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ARTICLE INFO ABSTRACT
Keywords: Pesticides play a crucial role in boosting the overall yield and productivity of agricultural produce by controlling
Freshly harvested olives pests, insects, and various plant diseases. However, excessive use of pesticides has led to contamination of
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food products and water bodies, as well as disruption of ecological and environmental systems. Global health
authorities have set limits for pesticide residues in individual food items to ensure the availability of safe foods in
the supply chain and to assist farmers in developing optimal agronomic practices for crop production. In Spain,
specifically regarding olive cultivation, the Ministry of Agriculture, Fisheries, and Food establishes a safety period
that farmers must observe from the application of the pesticide until the fruit is harvested. This period ensures
that the batch of olives will comply with the maximum residue level allowed. This article proposes a methodology
based on hyperspectral imaging to detect whether the olives have been sprayed with pesticide products and, if
so, when the spraying occurred. The proposed methodology operates at the pixel level, where each pixel of the
hyperspectral image is an instance. The pesticides evaluated were Diflufenican, Oxyfluorfen, Deltamethrin, A-
Cyhalothrin, and Tebuconazole. The results are promising and the success rates achieved over 80% accuracy
for most pesticides in controlled laboratory conditions, with individual performance varying according to each
pesticide’s chemical properties and stability on the olive surface. While the results are promising, the scalability
of this approach for larger and more diverse batches of olives requires validation under field conditions, where
variations in environmental factors, olive variety, and ripeness may impact the detection accuracy. Furthermore,
the study highlights key wavelengths around 750 nm and 550 nm as effective discriminators, suggesting potential
for cost-effective, simplified imaging systems. Although hyperspectral imaging shows potential as an accessible,
in-line monitoring solution for cooperative use, further analysis of implementation costs is recommended to
confirm its feasibility on an industrial scale.

1. Introduction these new climatic conditions will alter the ways in which pests attack
the olive groves, in a less predictable manner due to the complexity of
According to the Food and Agriculture Organization of the United interactions within the ecosystem and the diversity of olive crop vari-
Nations (FAO), around three million tons of pesticides are used annually eties [15].
in the agricultural sector. Without the usage of pesticides the production Within the olive sector, the use of pesticides varies depending on
loss on fruits would be 78%, 54% over vegetables and 32% considering factors such as geographical location, climatic conditions, specific pests
cereals [33], as well as averting fruit degradation post-harvest due to and agricultural practices in the region [29]. Even though the use of
pathogen infections [23]. Within the olive sector, the consequences of pesticides is beneficial for increasing crop yields, their use presents nu-
decreased crop yields should be added to the expected outcomes of cli- merous disadvantages for life in general. At the review published by
mate change, with reductions in rainfed olive production ranging from de Souza et al. [28] it is widely proved that pesticides, even though
17% to 20% for southern Iberian Peninsula regions [10]. Furthermore, applied to soil or trees, reach surface water bodies and groundwater
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Table 1
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Required volumes of each product to prepare successive dilutions in 500 ml. Note: Dilutions #2 and #3 are
prepared from concentration #1, and dilutions #4 and #5 are prepared from concentration #3.

#1 #2 #3 #4 #5
Product 1% Dilution 0.1% Dilution ~ 0.01% Dilution ~ 0.0001% Dilution ~ 0.00001% Dilution
(ml in 500 ml) (ml of #1 (ml of #1 (ml of #3 (ml of #3
in 500 ml) in 500 ml) in 500 ml) in 500 ml)
Diflufenican 10.00 50.00 5.00 5.00 0.50
Oxyfluorfen 20.83 50.00 5.00 5.00 0.50
Deltamethrin 200.00 50.00 5.00 5.00 0.50
A-Cyhalothrin ~ 333.33 50.00 5.00 5.00 0.50
Tebuconazole 20.00 50.00 5.00 5.00 0.50

through surface runoff, percolation, evaporation and precipitation. The
widespread impact of pesticides extends to microflora, microfauna, and
plants, integrating these chemicals into the food chain and posing risks
to overall ecosystem [30] and human health [6,26,32,5]. Given these en-
vironmental and health risks, strict regulations have been implemented
to limit pesticide residues in food products, including olives. Recently,
concerns have also emerged regarding the presence of mineral-origin
hydrocarbons (MOH) in olive oil, a potential byproduct of pesticide
contamination. Thus, regulating pesticide residues in harvested olives
is critical to ensure consumer safety and environmental protection.

