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Abstract

Introduction: Tomato is one of the most widely consumed and nutritious crops, and its rich antioxidant
content plays an important role in the prevention and treatment of various diseases and cancers. On the other
hand, pesticide residues in agricultural products pose a serious threat to human health and may cause
significant short- and long-term effects; therefore, accurate monitoring and control of these residues are
highly important. In recent years, spectroscopic methods, especially NIRS and VIS/NIR, have emerged as
fast, low-cost, non-destructive, and environmentally friendly techniques for detecting pesticide residues.
These methods allow qualitative and quantitative analysis without complex sample preparation, and their
accuracy can be improved using statistical and machine-learning models (such as artificial neural networks,
deep learning, multiple regression, SVM, and optimization algorithms). Previous studies have shown
promising results for these technologies in detecting pesticide residues in agricultural products like apples,
oranges, pumpkin, and okra. Specifically, in the case of tomatoes, which are commonly found in daily meals,
detecting pesticide residues is particularly important. Therefore, this research aims to investigate the
capability of the VIS/NIR method for the non-destructive detection of indoxacarb pesticide residue in
tomatoes.

Materials and Methods: Experimental Design: Twenty-five tomato seedlings (variety 8320) were grown
under uniform conditions. After fruiting, plants were sprayed with indoxacarb 15% SC at volumetric
concentrations of 0.625%, 1.25%, 2.5%, and 5%, plus an untreated control group. A total of 75 samples were
harvested. Spectral Measurements: A NIRS spectrometer (wavelength range 400-2500 nm) was used on days
1, 3, 5, 7, and 8 after spraying with three replicates. Data Preprocessing: Five methods were applied:
Multiplicative Scatter Correction (MSC), Standard Normal Variate (SNV), Vector Normalization (VN), First
Derivative (FD), and Second Derivative (SD). Synthetic Minority Over-sampling Technique (SMOTE) was
used for data balancing, and Principal Component Analysis (PCA) for dimensionality reduction.
Classification and Analysis: Support Vector Machines (SVM) were employed to classify different
concentrations (70% training, 30% testing). Performance was evaluated using the confusion matrix, accuracy,
sensitivity, specificity, and Fl-score. Validation: HPLC (AZURA model, Germany) validated pesticide
residue presence and established a linear equation correlating chromatogram peak area with concentration.

Results and Discussion: In this section, the spectral signature of tomato samples treated with indoxacarb
pesticide was compared with that of the control samples. The results showed that on the first day after
spraying, the absorption pattern of the contaminated samples was generally similar to that of the control,
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although their absorption amplitude was reduced. These features were mainly associated with internal fruit
constituents such as sugars, acids, and pigments including chlorophyll, beta-carotene, and lycopene.
Moreover, the key spectral regions in the visible and near-infrared ranges were linked to chemical bonds in
the indoxacarb structure, particularly C-H, N-H, C=0, and aromatic groups. Over time, especially by the
eighth day after spraying, the spectral differences between treated and control samples decreased markedly,
particularly at lower pesticide concentrations. This indicates that the residual effect of the pesticide gradually
diminished and the fruit characteristics became closer to those of untreated tomatoes. The greatest spectral
differences were observed in the 900-2500 nm range, especially within 900-1350 nm, and 1550-1900 nm.
Finally, support vector machine classification was used to distinguish contaminated samples from the control
group, and raw data were compared with preprocessed data to identify the best classification performance.
The classification results showed that among the preprocessing methods, vector normalization (VN) achieved
the best performance, followed by SNV. This superiority is likely due to VN’s ability to minimize the effects
of illumination differences in hyperspectral data, thereby removing intensity-related variation while
preserving the spectral shape. It was also found that the 400-900 nm, and 900-1900 nm spectral ranges were
effective for distinguishing samples, especially on the eighth day after spraying. Although preprocessing
improved accuracy on the first day, methods such as SNV and VN may have reduced performance on the
eighth day by removing some useful signals. Nevertheless, the results showed that even at lower pesticide
concentrations, classification accuracy remained acceptable, exceeding 80 %. This suggests that indoxacarb
can also influence the visible range, making it possible to detect pesticide residues using simpler and lower-
cost instruments without the need to analyze higher spectral bands. In the residue estimation section, partial
least squares regression (PLSR) was used. Five principal components explained more than 97% of the output
variation, and the model was compared with HPLC measurements. The results indicated that pesticide
residue decreased over time, especially on days seven and eight. Overall, visible/near-infrared spectroscopy
was found to be an effective non-destructive, fast, and low-cost method for monitoring pesticide residues in
tomatoes. Previous studies showed that spectroscopy in different wavelength ranges can be used to detect
pesticide residues. They also cited a study on eggplant, where indoxacarb residues were measured using
HPLC. The initial residue levels on eggplant fruits decreased over time and became undetectable after about
15 to 20 days. Overall, the results of this study suggest that the developed regression model for estimating
indoxacarb residues can be extended in the future to detect other pesticides as well, offering a fast, accurate,
and non-destructive approach for monitoring pesticide residues in agricultural products.

