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ABSTRACT
The presence of pesticide residues in food crops poses serious health concerns, necessitating precise, rapid and accessible
detection techniques. This study investigates the use of Raman spectroscopy combined with advanced data analysis techniques to
detect and quantify Mancozeb residues in collard greens. The primary objective was to evaluate the viability of this approach
for accurate pesticide residue monitoring in leafy vegetables. Raman spectral data were collected and preprocessed using a
standard normalization technique to reduce spectral noise and enhance signal quality. Dimensionality reduction was achieved
through a statistical method that extracted key spectral features and successfully differentiated control from treated samples,
explaining a combined variance of 86% across the first two principal components. Graphical score plots revealed clear clustering
patterns across various residue concentrations, ranging from 0.01 to 0.5 parts per million, with samples categorized according to
regulatory residue limits. To further assess predictive capability, several machine learningmodels were developed for classification
and quantification, including deep learning–based and ensemble-based approaches. Among these, the support vector model
achieved the highest classification precision of 95% and demonstrated strong calibration and prediction accuracy. A convolutional
neural network achieved 99% training accuracy and 98% testing accuracy, effectively recognizing complex spectral patterns.
Statistical validation using analysis of variance confirmed that the observed model differences were significant, supporting the
robustness of the selected algorithms. The proposed method accurately quantified Mancozeb residues within the tested range
and demonstrated high sensitivity even at low concentration levels. This study highlights the potential of Raman spectroscopy,
integrated with computational modelling, as a non-destructive, fast and cost-effective tool for pesticide residue detection in food
safety applications.

1 Introduction

Pesticides are essential inmodern agriculture, as theyhelp control
pests, weeds and diseases, which improves crop production and

contributes to food security [1]. Among the pesticide classes,
Mancozeb, a popular dithiocarbamate fungicide, is commonly
used due to its broad antifungal properties and affordability [2].
Nevertheless, rising concerns about the excessive or improper
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use of pesticides have highlighted their potential harm to both
human health and the environment [2]. Mancozeb, in particular,
can degrade into ethylene thiourea (ETU), a compound known
to exhibit carcinogenic, teratogenic and endocrine-disrupting
properties [3]. Mancozeb residues left on harvested crops may
contaminate the food chain or surrounding environments,
prompting significant environmental and health worries [4].
Although regulatory bodies have establishedmaximumallowable
residue levels in food to maintain safety standards, routine
monitoring, especially in developing countries, has often been
constrained by a lack of accessible and efficient analytical
methods [5]. This created a critical need for rapid, accurate and
field-deployable detection methods capable of screening fresh
produce for pesticide contamination [6]. Collard greens (Brassica
oleracea var. acephala), a staple leafy vegetable consumed widely
in many regions, have been particularly susceptible to fungal
infections and therefore are commonly treated with fungicides
like Mancozeb [7]. GC–MS and HPLC, commonly used for pes-
ticide residue detection, are known for their excellent sensitivity
and precision [8, 9]. However, they were also time-consuming,
labour-intensive and reliant on expensive instruments and skilled
personnel [10]. These challenges reduce their feasibility for
routine use, particularly in field or local market settings. One
such alternative has beenRaman spectroscopy, a vibrational spec-
troscopic technique that offers numerous advantages, including
non-destructive testing, minimal sample preparation and the
potential for rapid, in-field analysis [11, 12]. Raman spectroscopy
detects specific molecular vibrations that act like spectral finger-
prints, allowing for compound identification and measurement
[13]. Nonetheless, the interpretation of raw Raman spectra has
remained challenging due to background fluorescence, spectral
overlap and matrix interference, particularly in complex biolog-
ical samples like vegetables [14]. To overcome these limitations,
Raman spectroscopy is increasingly being integratedwith chemo-
metric techniques to improve data interpretation and analytical
accuracy [15]. Machine learning techniques, particularly those
combining statistical and computational modelling, have shown
potential to extract meaningful features from noisy spectral data.
Principal component analysis (PCA), for example, is commonly
used to reduce the dimension of the data and extract significant
spectral characteristics [16–18]. Although Raman spectroscopy
combined with machine learning has shown promising results
for pesticide detection, many existing studies have primarily
relied on surface-enhanced Raman spectroscopy (SERS) due to
its superior sensitivity [19–21]. However, SERS-based techniques
often involve costly nanoparticle synthesis, labour-intensive
preparation and poor reproducibility, factors that have limited
their scalability in practical, real-world monitoring [22].