Considering the harmful effects of pesticides on consumers’ health
regulations must be established to control the presence of pesticides in
the harvested olive batches [11]. In this regard, the European Union
and the Codex Alimentarius Commission of FAO have established max-
imum residue limit (MRL) for each pesticide in olive oil to ensure
consumer safety [21,16]. These MRLs represent the highest level of pes-
ticide residue legally allowed in food products. In Spain, the Ministry
of Agriculture, Fisheries, and Food defines the concept of the safety pe-
riod, which is the minimum time that must pass between the application
of the pesticide in the olive grove and the harvesting of the fruit. After
this period, they ensure compliance with the MRL in the oil, but to our
knowledge, there is no tool that can be applied to the fruit to quickly
verify at the entrance of the cooperative if the safety period has been
met.

Pesticide detection techniques can be divided into two types, inva-
sive and non-invasive. The former are considered off-line techniques,
meaning they require extracting the sample from the process and trans-
porting it to an analytical laboratory where it is prepared and processed
using specific instrumentation. Examples of these techniques include gas
chromatography (GC) [7] and liquid chromatography (LC) [14]. The lat-
ter do not require sample processing and, in principle, could be adapted
for use directly in the production line (in-line).

Among the non-invasive techniques, taking as a reference Sindhu
and Manickavasagan [27], we can name Raman spectroscopy, fast in
detection times but difficult to operate in real time due to the need to
take samples by contact with the surface of the fruit to be inspected
[34,17,25]; photoacoustic spectroscopy, which is difficult to operate at
industry level [19]; electronic nose, complex to operate for obtaining re-
peatable results due to the complexity of headspace formation [22,12];
fluorescent spectroscopy, with high selectivity and sensitivity but again
difficult to introduce in an in-line process. Also it can be affected by the
emission properties of other elements present [31]. Given these limita-
tions, hyperspectral imaging in the near-infrared spectrum is proposed
in this study as it offers a rapid, non-contact, and cost-effective alter-
native suitable for real-time, in-line monitoring of pesticide residues.
This approach not only enables direct detection of pesticide residues on
freshly harvested olives but also addresses the need for a scalable, in-
dustrially viable solution that current techniques fail to meet.

The aim of this work is to assess the feasibility of using hyperspec-
tral images for the detection of different pesticides commonly used in
olive groves and also to identify the most useful wavelengths for this
issue. Those pesticides are Diflufenican, Oxyfluorfen, Deltamethrin, A-
Cyhalothrin and Tebuconazole. Diflufenican and Oxyfluorfen are two

herbicidal compounds. They are commonly used in agriculture to con-
trol weeds and unwanted plants in crops. Both interfere with plant
photosynthesis. On the other hand, Deltamethrin and A-Cyhalothrin are
both synthetic pyrethroid insecticides belonging to the pyrethroid fam-
ily. They are widely used in agriculture, as well as in crop and garden
protection to control insects, including mosquitoes, flies, fleas, ticks, and
other pests. Finally, Tebuconazole is a fungicide belonging to the group
of triazoles, which is a class of chemical compounds used to control
pathogenic fungi in plants. This fungicide is widely used in agriculture
to protect various crops, such as cereals, fruits, vegetables and ornamen-
tal crops, against fungal diseases.

The following Section 2 will present the materials and methods em-
ployed, detailing the experimental setup used, the set of olive samples
prepared and analyzed, and the methodology employed for classifica-
tion according to MRL. Subsequently, Section 3 will detail the results
obtained after training and validating different classification algorithms.
Finally, Section 4 shows the conclusions of this research work.

2. Materials and methods
2.1. Experimental samples

The olives selected for the experimentation were harvested from a
Picual variety olive grove located in the province of Jaén (Spain). To
ensure that the olives were initially free of pesticides, an organic olive
grove was chosen. The olive harvesting method was by vibration, and a
number of olives were selected, collectively weighing a total of 20 kg.

