, the challenge is multidimensional. A screening method should ideally be fast, 

inexpensive, portable, sufficiently sensitive around relevant limits, tolerant of commodity variability and able to flag 

samples requiring confirmatory analysis. Recent analytical developments show the continuing expansion of multi-

residue LC–MS/MS and GC–MS/MS methods, including methods targeting hundreds of compounds [53]–[58]. These 

methods define the reference standard against which emerging electronic systems should be evaluated. 

An important distinction is therefore needed between screening and confirmation. A sensor system may successfully 

distinguish contaminated from uncontaminated samples without identifying or quantifying every chemical species with 

the selectivity of chromatography. For practical deployment, the electronic device can act as a front-end triage tool: 

samples classified as suspicious are transferred to an accredited laboratory for confirmatory analysis. This model can 

increase throughput while reducing unnecessary laboratory workload. 

 

3. Technological Landscape Of Rapid Electronic Sensing 

Rapid pesticide-residue sensing can be organized into four broad groups: gas/VOC sensing, electrochemical 

biosensing, optical/spectroscopic sensing and imaging-based sensing. These modalities differ in the chemical 

information they capture, sample preparation requirements, portability and susceptibility to matrix effects. 

A. Electronic-Nose and VOC Sensing 

An e-nose generally combines an array of partially selective gas sensors with pattern-recognition software. Metal-oxide 

semiconductor sensors are attractive for low-cost systems because their resistance changes in response to interacting 

gases. The resulting response vector can encode a complex sample signature. However, the same broad sensitivity that 

makes sensor arrays useful can also create cross-sensitivity to humidity, temperature, background volatiles and 

packaging materials [67], [86], [90]. 

Evidence for pesticide applications is increasingly available. Tang et al. reported an e-nose approach for detecting and 

classifying pesticide residue on apples [118], while Tang et al. developed an electronic-nose method for quantifying 

pyrethroid contamination in tea [120]. Meng et al. demonstrated qualitative and quantitative residue analysis in Allium 

tuberosum using an e-nose with multivariate analysis [68]. Other studies have explored low-cost e-nose architectures 

for food assessment and pesticide detection [91], [119], [121]–[123]. These studies support the concept that residue-

related headspace patterns can be measurable even when the target analyte itself is not highly volatile. 
B. Electrochemical Biosensors 

Electrochemical systems directly measure current, potential, impedance or related electrical responses. Enzyme 

inhibition, aptamer recognition, antibody-based recognition and nanomaterial-enhanced interfaces can improve 

selectivity [66], [78]–[82], [98]–[102], [117]. Screen-printed electrodes are especially promising for portable devices 

because they support compact electronics and low sample volumes [100]. Electrochemical sensors can be more 

chemically targeted than broadly responsive e-nose arrays, but they may require sample extraction, electrode 

regeneration or biochemical stabilization. 

C. Optical, Spectroscopic and Imaging Approaches 

Infrared, Raman, fluorescence, near-infrared and hyperspectral methods provide rich spectral information and can 

support non-destructive analysis [46], [47], [60], [73], [74], [93]–[95], [103]–[116]. Machine learning is increasingly 

used to extract subtle residue-related patterns from spectra and images. Hyperspectral imaging is particularly attractive 

for spatial mapping because it combines spectral and positional information, although instrument cost, calibration and 

environmental illumination can limit field deployment [70], [73], [75], [93], [94]. 

D. Multimodal and Integrated Systems 

The emerging direction is sensor fusion: combining VOC, electrochemical, optical, image and environmental 

measurements. Multimodal fusion can reduce dependence on a single weak signal and may improve robustness across 

matrices [30]. An integrated system can therefore use an e-nose as a rapid broad-spectrum screen and an 

electrochemical or optical channel for additional specificity. This architecture is consistent with the broader Agriculture 
4.0 and Agriculture 5.0 trend toward connected, data-driven sensing and decision systems [1]–[6]. 