Recent studies on pesticide residue detection using Raman spec-
troscopy and machine learning have demonstrated promising
results, but many are limited by the sample matrices they inves-
tigated. For instance, Ma et al. focused on fruits with relatively
smooth and uniform surfaces, which present fewer challenges
in Raman signal acquisition [23]. However, leafy vegetables such
as collard greens have more irregular surface structures and
complex cellular anatomy, leading to increased light scatter-
ing, baseline variability and matrix-specific interference. These
characteristics make it more difficult to extract consistent and
reliable spectral information. The absence of validation on such
complex matrices raises concerns about the direct transferabil-

ity of models trained on simpler substrates. Wang et al. [24]
explored deep learning techniques for pesticide quantification
using spectral data, but their work was confined to a limited
residue concentration range. Such a narrow scope restricts the
model’s applicability under real-world agricultural conditions,
where residue levels may vary across and beyond regulatory
thresholds. Moreover, their study did not benchmark the perfor-
mance of deep learning algorithms against classical chemometric
methods such as partial least squares regression or support vector
machines (SVMs). Without comparative evaluation, it remains
unclear whether the observed performance improvements were
due to the choice of model architecture or the inherent structure
of the dataset [24]. Similarly, although Albuquerque and Poppi
[25] demonstrated the use of multivariate statistical analysis
for pesticide residue detection in agricultural products, their
study relied exclusively on linear chemometric techniques such
as PCA and partial least squares regression. These methods,
although widely used, often fall short in capturing the intricate,
non-linear spectral relationships characteristic of heterogeneous
biological samples. Importantly, Albuquerque and Poppi [25]
did not explore the application of non-linear models such as
artificial neural networks (ANNs) or convolutional architectures,
which are now recognized for their superior pattern recognition
capabilities in complex datasets. In contrast, the current study
addresses these methodological gaps by targeting collard greens,
a matrix known for high pesticide exposure risk and complex
spectral features, across a wider concentration range (0.01–0.5
parts permillion).We integrate both linear andnon-linearmodels
and systematically compare their performance using rigorous
statistical validation. This approach enhances model robustness
and accuracy while offering a scalable, non-destructive solution
for pesticide residue quantification in complex leafy vegetable
matrices.

Conventional Raman spectroscopy without SERS was employed,
reducing cost and preparation steps, while integrating machine
learning algorithms across the full Raman spectrum to detect
Mancozeb residues in collard greens, a high-risk leafy matrix
not previously emphasized in the literature. In addition, we
employed machine learning algorithms, such as SVMs, random
forests (RFs), ANNs and convolutional neural networks (CNNs),
to develop predictive models for residue classification and
quantification. These combined approaches improved detection
sensitivity and specificity, even in complex matrices. Table 1
summarizes selected prior studies that used Raman-based meth-
ods for pesticide detection, highlighting their techniques, target
compounds, matrices and limitations. This comparison under-
scores how our methodology advanced the field by eliminating
dependency on substrate enhancement and extending detection
to underrepresented pesticide–matrix combinations.

2 Experimental Procedures

2.1 Chemicals andMaterials

Collard greens (B. oleracea var. acephala) were collected from five
major open-air markets in Nairobi: Kariokor, Kawangware, Kile-
leshwa, Gikomba and Ngara. A total of 41 samples were obtained
from eachmarket, with purchasesmade frommultiple vendors to
capture natural variation and avoid vendor-specific bias. Samples
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TABLE 1 Overview of selected Raman-based studies for pesticide detection.