To maximize real-world applicability, pesticides were used at con-
centrations commonly found in agricultural practices. These concentra-
tions, specified as percentage weight/volume (p/v), were as follows:
Diflufenican 50% p/v, Oxyfluorfen 24% p/v, Deltamethrin 2.5% p/v, 4-
Cyhalothrin 1.5% p/v and Tebuconazole 25% p/v. These solutes were
diluted with 500 ml of distilled water as indicated in Table 1. A total of
25 dilutions were created (5 for each pesticide).

To prepare samples of contaminated olives, the initially collected 20
kg of olives were divided into 26 subgroups of approximately 650 grams
each. One of these subgroups served as the control sample, while each of
the remaining 25 subgroups was treated with one of the 25 pesticide di-
lutions prepared. For each contaminated sample, the olives were spread
out evenly on a plastic base, and the corresponding dilution was applied
using a spray nozzle to ensure uniform coverage. This spraying pro-
cess ensured that all olives within each sample were thoroughly coated
with the pesticide solution. From each treated sample, 10 olives were
randomly selected to be inspected using the experimental setup config-
ured by the authors’ research group, while the remaining olives were
sent to an accredited external oil analysis laboratory. In this external
laboratory, a standardized destructive multiresidue detection method
based on Gas Chromatography coupled with Mass Spectrometry (GC-
MS/MS) was applied to certify the contamination level of each sample.
This methodology is detailed in report number 2012-M6 from the Eu-
ropean Union Reference Laboratory for pesticide residues in Fruits and
Vegetables (EURL-FV). The results obtained from the accredited labora-
tory are used to train and validate the classification models documented
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Table 2

Results obtained from the analyses using GC-MS/MS. All values are expressed in
mg/Kg. The symbol “-” indicates that no analyses were performed for that concen-
tration due to logistical issues; however, this does not affect the reliability of the
results, as these dilutions would yield concentrations close to or below the MRL.
To compensate for these missing samples, uncontaminated control samples were
used. The limits of detection (LOD) for the method is 0.01 mg/Kg. The EU MRL
column indicates the maximum residue limit authorized by the European Union.
Samples above this limit are marked with a double asterisk (**), while those be-
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low it are marked with a single asterisk (*).

EU MRL #1
Diflufenican 0.60 31.80%*
Oxyfluorfen 1.00 72.30%*
Deltamethrin 0.60 37.20%*
A-cyhalothrin 0.50 84.90%*
Tebuconazole 0.50 116.00%*

#2 #3 #4 #5

3.42%* 0.46* 0.01* <0.01*
11.50%** 1.12%* <0.01*
19.10** 0.77%* <0.01*
11.40%* 0.95%* 0.01* <0.01*
19.20%* 1.29%* <0.01* <0.01*

Fig. 1. The images in the figures show the hyperspectral image acquisition system used in the experimentation. They depict the hyperspectral camera, halogen

spotlights, the servomotor, and a sample olive.

in Subsection 2.4. Table 2 shows the results obtained using the refer-
enced methodology.

2.2. Experimental setup and image acquisition

The hyperspectral camera used for the experimentation was the PIKA
L model from the company Resonon. It is a linear camera sensitive in
the spectral range between 400 and 1000 nm (VNIR), which is relevant
for pesticide detection due to its capacity to capture both visible and
near-infrared light. This range has been shown to correlate with pesti-
cide residues [20]. The camera offers a spatial resolution of 900 pixels
per line and a spectral resolution of 300 channels per line. The lighting
system was comprised of two 100 W halogen spotlights (Fig. 1).

The camera lens was positioned 20 centimeters away from the olive,
and the acquisition methodology was pushbroom type, meaning that
the camera captures images line-by-line as the object moves relative
to the sensor. In this setup, the olive was mounted on the axis of an
Arduino-controlled servo motor, which rotated the fruit while the cam-
era captured each line of the image sequentially. The image acquisition
rate was 30 fps, and 750 images were acquired per olive to ensure spec-
tral information is captured from the entire surface envelope of the fruit.
The inspection time for each olive was 25 seconds, resulting in a 3D data
cube (hypercube) of dimensions 300x900x750. In this cube, the 300
channels represent spectral information across different wavelengths,
the 900 spatial pixels capture the width of each line scanned across the
olive, and the 750 frames correspond to the sequential lines acquired
as the olive rotates. This structure enables us to capture comprehensive
spectral and spatial data across the entire surface of the olive.

2.3. Image processing and feature extraction

Once acquired, each hyperspectral image was standardized accord-
ing to Eq. (1).