 

4. Electronic-Nose System Architecture 

Figure 2 summarizes a generic electronic sensing architecture. Sampling is the first critical stage. For e-nose 

applications, the headspace must be generated reproducibly because temperature, equilibration time, sample mass, 

container geometry and humidity affect VOC concentration. A sensor array then converts chemical interactions into 

electrical signals. Signal conditioning, baseline correction and normalization are required before machine learning. 

Typical features include steady-state resistance, maximum response, response/recovery slopes, area under the response 

curve and dynamic descriptors. Principal component analysis (PCA), linear discriminant analysis (LDA), support 

vector machines (SVM), random forests (RF), gradient-boosting methods and artificial neural networks can then be 

used for classification or regression [67], [85], [90], [97]. Recent reviews emphasize that recognition algorithms are as 

important as sensor hardware because the information in an e-nose is distributed across the sensor array rather than 
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concentrated in one channel [86], [90]. 

Sensor drift is a major engineering challenge. Aging, poisoning, humidity changes and baseline shifts can alter response 

distributions. A model trained under laboratory conditions may therefore fail when transferred to a different season, 

farm, commodity or device. Drift correction, periodic calibration, domain adaptation and robust feature representations 

should be considered part of the sensor design rather than afterthoughts. 

Another important issue is interpretability. A classifier that reports 98% accuracy on a randomly split laboratory dataset 

may not provide equivalent performance on unseen farms. Evaluation should include independent batches, different 

cultivars, different pesticide formulations, multiple concentrations and realistic environmental variation. Where 

possible, performance should be reported using sensitivity, specificity, precision, F1 score, calibration error and 

regression metrics rather than accuracy alone. 

 
5. Machine Learning And Data Analytics 

Machine learning converts multivariate sensor responses into decisions. The basic pipeline is: raw signal acquisition 

→ preprocessing → feature extraction → dimensionality reduction or feature selection → model training → validation 

→ prediction. Figure 4 illustrates this workflow. 

PCA is useful for visualization and exploratory analysis, but it should not be interpreted as a complete classifier. LDA 

can provide strong class separation when distributional assumptions are reasonably satisfied. SVM is often effective 

for small-to-medium datasets with nonlinear boundaries, whereas random forests and gradient boosting can model 

nonlinear interactions while providing feature-importance measures. Neural networks and one-dimensional 

convolutional networks can learn representations directly from response curves or spectra when sufficiently large 

datasets are available [90], [97], [108], [111]. 

Quantitative prediction is more demanding than qualitative classification. A model that distinguishes treated from 

untreated samples may still fail to estimate concentration accurately because the signal is influenced by commodity 

matrix, moisture, temperature and co-occurring chemicals. Therefore, regression models should be trained using 

concentration ranges relevant to regulatory decisions and evaluated against independent reference measurements. 

Data leakage is another risk. Repeated measurements from the same fruit, batch or sampling session should not be 

randomly distributed between training and test sets. Instead, validation should be grouped by batch, date, farm or 

production lot. External validation is particularly important for demonstrating generalization. This requirement is 

consistent with the broader development of machine learning in agriculture, where environmental and operational 

variability is substantial [1], [5], [6], [97]. 

6. Comparison With Conventional Analytical Methods 

Chromatographic methods provide the benchmark for confirmatory pesticide analysis. Recent LC–MS/MS and GC–

MS/MS studies demonstrate the ability to detect dozens to hundreds of residues in complex food matrices [52]–[59], 

[95]. Their principal advantages are chemical specificity, sensitivity and established quantitative workflows. Their 

disadvantages include instrumentation cost, laboratory dependence, extraction requirements and lower suitability for 

immediate field screening. 