Technique used
Pesticide
detected

Sample
matrix Key limitations

Current study
advancement References

SERS + PCA Chlorpyrifos Tomato surface Dependent on SERS
substrates; limited to

one pesticide

Applies the entire
Raman range with
machine learning
for leafy vegetables

Ma et al. [23]

SERS + Quenchers Chlorpyrifos Citrus fruits Laborious preparation;
affected by background

fluorescence

No extraction
needed; portable

detection

Wang et al. [24]

SERS +MCR Malathion Tomato/Plum
peels

Restricted to specific
matrices; issues with
result consistency

Enhances model
adaptability using

diverse ML
algorithms

Albuquerque and
Poppi [25]

Abbreviations: CNN, convolutional neural network; MRL, maximum residue limit; PCA, principal component analysis; RMSEC, calibration root mean square
error; SERS, surface-enhanced Raman spectroscopy; SNV, standard normal variate; SVM, support vector machine.

were taken to the laboratory in clean, labelled polyethylene bags
and analysed within 24 h of collection. Mancozeb (ethylene
bisdithiocarbamate; EBDC) of analytical grade was used as the
target pesticide. Distilledwaterwas employed for all dilutions and
solution preparations. Pesticide-free collard green leaves were
included as negative controls. A certified polystyrene standard
was utilized for spectrometer calibration and quality assurance
of the Raman shifts.

2.2 Sample Preparation

In the laboratory, collard green samples were inspected to ensure
freshness and absence of visible pesticide residues. Each sample
was gently washed with distilled water to remove soil particles
and surface contaminants, then air-dried for 15 min on absorbent
paper towels. For pesticide treatments, a 1000 ppm Mancozeb
stock solution was prepared by dissolving 9 g of the fungicide
in 100 mL of distilled water under continuous stirring until
complete dissolution. Working solutions of 0.01, 0.02, 0.1, 0.2,
0.25, 0.3, 0.4 and 0.5 ppm were subsequently obtained through
serial dilution using the relation C1V1 = C2V2. C1 represented
the initial concentration of the stock solution V1, the volume
of the stock solution added, C2 was the final concentration
after dilution, and V2 was the volume of the diluent added.
The selected concentration range was designed to reflect residue
levels relevant to food safety monitoring. Treatments included
concentrations below the maximum residue limit (MRL), at the
MRL and above the MRL (3 ppm) to provide a comprehensive
evaluation of Raman spectroscopy performance across regulatory
thresholds. This ensured that the experimental design captured
realistic contamination scenarios likely to be encountered in
collard greens [26]. Each working solution (2 mL) was uniformly
sprayed onto collard green leaves using a micropipette-tipped
hand sprayer held approximately 15 cm above the leaf surface
to ensure even distribution. The sprayed leaves were placed
on sterile glass plates and allowed to dry at room temperature
(25◦C ± 2◦C) for 1 h to mimic typical post-harvest handling
and environmental exposure. Control samples were prepared
by spraying pesticide-free leaves with 2 mL of distilled water.
To account for sample heterogeneity, 41 spectra were collected

from random points on each leaf. This was repeated for three
biological replicates per concentration level, with each replicate
derived froman independently treated leaf. Thus, the total dataset
consisted of spectra from multiple concentrations, replicates and
sampling locations to enhance statistical robustness.

2.3 Instrumentation and Settings

Raman spectra were acquired using a dispersive Raman spec-
trometer (Airix Corporation) equipped with 600, 1200 and 1800
lines/mm diffraction gratings and two excitation lasers (785 and
532 nm; Princeton Instruments). The 785 nm laser was selected to
minimize background fluorescence and photodegradation of the
plant matrix. Instrument calibration was performed daily using
a certified polystyrene standard to verify wavenumber accuracy
and signal reproducibility. Spectral acquisition was carried out
using the 600 lines/mmgrating centred at 1000 cm−1, covering the
200–2000 cm−1 fingerprint region. A×10 objective lens (NA= 0.3)
provided a beam spot size of approximately 68.5 µm. Instrument
settings included a 10-s exposure time, 10 accumulations per point
and a laser power of ∼9.1 mW (50% of the maximum 18.2 mW).
The instrument was housed in a temperature-controlled labo-
ratory (22◦C ± 1◦C), and measurements were performed in a
dimly lit room to reduce interference from ambient light. All
spectra were preprocessed prior to chemometric analysis. Stan-
dard normal variate (SNV) transformation was applied to correct
baseline shifts and normalize intensity variations. Additional
preprocessing steps included cosmic ray removal and smoothing
using a Savitzky–Golay filter to improve the signal-to-noise ratio
[27]. These preprocessing steps ensured that spectral differences
reflected pesticide residue variations rather than instrumental or
environmental artefacts.