Is”“"(w, n,m) — B(w,n,m)
W (w,n,m) — B(w,n,m)

I (w, n,m) = @
where I Ss’d(w, n,m) is the corrected hyperspectral image, I S’“w (w,n, m)
is the original hyperspectral image, B(w,n, m) is s the black image ob-
tained by closing the iris of the camera (approximately 0% reflectance),
and W (w, n, m) is the white image obtained from a white sheet (approx-
imately 99% reflectance). In addition, w is the number of wavelength
(from 1 to 300), n and m represent the number of pixels in the image (n
ranges from 0 to 900, and m ranges from O to 750), and s is the number
of sample (Fig. 2).

From each hyperspectral image, a square region of interest of size
10x10 pixels was selected, with its center coinciding with the central
point of the image. Additionally, it was verified that the selected region
was free of glares or bruises. From these regions, the feature matrices
X § ’C(px, w) were formed where each cell contains the absorbance value
of the olive for wavelength w and pixel px. Each row of the matrix will
henceforth be referred to as an instance. The subscript S indicates the
sample number (S € {1,2,...,10}), P the pesticide with which the sample
has been contaminated (P € {difl,oxyf,delt,cyha,tebu,ctrl}), and C
its concentration (C € {#1,#2,#3,#4,#5}) according to Table 1.

2.4. Classification algorithms

To assess the feasibility of using hyperspectral technology for pes-
ticide detection, each pesticide was considered as an independent case
study, and in each case, different classification algorithms were evalu-
ated using the feature matrices constructed in the previous section as
the data source.

The classification algorithms evaluated were Decision Tree (DT) [2],
Linear Discriminant (LD) [8], Bayesian Classifier (BC) [24], Support
Vector Machine with Quadratic (SVM-Q) and Cubic (SVM-C) Kernels
[3], and K-Nearest Neighbors (KNN) [4]. These algorithms were cho-
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Fig. 2. Procedure for extracting the feature matrix X from the hyperspectral image I;”".

sen for their effectiveness in previous spectral data classification studies
and their ability to handle high-dimensional data typical of hyperspec-
tral imaging [27]. The selection includes both linear and non-linear
classifiers, providing a comprehensive approach to assess which model
best suits pesticide residue detection. All algorithms are included in the
Statistics and Machine Learning Toolbox v11.7 of Matlab R2020a.

Each classification algorithm was fine-tuned (model training) using
50% of the olive samples and then used (model validation) to predict
whether the remaining 50% were contaminated with the pesticide un-
der study, ensuring a balanced distribution of classes in both the training
and validation sets. As a result of this validation process, a confusion ma-
trix was obtained for each classification model. In these matrices, True
Positives (TP) represent samples correctly predicted as contaminated,
meaning the predicted class is above the maximum residue limit (MLR)
and the actual class is also above the MLR. True Negatives (TN) refer
to samples accurately classified as non-contaminated, with both the pre-
dicted and actual classes below the MLR. False Positives (FP) are samples
incorrectly identified as contaminated; in these cases, the predicted class
is above the MLR, but the actual class is below the MLR. False Negatives
(FN) are samples incorrectly classified as non-contaminated, where the
predicted class is below the MLR while the actual class is above the MLR.
This setup allowed us to calculate evaluation metrics such as precision
(Eq. (2)), recall (Eq. (3)), accuracy (Eq. (4)), Fl-score (Eq. (5)) and the
area under the curve (AUC) for each classifier, providing a comprehen-
sive assessment of each model’s performance.

* Precision: Measures the proportion of correctly predicted positive
observations to the total predicted positive observations. A high
precision (closer to 100%) indicates that the model has a low rate
of false positives, meaning it is effective at predicting only the true
positive cases.

TP %
TP+ FP
Recall: Measures the proportion of correctly predicted positive ob-
servations to all actual positive observations. A high recall (closer
to 100%) suggests that the model successfully captures most true
positive cases, indicating a low rate of false negatives.

100 (2)

Precision =

TP
TP+ FN
Accuracy: Measures the proportion of correctly predicted observa-
tions (both positive and negative) to the total observations. Accu-

Recall = x 100 3)

racy closer to 100% implies that the model is making very few er-
rors overall, effectively predicting both positive and negative cases.