Electronic sensing occupies a different point in the analytical design space. Its principal value is speed and portability 

rather than universal chemical identification. E-nose systems can be low-cost and rapid but are affected by cross-

sensitivity. Electrochemical biosensors can provide higher selectivity but may require recognition elements and careful 

surface preparation. Spectroscopic systems are non-destructive and information-rich but can be expensive and sensitive 

to calibration and matrix effects. Hyperspectral imaging adds spatial information but produces large datasets and 

requires substantial computation [70], [93], [111], [112]. 

Accordingly, the most realistic near-term model is hierarchical analysis: rapid electronic screening at the point of 

production or sale, followed by targeted laboratory confirmation for flagged samples. Such a model also supports 

traceability and supply-chain monitoring, consistent with Traceability 4.0 concepts [83]. 

7. Key Challenges For Field Deployment 

Despite promising laboratory results, several barriers must be addressed before widespread deployment. 

1) Matrix effects: Fruit, vegetables, grains, tea and edible oils have different background chemical profiles. The same 

sensor response may therefore have different meanings across commodities. 

2) Environmental variation: Temperature and relative humidity strongly affect gas-sensor response and headspace 

chemistry. Field devices need environmental sensing and compensation. 

3) Sensor drift and reproducibility: Low-cost arrays can show device-to-device variation. Reference channels, periodic 

recalibration and drift-aware algorithms are required. 

4) Pesticide formulation and degradation: Commercial products contain solvents, surfactants and additives that may 

contribute to VOC patterns. Residues also degrade and transform after application [19], [38]. 

5) Detection limits and regulatory relevance: Demonstrating classification is insufficient if the system cannot reliably 

discriminate samples near maximum residue limits or other decision thresholds. 

6) Dataset quality: Many published studies use relatively small laboratory datasets. Larger multi-season, multi-location 

and multi-variety datasets are required for generalizable AI. 

7) Standardization: Sampling protocols, sensor conditioning, calibration, reporting metrics and reference methods 

should be standardized so that performance can be compared across studies [17], [67], [85]. 
8) Regulatory positioning: A screening device should clearly state whether its output is a preliminary flag or a legally 
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defensible quantitative result. For most emerging e-nose systems, the former is the more defensible position. 

 

8. Proposed Deployment Framework For Agriculture 5.0 

Figure 5 proposes a translation pathway from laboratory validation to field use. The first stage is controlled calibration 

against GC–MS/MS or LC–MS/MS. The second stage is prototype development with integrated temperature and 

humidity sensors, stable sampling chambers and standardized electronics. The third stage is field validation across 

locations, cultivars, seasons and pesticide formulations. Only after external validation should routine screening be 

considered. 

An Agriculture 5.0 system can connect the sensor to an edge-AI processor, smartphone or gateway. The device can 

record sample identity, time, location at an appropriate privacy-preserving granularity, environmental conditions, 

model version and screening result. This creates an auditable data trail while reducing dependence on continuous cloud 

connectivity. Agriculture 5.0 literature emphasizes human-centered, connected and intelligent technologies, making 

such architectures technically consistent with the wider digital transformation of agriculture [1]–[6]. 

The system should also provide uncertainty or confidence information. Instead of returning only 'safe' or 'unsafe', a 

practical interface could report 'low-risk / model confidence high', 'screening flag / confirmatory analysis 

recommended', or 'out-of-distribution / repeat measurement required'. Such outputs are safer than forcing a binary 

decision when the sample differs from the training domain. 

Multimodal sensing is a promising next step. A VOC array can provide rapid broad chemical fingerprints, while 

electrochemical or optical channels can supply additional specificity. Fusion can occur at the feature level or decision 

level. Edge AI can reduce latency and protect data, while cloud infrastructure can support model updating and fleet-

level drift monitoring. 

9. Research Gaps And Future Directions 

Future research should move from proof-of-concept classification toward standardized, externally validated screening 

platforms. First, researchers should publish raw or sufficiently detailed sensor-response datasets, metadata and 

validation protocols. Second, studies should explicitly evaluate environmental robustness and sensor drift. Third, 

models should be tested on genuinely independent production lots. 