3 Results and Discussion

3.1 Preprocessing and PCA of Raman Spectra

Figure 1a depicts the molecular structure of Mancozeb, a coor-
dination complex fungicide composed of two EBDC ligands
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FIGURE 1 (a) Molecular structure of Mancozeb, showing two ethylene bisdithiocarbamate (EBDC) ligands coordinated with manganese (Mn2+)
and zinc (Zn2+) ions through sulphur donor atoms. (b) Raman spectral profiles of collard green samples spikedwith varying concentrations ofMancozeb,
highlighting progressive changes in peak intensity and sharpness within the fingerprint region (600–1600 cm−1). Key characteristic peaks correspond to
C–S, N–H bending and C–N and C–C skeletal vibrations, with notable bands at 1154 cm−1 (symmetric C–N stretching of dithiocarbamates) and 1324 cm−1

(CH2 bending and aliphatic chain deformations).

chelated with manganese (Mn2+) and zinc (Zn2+) ions. Each
EBDC ligand contains a central ethylene backbone flanked by
thiocarbamate functional groups, with sulphur atoms serving
as key donor sites for metal coordination. The Mn2+ and Zn2+
centres are stabilized by four sulphur donor atoms each, forming
stable chelate rings that enhance the compound’s fungicidal
activity and structural stability. The abundance of sulphur atoms
contributes to distinct Raman spectral signatures, particularly in
the fingerprint region. As shown in Figure 1b, the Raman spectral
profiles of collard green samples spiked with varying concentra-
tions of Mancozeb exhibit progressive changes in peak intensity
and sharpness along the fingerprint region (600–1600 cm−1).
Characteristic peaks were observed at approximately 746, 914,
996, 1154, 1184, 1284, 1324, 1436 and 1524 cm−1, corresponding to
vibrational modes associated with C–S, N–H bending and C–N,
C–C skeletal stretches. The band near 1154 cm−1 is attributed
to symmetric C–N stretching typical of dithiocarbamate moi-
eties, whereas the peak at 1324 cm−1 aligns with CH2 bending
and aliphatic chain deformations. The molecular structure of
Mancozeb (Figure 1a) provides the chemical basis for the char-
acteristic Raman bands observed in the spiked kale spectra
(Figure 1b). These spectral features, linked to functional groups
within themolecule, are further explored in Figure 2, which illus-
trates the spectral variations after preprocessing and the resulting
classification performance of the applied chemometric models.

To segregate the Raman spectral data across different concentra-
tions, we applied PCA.A total of 41 spectrawere collected for each
of the 5 selected concentrations, used for both qualitative and
quantitative modelling. Rather than averaging, all 41 spectra per
concentration level were treated as individual input samples in
both PCA and machine learning analysis. This approach allowed
the model to capture the inherent within-sample variance and
provided a larger dataset for training, improving statistical robust-
ness. To manage spectral variability, SNV preprocessing was
applied to normalize intensity differences across spectra. PCA
was then employed not only to reduce dimensionality but also
to retain variance structure, with principal components (PCs)
representing the shared spectral patterns among replicates. As
a result, variability across measurements was not suppressed

but rather incorporated into the model structure, aiding in the
discrimination of pesticide concentration levels. Figure 2 shows
the results of PCA applied to the Raman spectra, highlighting
distinct separation among control, below-MRL and above-MRL
groups.