TP+TN
TP+TN+FP+FN

F1-Score: The harmonic mean of Precision and Recall, providing
a balanced metric between the two. An Fl-score closer to 100%
indicates that the model balances precision and recall effectively,
making it suitable for cases where both false positives and false
negatives need to be minimized.

Accuracy =

x 100 4)

_ Precision - Recall

Fl-Score=2- —MM8M ———
Precision + Recall

x 100 )

Area Under the Curve (AUC): It represents the area under the Re-
ceiver Operating Characteristic (ROC) curve, calculated based on
sensitivity and specificity at various thresholds. AUC values closer
to 100% mean the model is highly capable of distinguishing be-
tween positive and negative classes across different thresholds.

3. Results and discussion

All algorithms solve a binary classification problem, where one class
was assigned to olives that showed a residue level above the standard,
and a different class to olives with residue levels below the standard, in-
cluding uncontaminated control samples. In this manner, the instances
assigned to each class are listed in Table 3. To achieve balanced classes
in terms of the number of instances, control samples were used where
necessary, specifically for the cases of oxyfluorfen and deltamethrin.
These control samples were added to replace the missing values indi-
cated in Table 2, ensuring equal representation of contaminated and
non-contaminated classes. This approach allowed us to address potential
class imbalance and enhance the reliability of the classification model.

To analyze if there is class clustering, all instances used in the train-
ing phase were transformed into the principal component features space
(PCA). PCA was applied to reduce the dimensionality of the hyper-
spectral data, which is essential given its high-dimensional nature. This
transformation helps retain the most relevant features capturing maxi-
mum variance, enhancing computational efficiency without compromis-
ing critical information for classification. Fig. 4 shows the distribution
of points in the feature space of the first three components, ordered
by explained variance. These three components were selected because
they explained more than 90% of the variance in all cases, capturing the
majority of relevant information needed for sample analysis (Fig. 3b).
Observing the distribution of points according to the first and second
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PCA results - Variance explained
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Fig. 3. (a) Loading vector of the first principal component for the set of instances used in training the classification models; (b) Variance explained by the first ten

principal components.

Table 3
Labeling of instances according to the results obtained using GC-
MS/MS.
Training phase Test phase
>MRL <MRL >MRL <MRL
difl#3 difl#3
it X\ i1 X610
: : 1:5 difi# 6:10 difi4
Diflufenican 414 X5 X142 Xe:10
1:5 X dif1#5 6:10 XA
1:5 6:10
xyf #1 oxyf #1
xo X
1:5 ‘ 6:10 Xy s
Oxyfluorfen XS #2 X:M; o XS X, Z Yf({ *
Y 1:5 X! 6:10 xerrl
Xoxyf,#} 1:5 Xoxy/,#} 6:10
1:5 6:10
delt #1 delt#1
X X
1:5 delt #5 6:10 delt #5
Deltamethrin xdelt#2 X\is ydelt#2 X610
1:5 xerl 6:10 xerl
delt#3 1:5 delt#3 6:10
Xi:s Xo:10
yha#1 cyha#l
X crha X ¢vhas
1:5 6:10 #
i-Cyhalothrin X <¥ha#2 X 1C:y;uw3 yrha#2 X ;y?g
Y’ 155 xerhatt 6:10 yerhatt
yerha#s 1:5 xeyhadts 6:10
15 6:10
ebu#1 tebugl
e X,
1:5 tebu#3 6:10 tebu#3
X ebu ;
tebu2 15 tebu#2 6:10
Tebuconazole X7 bt Xe:10 bt
Xn:bu}#} 1:5 Xrebu,#} 6:10
15 6:10

principal components (PC1 and PC2, respectively), it can be seen that
for diflufenican (4a) and deltamethrin (4c), the classes exhibited better
clustering compared to the other cases. Specifically, in the case of di-
flufenican, it is evident that the histograms are clearly skewed according
to PC1.