Explainable AI is also important. Feature attribution can help determine whether a model is learning chemically 

meaningful patterns or confounding variables such as container type or temperature. Transfer learning and domain 

adaptation may reduce the amount of data needed when moving between commodities or sensor units. Federated 

learning could support collaborative model improvement without centralizing all raw farm data. 

Miniaturization is likely to continue through MEMS gas sensors, printed electrodes, smartphone-assisted optical 

systems and low-power edge processors. The combination of low-cost hardware and modern ML creates a pathway 

toward distributed screening networks. However, miniaturization should not be pursued at the expense of calibration 

stability. A slightly larger device with controlled sampling may provide more reliable results than an ultra-small sensor 

exposed directly to uncontrolled ambient air. 

Finally, electronic sensing should be integrated with conventional analytical laboratories rather than viewed as a 

replacement. The highest-value workflow is likely to be a connected screening-confirmation system in which electronic 

devices reduce the number of samples requiring expensive analysis while laboratories provide traceable confirmation 

for regulatory or high-risk cases. 

10. Conclusion 
Rapid electronic sensing is becoming an important complementary technology for pesticide-residue monitoring. The 

reviewed literature shows progress across e-noses, electrochemical biosensors, optical and spectroscopic systems, 

hyperspectral imaging and machine-learning analytics. E-noses are especially attractive for rapid screening because 

sensor arrays can capture complex VOC-related signatures using compact hardware, while electrochemical and optical 

approaches can add chemical specificity. Machine learning further enables nonlinear pattern recognition and 

quantitative prediction. 

Nevertheless, laboratory accuracy should not be equated with field readiness. Matrix effects, environmental variability, 

sensor drift, pesticide formulation, limited datasets and insufficient external validation remain major barriers. The most 

credible deployment strategy is therefore a hierarchical workflow in which electronic sensing provides rapid screening 

and triage and LC–MS/MS or GC–MS/MS provides confirmatory analysis. Multimodal sensing, edge AI, standardized 

datasets, uncertainty estimation and traceability are likely to be central to the next generation of Agriculture 5.0 food-

safety systems. 

Overall, the field is moving from isolated sensor demonstrations toward integrated cyber-physical analytical platforms. 

With rigorous validation and appropriate regulatory positioning, electronic sensing can reduce screening time and cost, 

expand monitoring coverage and strengthen food-safety surveillance across modern agricultural supply chains. 
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Fig. 1. Conceptual pathway from pesticide application to rapid electronic screening. 

 

Fig. 2. Generic architecture of an electronic pesticide-residue screening system. 
 

Fig. 3. Sensor modalities and principal information channels. 
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Fig. 4. Typical data-processing and machine-learning workflow. 

 

Fig. 5. Translation pathway from laboratory proof-of-concept to field deployment. 

Table i: Comparative Characteristics Of Rapid Pesticide-Residue Sensing Modalities 

Modality Main signal Strengths Key limitations Typical role 

E-nose / VOC Gas-sensor 

response pattern 

Fast, compact, low- 
cost, minimal 

preparation 

Cross-sensitivity, 
drift, humidity 

effects 

Screening / 

classification 

Electrochemical 

biosensor 

Current, potential, 

impedance 

High sensitivity; 

selective 

recognition possible 

Electrode fouling, 

bioreceptor stability, 

matrix effects 

Targeted screening / 

quantification 

NIR / IR / Raman Spectral response Non-destructive, 

information-rich 

Calibration and 

matrix dependence 

Screening / 

quantitative 

modeling 

Hyperspectral 

imaging 

Spatial-spectral 

cube 

Maps spatial 
variation; non-

contact 

Cost, data volume, 
illumination 

sensitivity 

Surface screening / 

mapping 

Chromatography-MS Separated mass 

spectra 

High specificity; 

multi-residue 

Laboratory 

infrastructure, 

Confirmatory 

analysis 
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  confirmation sample preparation  