The resulting PCA score plots demonstrate distinct clustering
based onMancozeb concentration levels. The dataset was divided
into control samples (0 ppm) and treated samples ranging from
0.1 to 0.5 ppm.Thesewere further categorized into two subgroups:
below the MRL (0.1–0.3 ppm) and above the MRL (0.4–0.5 ppm).
The PCA analysis, performed over the spectral fingerprint region
(500–1600 cm−1), enabled effective visualization of concentration-
dependent separation.

PC1 accounted for 67%–69% of the total spectral variance, whereas
PC2 explained 19%–21%, depending on the subgrouping. The
score plots revealed clear groupings, with control samples (AZ)
primarily occupying the negative PC1 space, below-MRL samples
(AA) clustering around the centre, and above-MRL samples (AB)
shifting towards the positive PC1 axis. This concentration-based
trend supports the discriminatory power of PCA for detecting
pesticide residue levels in collard greens. To provide further
insights into this grouping, the loading plot shown in Figure 3
was employed for interpretation. PC1,which accounts for 69% and
67% of the variance, respectively, is associated with a prominent
wavelength at 1550 cm−1 on the positive axis, whereas the
negative PC1 loadings correspond to spectral features in the 1300–
1500 cm−1 region. Similarly, PC2, which explains 21% and 19% of
the overall variance, is linked to vibrational modes in the 1200–
1600 cm−1 range (positive PC2) and 500–800 cm−1 (negative PC2),
as indicated in the same figure.

3.2 Spectra Data Analysis

In this study, various preprocessing techniques were applied to
the acquired Raman spectra, including SNV, first derivative and
second derivative transformations. These methods are widely
used to enhance spectral resolution and mitigate challenges
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FIGURE 2 (a) PCA score plot showing the separation between control (0 ppm) and Mancozeb-treated (0.1–0.5 ppm) collard green samples based
onRaman spectra (500–1600 cm−1), with PC1 and PC2 accounting for 69% and 21% of the total variance, respectively. (b) PCA score plot further classifying
samples into three distinct groups: control (0 ppm, labelled AZ), belowMRL (0.1–0.3 ppm, labelled AA) and aboveMRL (0.4–0.5 ppm, labelled AB), with
PC1 and PC2 explaining 67% and 19% of the variance. A progressive increase in concentration is observed along the PC1 axis. PC, principal component.

such as overlapping peaks and baseline variations. The SNV
transformation was applied to each spectrum to normalize
intensity and correct for scattering effects arising from particle
size variation and sample heterogeneity. For a given original
spectrum 𝑥 = [𝑥1, 𝑥2, . . . , 𝑥𝑁]withNwavelength points, themean

of the spectrum is given by 𝜇 = 1

𝑁

𝑁∑
𝑖=1
𝑥𝑖 at 𝑖th wavelength 𝜆

and the standard deviation of the spectrum is given by 𝜎 =√
1

𝑁−1

𝑁∑
𝑖=1
(𝑥𝑖 − 𝜇)

2, then SNV transformed spectrum is defined as
𝑥SNV :

𝑥SNV =
𝑥𝑖 − 𝜇

𝜎
(1)

This transformation reduced high-frequency noise, corrected
baseline drift and improved comparability across samples. To
further resolve subtle spectral features, the first derivative of the

SNV; corrected spectra was calculated using the Savitzky–Golay
algorithm:

𝑥′SNV = 𝑑

𝑑𝜆
𝑥SNV (2)

This enhanced peak resolution and corrected baseline shifts,
making minor features more distinguishable. However, it also
amplified random noise in some regions of the spectra. The
second derivative transformation was also applied to the SNV-
corrected spectra:

𝑥′′SNV = 𝑑2

𝑑𝜆2
𝑥′SNV (3)

This method further improved resolution of overlapping peaks
and sharpened spectral features but, as with the first derivative,
increased noise sensitivity. Although all three methods revealed
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FIGURE 3 PC1 and PC2 loading plots showing spectral regions contributing to sample separation. Positive PC1 is dominated by peaks around
1550 cm−1, whereas negative PC1 aligns with features between 1300 and 1500 cm−1. Positive PC2 highlights spectral activity within 1200–1600 cm−1,
and negative PC2 corresponds to 500–800 cm−1. The accompanying reference Raman spectrum aids in interpreting these vibrational modes, supporting
Mancozeb detection. PC, principal component.