Fig. 3a shows the weight of PC1 on each wavelength. It can be ob-
served that, in all cases, the variability of the point cloud according to
PC1 can be explained using wavelengths above 700 nm. Additionally,
in all cases, PC1 exhibits a clear peak around 750 nm and a second peak
near 550 nm. This result could be useful for reducing the cost of the
setup by using visible and infrared cameras, each with a band-pass fil-
ter. A similar case can be observed in the work of Li et al. [18], where
the authors detected a peak around 700 nm in the loading vector of PC1
for deltamethrin. Both studies utilize spectral data for pesticide detec-
tion; however, Li et al. [18] applied a data fusion strategy combining
UV-vis and NIR spectra with an extreme learning machine (ELM) algo-
rithm to detect deltamethrin in formulations, emphasizing the use of
multiple spectral regions for improved sensitivity. In contrast, our study
focuses on hyperspectral imaging within a single spectral range (VNIR)
applied directly to olive samples, which offers a non-invasive approach
for monitoring pesticide residues on fruit. This difference highlights the

unique applicability of our method to in-field testing, while Li et al. [18]
approach is well-suited for laboratory analysis of pesticide formulations.

The results of the training phase can be observed in Table 4. In this
phase, the models were constructed using 75% of the instances for train-
ing and validated with the remaining 25%. The accuracy obtained by
all the models was very high, being equal to or close to 100%. This is
because the instances used for model construction and validation corre-
spond to pixels from the hyperspectral image of the same olives.

When the constructed and validated models from the training phase
were applied to instances extracted from new olives (not considered in
the training phase), the results obtained were those shown in Table 5.
In this table, it can be observed that the model with the highest ac-
curacy was the one for Diflufenican, with an accuracy rate of 95.03%,
and it also exhibited high precision (95.72%) and recall (91.68%), re-
sulting in an F1-score of 93.65%. These strong metrics suggest that the
model is effective in minimizing both false positives and false negatives.
This performance can be attributed to the high concentration and sta-
bility of Diflufenican on the olives Food and Authority [9]. However,
these results should be compared with other olive varieties and differ-
ent ripeness indices for broader validation.

For the herbicide Oxyfluorfen, the results were less promising, with
an accuracy rate of 65.58% achieved with the KNN algorithm. The pre-
cision and recall for Oxyfluorfen were lower (68.73% and 78.23%, re-
spectively), reflected in a modest F1-score of 73.17%. This performance,
characterized by a high number of false positives, may be influenced by
the photolytic degradation of Oxyfluorfen under halogen light used dur-
ing image acquisition [1].

Among the insecticides, A-Cyhalothrin achieved strong results with
an accuracy of 90.11%, precision of 91.60%, recall of 91.96%, and an
F1-score of 91.78%, indicating that the SVM-Q model is effective in de-
tecting the presence or absence of this pesticide. Comparable results
were obtained by He et al. [13] for garlic chive leaves using hyper-
spectral technology. Conversely, the model for Deltamethrin achieved
lower performance, with an accuracy of 73.79%, precision of 75.04%,
and recall of 84.37%, resulting in an F1-score of 79.43%. The high false
positive rate for Deltamethrin likely contributed to the model’s reduced
precision.

Finally, the fungicide Tebuconazole achieved good results, with an
accuracy of 87.25%, precision of 92.10%, recall of 86.14%, and an
F1-score of 89.02%. This high performance can be attributed to the pro-
longed persistence of Tebuconazole on the olive surface, as shown in
Table 2 with the highest residue concentrations detected by GC-MS/MS.

4. Conclusions

This study demonstrates the feasibility of using hyperspectral imag-
ing for pesticide detection in freshly harvested olives. The proposed
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Fig. 4. Results of the PCA analysis using the training data matrices of the classification models for predicting contaminations. Subfigures show the scatter plot in the

feature space of the first three principal components.

Table 4

Results for the training phase of the binary classification models, including precision, recall, accuracy, F1-score, and AUC-ROC metrics

in percentages.

True class (<MLR)

True class (>MLR)

- Best Predicted Predicted Predicted Predicted
Pesticide model as <MLR as >MLR as <MLR as >MLR R A Fl AuC
Diflufenican LD 1654 0 1 1101 100.00%  99.90%  100.00%  99.95%  100.00%
Oxyfluorfen KNN 1102 0 1 1653 100.00%  99.90%  100.00%  99.97%  100.00%
Deltamethrin SVM-C 1102 0 1 1653 100.00%  99.90%  100.00%  99.97%  100.00%
A-Cyhalothrin ~ SVM-Q 1100 3 1 1652 99.82% 99.90%  99.90% 99.88%  100.00%
Tebuconazole =~ SVM-Q 1103 0 1 1652 100.00%  99.96%  99.96% 99.97%  100.00%

Abbreviations: LD: Linear Discriminant; KNN: K-Nearest Neighbor; SVM-C: Support Vector Machine Cubic Kernel; SVM-Q: Support
Vector Machine Quadratic Kernel; P: Precision; R: Recall; A: Accuracy; F1: Fl-score; AUC: Area Under the Curve.
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Table 5
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Results for the test phase of the binary classification models, including precision, recall, accuracy, F1-score, and AUC-ROC metrics

in percentages.