Table Ii: Representative Electronic-Sensing Studies For Pesticide Applications 

Reference Commodity / target Technology Analytical purpose Key contribution 

[68] Allium tuberosum E-nose + multivariate 

analysis 

Qualitative / 

quantitative 

Demonstrated 

residue analysis from 

sensor patterns 

[118] Apple Electronic nose Detection / 

classification 

Showed feasibility of 

pesticide-residue 

discrimination 

[120] Tea / pyrethroids Electronic nose Quantification Applied e-nose 

response to 

pyrethroid 
contamination 

[121] Apple Low-cost GP-

optimized e-nose 

Detection Explored low-cost 

optimized 

recognition 

[123] Edible mint Gas-sensor prototype Detection Demonstrated 

portable gas-sensing 

concept 

[98] Vegetable oils AChE 

electrochemical 

biosensor 

Detection Examined matrix 

effects and enzyme 

inhibition 

 

Table Iii: Reference Methods And Their Complementary Role 

Method Typical advantage Limitation for field use Recommended 

relationship to electronic 

sensing 

LC-MS/MS High selectivity; multi-

residue capability 

Cost and laboratory 

workflow 

Primary confirmatory 

reference 

GC-MS/MS Strong capability for 

suitable volatile/semi-

volatile compounds 

Extraction and laboratory 

requirements 

Confirmatory reference 

SERS High molecular sensitivity Substrate reproducibility 

and matrix effects 

Targeted rapid 

confirmation / screening 

FTIR / NIR Rapid, non-destructive Spectral overlap; 

calibration dependence 

Complementary screening 

Hyperspectral 

imaging 

Spatial + spectral 

information 

Large datasets; instrument 

cost 

Non-destructive surface 

screening 
E-nose Rapid fingerprinting Low chemical specificity Front-end triage 

 

Table Iv: Machine-Learning Methods For Electronic Sensing 

Algorithm Typical use Advantages Main caution 

PCA Exploration / 

visualization 

Compact representation; 

visualization 

Not a standalone classifier 

LDA Classification Simple and interpretable Assumption-sensitive 

SVM Classification / regression Good for small nonlinear 

datasets 

Kernel and parameter 

tuning 

Random forest Classification / regression Robust nonlinear modeling; 

feature importance 

Can overfit small 

correlated datasets 

XGBoost / boosting Classification / regression Strong tabular performance Requires careful tuning 

and validation 

ANN / CNN Classification / regression Learns complex nonlinear 

representations 

Needs larger datasets; risk 

of overfitting 

 

Table v: Critical Validation Requirements For Field Deployment 

Validation factor Minimum recommended practice 

Commodity diversity Multiple cultivars / varieties and representative matrices 

Pesticide diversity Multiple active ingredients and realistic formulations 

Concentration range Include concentrations around decision thresholds and 

below/above them 
Environmental robustness Test across temperature and relative-humidity ranges 

Batch independence Separate train/test by production batch, date or farm 



1471 Santosh K. Khule et al. 
 

 

 

Reference analysis Compare with validated LC-MS/MS or GC-MS/MS 

measurements 

Model reporting Sensitivity, specificity, F1, RMSE/MAE, calibration and 

uncertainty 
Drift testing Repeated measurements over time and across sensor units 

 

Table Vi: Research Priorities Toward Agriculture 5.0 Deployment 

Priority Research direction Expected impact 

1 Standardized multi-season datasets Improved generalization 

2 Multimodal sensor fusion Higher robustness and specificity 

3 Edge AI + uncertainty estimation Fast, interpretable field decisions 

4 Drift compensation / transfer learning Longer sensor lifetime 

5 Reference-linked calibration Regulatory credibility 

6 Traceability and interoperable data Supply-chain integration 
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