clear distinctions among collard green samples with varying
Mancozeb concentrations, the differences were most apparent
in band intensities and sharpness along the fingerprint region
(600–1600 cm−1). SNV primarily standardized the baseline and
intensity levels, the first derivative highlighted subtle peak posi-
tion shifts, and the second derivative enhanced the separation
of closely spaced peaks. These observations are consistent with
previous findings by Nitze et al. [28] and Wang et al. [24], which
reported that the effectiveness of machine learning models for
pesticide detection is strongly influenced by the choice of spectral
preprocessing. In our case, SNV provided themost stable baseline
correction, whereas derivative-based approaches offered better
resolution for complex spectral regions at the cost of increased
noise.

3.3 Selection of Variables in Multivariate
Modelling of Raman Spectra

When the entire spectral data was used for multivariate calibra-
tion, it led to machine learning models with limited predictive
performance and overall reliability. Therefore, only the most
informative variables were selected for themodel. To achieve this,
PCA was applied to eliminate unnecessary features and noise.
The first four PCs were derived from the result matrix and used
in the machine learning models. The appropriate number of PCs
to include was determined by the scree plot 10. The first four
PCs were retained, as they provided an optimal balance between
reducing dimensionality and preserving meaningful spectral
information. As shown in the scree plot in Figure 4, these four
PCs together accounted for over 99% of the total variance, thereby
satisfying our predefined cumulative variance threshold. Each
additional component beyond the fourth contributed less than
2% of incremental variance and exhibited eigenvalues below one,
indicating limited explanatory value. This informed selection

helped to simplify the model, reduce the risk of overfitting and
maintain the most discriminative spectral features essential for
accurate classification and regression performance.

3.4 Multivariate Analysis of Raman Spectra

The relationship between pesticide concentration and PC data
was evaluated using SVM and RF algorithms focused on Man-
cozeb. These models aimed to estimate pesticide concentrations
that were generated through controlled experimental dilutions.
Model predictions showed a strong resemblance to the laboratory-
prepared reference concentrations. Evaluation of the calibration
models’ accuracy was performed using RMSE and R2 as per-
formance indicators. The purpose of developing both models
was to determine which exhibited superior performance during
training and testing phases [29]. SVM maintained consistent
accuracy on both training and testing datasets regardless of the
preprocessing technique applied. Notably, the combination of
SNV preprocessing with the 0th-order derivative yielded superior
results, with a calibration root mean square error (RMSEC)
of 0.045 and a prediction root mean square error (RMSEP) of
0.051. These results suggest that SVM is a robust model with
strong generalization capabilities for unfamiliar datasets. On the
other hand, RF showed a marked difference between its training
and testing performance. SVM’s robustness can be attributed
to its margin maximization, suitability for high-dimensional
and limited datasets, use of kernel functions for non-linearities
and built-in regularization. According to the no free lunch
theorem, no single model is universally superior across all types
of problems [30]. The specific characteristics of the problem
at hand influence the effectiveness of any given model. This
implies that the differences between these two models extend
beyond their mathematical structures; they also differ in the
way they learn from the dataset. Consequently, these models can
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FIGURE 4 Key components displayed in a PCA scree plot. Four principal components were selected as they accounted for over 99% of the
cumulative variance. PC, principal component.

be seen as complementary; each model offers unique strengths,
depending on the characteristics of the data and the specific task
at hand.

To evaluate the SVMmodel’s performance, correlation plots were
generated to compare the predicted and actual concentrations
of Mancozeb residues in both training and testing sets. These
plots are presented in Figure 5 to illustrate how well the model
performed under different preprocessing methods.

The RF model’s effectiveness in predicting Mancozeb residue
levels was also analysed using correlation plots for both the
training and testing data. Figure 6 illustrates how the model
performed across various preprocessing approaches.

The performancemetrics for SVM and RFmodels under different
preprocessing techniques are summarized in Table 2.