True class (<MLR)

True class (>MLR)

- Best Predicted Predicted Predicted Predicted
Pesticide model  as <MLR as >MLR as <MLR  as >MLR R A Fl AUC
Diflufenican LD 6434 181 367 4043 95.03% 95.00% 95.03% 95.02% 99.19%
Oxyfluorfen KNN 2055 2355 1440 5175 65.58% 64.90% 65.58% 65.24% 62.41%
Deltamethrin SVM-C 2554 1856 1034 5581 73.79% 73.70% 73.79% 73.74% 80.56%
A-Cyhalothrin SVM-Q 3852 558 532 6083 90.11% 90.00% 90.11% 90.05% 96.29%
Tebuconazole SVM-Q 3921 489 917 5698 87.25% 87.10% 87.25% 87.17% 96.20%

Abbreviations: LD: Linear Discriminant; KNN: K-Nearest Neighbor; SVM-C: Support Vector Machine Cubic Kernel; SVM-Q: Support
Vector Machine Quadratic Kernel; P: Precision; R: Recall; A: Accuracy; F1: Fl-score; AUC: Area Under the Curve.

acquisition technology, covering the visible and near-infrared spectrum,
offers low installation costs and rapid response times, making it suitable
for in-line applications, such as at the critical moment when farmers un-
load olives at the cooperative yard. Implementing quality control at this
point in the process allows cooperatives to immediately assess contam-
ination levels, facilitating efficient decision-making and ensuring that
only compliant batches proceed to production. This approach enhances
operational efficiency by reducing the time, costs, and labor associated
with traditional testing methods.

Key wavelengths around 750 nm and 550 nm were identified as ef-
fective for discriminating pesticide residues. The classification models
achieved the best results in detecting levels above the regulatory limit
for Diflufenican and A-Cyhalothrin, with accuracy rates of 95.03% and
90.11%, respectively. Additionally, metrics such as precision, recall, F1-
score, and AUC-ROC provide a comprehensive evaluation, confirming
the models’ discriminative power for these pesticides.

However, this study presents several limitations. The current exper-
imental setup involves applying pesticide solutions directly onto har-
vested olives, which ensures uniform concentration and distribution on
the fruit surface. When pesticides are applied directly to trees, the distri-
bution and concentration on the olives may vary due to environmental
factors such as rain, wind, and sunlight, which can degrade or disperse
the chemicals unevenly. Further experimentation under these realistic
conditions would provide a more accurate validation of the technique’s
effectiveness, accounting for natural variations in pesticide residue lev-
els.

Additionally, class imbalance in pesticide detection can impact
model reliability, especially in smaller datasets. While effective at the
pixel level, future work should address potential biases by employing
larger and more diverse sample sets that include multiple olive varieties
and ripeness stages. Environmental factors, such as lighting and tem-
perature fluctuations, may also impact the robustness of hyperspectral
imaging. Further experimentation under variable lighting conditions
and ambient temperatures is recommended to ensure consistent perfor-
mance in real-world conditions.

The broader interdisciplinary potential of hyperspectral technology
also warrants discussion. Beyond pesticide detection in olives, hyper-
spectral imaging holds promise for food safety applications, enabling
rapid, non-invasive quality control for various food products. Further-
more, this technology could extend to sectors like medical diagnostics,
where hyperspectral imaging is being explored for early disease detec-
tion and tissue analysis, demonstrating its adaptability and potential
impact across fields.

Overall, while the models show high efficacy, additional research
is needed to validate these findings under field conditions by applying
treatments directly to trees and evaluating the technique’s applicability
to heterogeneous olive batches. Addressing these challenges will con-
tribute to a robust and scalable solution, enabling widespread adoption
of hyperspectral imaging in agriculture and beyond.
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