3.5 Classification of Mancozeb Contaminated
Collard Green Samples

This section presents the development of classification models
to categorize collard green samples into three predefined groups
based on Mancozeb residue levels: control, below MRL and
above MRL. Two machine learning approaches, ANNs and
CNNs, were applied to detect Mancozeb contamination using
both raw spectral data and spectra processed with PCA. For
the ANN model, classification accuracy during training reached
98% for raw spectra and 94% for PCA-transformed data. In
testing, the model achieved 99% accuracy on raw data but slightly
lower performance of 95% on PCA-processed data. This drop in
accuracy on PCA data suggests that dimensionality reduction,
although helpful in reducing computational complexity, may also
eliminate subtle but relevant spectral features. The CNN model
demonstrated training accuracies of 99% with raw spectra and
98% with PCA-transformed spectra. During testing, it achieved
98% accuracy with raw data and 96% with PCA data. The

consistently high performance of CNN can be attributed to
its ability to capture local spectral features and model com-
plex patterns through convolutional and pooling layers. These
layers help to reduce overfitting and improve the network’s
generalization ability, even without data augmentation. The fact
that CNN achieved its highest testing accuracy on raw spectra
(98%) underscores its strength in learning directly from high-
dimensional inputs, without the need for PCA feature reduction.
To ensure robustness and minimize overfitting, the CNN was
trained using an 80/20 train-validation split, L2 regularization
(λ= 0.02) and a dropout rate of 30% after dense and pooling layers.
Model validation was performed with an independent dataset
excluded from training. Although k-fold cross-validation was
not applied, consistent performance across multiple independent
runs confirmed the stability of both ANN and CNN models. In
addition, the CNN benefitted from early stopping, L2 penalties
and aggressive dropout, which together ensured effective gener-
alization beyond the training set. The 20% validation split was
kept entirely independent from the training data throughout
model tuning and evaluation. Figure 7 presents the training
behaviour of the ANN and CNN models. Panel (a) shows the
ANN training accuracy curve, whereas panel (b) depicts its
corresponding training loss curve. Panel (c) illustrates the CNN
training accuracy curve, and panel (d) shows the CNN training
loss curve. These plots demonstrate the progressive improvement
in classification performance and the concurrent reduction in
model error over successive epochs for both neural network
architectures.

3.6 Statistical Comparison of Model
Performance

To statistically assess the performance differences between mod-
els and preprocessing techniques, one-way analysis of variance
(ANOVA) was conducted. For regression analysis, ANOVA was
applied to RMSEC and RMSEP values obtained from repeated
model runs. The results indicated that SVMachieved significantly
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FIGURE 5 (a) Correlation plot of actual versus predicted Mancozeb residues for the training set using SNV first derivative SVM model, (b)
correlation plot of actual versus predicted Mancozeb residues for the testing set using SNV first derivative SVM model, (c) correlation plot of actual
versus predictedMancozeb residues for the training set using SNV second derivative SVMmodel, (d) correlation plot of actual versus predictedMancozeb
residues for the testing set using SNV second derivative SVMmodel, (e) correlation plot of actual versus predictedMancozeb residues for the training set
using SNV SVMmodel, (f) correlation plot of actual versus predicted Mancozeb residues for the testing set using SNV SVMmodel. RMSEC, calibration
root mean square error; RMSEP, prediction root mean square error.
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FIGURE 6 (a) Correlation plot of actual versus predictedMancozeb residues for the training set using SNV first derivative RFmodel, (b) correlation
plot of actual versus predicted Mancozeb residues for the testing set using SNV first derivative RF model, (c) correlation plot of actual versus predicted
Mancozeb residues for the training set using SNV second derivative RF model, (d) correlation plot of actual versus predicted Mancozeb residues for the
testing set using SNV second derivative RF model, (e) correlation plot of actual versus predicted Mancozeb residues for the training set using SNV RF
model, (f) correlation plot of actual versus predicted Mancozeb residues for the testing set using SNV RF model. RMSEC, calibration root mean square
error; RMSEP, prediction root mean square error.
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TABLE 2 Model development of support vector machine (SVM) and random forest (RF).

Quantitative models Preprocessing methods RMSEC (ppm) RMSEP (ppm) R2 training R2 testing

SVM SNV 0.045 0.051 0.943 0.924
1st derivative 0.047 0.053 0.945 0.934
2nd derivative 0.047 0.060 0.945 0.931

RF SNV 0.030 0.060 0.977 0.916
1st derivative 0.031 0.052 0.977 0.922
2nd derivative 0.030 0.063 0.977 0.889

Abbreviations: RF, random forest; RMSEC, calibration root mean square error; RMSEP, prediction root mean square error; SNV, standard normal variate; SVM,
support vector machine.

FIGURE 7 Training performance of classification models for detecting Mancozeb contamination in collard greens: (a) ANN accuracy curve, (b)
ANN loss curve, (c) CNN accuracy curve and (d) CNN loss curve. CNN achieved higher testing accuracy on raw spectral data (98%) compared to PCA-
processed data (96%), whereas ANN achieved up to 99% accuracy in training and 94%–95% in testing. ANN, artificial neural network; CNN, convolutional
neural network.
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FIGURE 8 Combined boxplots illustrating model performance under different preprocessing techniques: (a) RMSEC values for SVM and RF
models, with SVM showing significantly lower errors (p < 0.05), indicating superior calibration; (b) RMSEP values for the same models, with no
significant differences observed (p > 0.05), indicating comparable predictive ability; (c) Boxplot comparing classification accuracies across CNN and
ANN models. CNN showed the highest median accuracy and lowest spread. Statistical analysis via one-way ANOVA confirmed that these differences
were significant (p < 0.05). ANN, artificial neural network; ANOVA, analysis of variance; CNN, convolutional neural network; RMSEC, calibration root
mean square error; RMSEP, prediction root mean square error.

lower RMSEC values than RF (p < 0.05), confirming its superior
calibration capability.However, the difference inRMSEPbetween
SVMandRFwas not statistically significant (p> 0.05), suggesting
that both models exhibited comparable predictive accuracy. For
classification, ANOVA was performed on the accuracies of ANN
and CNN models across repeated runs (n = 5). The analysis
revealed that CNN achieved the highest median classification
accuracy with the smallest variance, followed by ANN, and
these differences were statistically significant (p < 0.05). Figure 8
summarizes the comparative performance of regression and
classification models under different preprocessing techniques.

4 Conclusion

This research confirmed the effectiveness of Raman spectroscopy,
integrated with chemometric techniques and machine learning
models, as a reliable and efficientmethod for detectingMancozeb
residues in collard greens. The preprocessing of Raman spectra
utilizing SNV and PCA significantly reduced spectral noise
and improved model performance, with PCA capturing 85%
of variance. Among the evaluated models, SVM achieved the
highest accuracy of 95%, outperforming other models such as
CNN, ANN and RF. The system accurately quantified Mancozeb
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residues within the tested concentration range of 0.01–0.5 ppm.
To support these claims, a statistical analysis using one-way
ANOVAwas performed, confirming that the observed differences
in model performance, particularly in classification accuracy and
calibration error, were statistically significant (p < 0.05). This
validation strengthens the robustness of the selected models,
especially the superior performance of CNNand SVM.The results
emphasized the non-destructive, fast and affordable potential
of Raman spectroscopy as a substitute for traditional methods
of residue analysis, making it a promising tool for food safety
and regulatory compliance. Building on the current findings,
future research could focus on adapting this approach for in-
field, real-time detection using portable Raman devices, enabling
routine monitoring in farms and local markets. Further model
generalization could be achieved by incorporating additional
pesticide types, broader agricultural matrices and seasonal sam-
pling. Moreover, integrating Raman-based detection with cloud
platforms or mobile applications may enhance its accessibility
and utility for farmers, food inspectors and regulatory agencies,
particularly in resource-limited settings. These advancements
could transform pesticide monitoring into a rapid, scalable
and technology-driven solution, supporting safer agricultural
practices and stronger public health outcomes.
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