Conclusion: The results showed that visible/near-infrared spectroscopy in the 400-2500 nm range,
especially when applied to preprocessed data, was able to distinguish sprayed samples from unsprayed ones.
The method achieved higher accuracy on days close to spraying and still maintained about 77% accuracy
even eight days after application. In addition, the partial least squares regression model in the 400-900 nm
range was able to estimate pesticide residue effectively, with a coefficient of determination of 90%.
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Yoo

e ST 0l 3L ololis  aniwOl 01, Kes 5 (5 e

S P gs b Sl

el o 0313 QLS ¥ S8 55 dals S ged cman 5 (Sl Sl 5l 555 03 (e S sl pes b sl
oy | ool Sl S Sl gl Bl ol 51 S8 a4 558 00 0> dals & g sl s 5l DG Sl 0 ol 5
~03555 3 3aodka — oS WWiasks —05eST Slakisy bl s 4 i gl BB Syl (S e S
zs! Lls )5 g Sp 4l 53 Ol Gl a5 8wl o9 Jstls LS 5 4 by 0 a5 Wpd oo Jool> 05508
Soltani ) ol S 5 G ¢ s )5 dile og lawlaS, s 4 A% Vere 5 AV VeaoFB
obile L 1 Ll cilos S ks, SN cpl e 55 2S° ST @ 03T (ladises sl 4> 8 .(Nazarloo et al., 2021
o5 53 1) odinl Gladise 3um 035 o I oS 2l LS gl 5es sl odd Ol wials [LalS Esl S0 ST
s K s 8

o 5§ b alie (S 5 Tl (Jos A e s 4 Gre sl BV ) (G el oo sl BB 5
a3 b o VL s 5 mer 4 (Soltani Nazarloo et al., 2021) 5 0, Ken 5 J b Slake 2ass ;3 ol
oS i el 05558 03355 5 O3a0en — S SWkisy K> 4 SUn5 a3 Dsle 4l 53 e g YO BV
V135S Lsm K 55 03 a0kn — 05955 Ly 398 0 3L T LS 5 51 6ok 55 45 Sl gleacd gy O 500kn
(Lapied et al., 2001) 5 & oo 3L LS gusl Hlstlu 43 45 Sl Sl Jsb L 5l

Ol b i Sl (S NIR asb 55 il s, CopHirCIFsNGO7 CslS LS sl sland Hltle 4 a5
a3 D (ol s A8 Cab el gy a0 ol 03amn =S g | 0580 kBl a3 e 033 5n = S
Saranwong & ) el oks i, S s1slS 5 <Kl lhle o 5 457 5505 (St 05550k — o S o Ol je & b NIR
.(Kawano, 2005

Absorbance

ecleololololololololeloelolNololNollolNololNololNo)
ecleololololololololeoleololololNololNololololNao)
<O OMNMNODOOATAANMSSOOOMNMNOOODO ANM
T A A A A A A AN NNNN
Wavelenght (nm)
-- Control -- Pure --1.25 Conc. -- 2.5 Conc.

Figure (3) Spectral signature of samples with different pesticide concentrations applied on the first
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Table (1) Results of five treatment classification applied on first and eight days after spraying data and
different pre-processing methods

Wavelength Time F-
g after Preprocessing Accuracy Sensitivity — Specificity Precision
(nm) . measure
spraying
400-2500 Dayl RAW 0.97 0.97 0.97 0.98 0.97
MSC 0.87 0.88 0.87 0.89 0.88
SNV 0.99 0.99 0.98 0.99 0.99
VN 1 1 1 1 1
FD 0.17 0.17 0.17 0.86 0.05
SD 0.17 0.15 0.16 0.87 0.06
400-2500 RAW 0.97 0.97 0.97 0.98 0.97
MSC 0.61 0.61 0.6 0.81 0.59
SNV 0.75 0.76 0.74 0.8 0.75
Day 8
VN 0.77 0.77 0.75 0.82 0.77
FD 0.17 0.17 0.17 0.86 0.05
SD 0.17 0.17 0.17 0.86 0.05

gta 3 FD) ot e (VN (5415 2 5ledle 5 SNV 5,1kl Jbs 5 e (MSC) gy ST, g Vb ot 55 Sl
RS Sy U:)b}'- Q}Ju ‘_gLAa)‘: RAW ‘(SD) (.j;
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Table (2) Results of five concentration classification on different days after spraying data with vector
normalization pre-processing method at three wavelength bands

Wavelength Day Accuracy Sensitivity Specificity Precision F-measure

400-900 1 1 1 1 1 1
nm 3 0.98 0.98 0.98 0.98 0.98
5 0.95 0.95 0.95 0.95 0.95
7 0.89 0.89 0.89 0.89 0.89
8 0.75 0.76 0.76 0.85 0.76
900-1900 1 0.98 0.98 0.98 0.98 0.98
nm 3 0.87 0.88 0.88 0.89 0.88
5 0.84 0.85 0.84 0.87 0.86
7 0.83 0.83 0.83 0.84 0.84
8 0.82 0.82 0.82 0.83 0.83
400-2500 1 1 1 1 1 1
nm 3 0.9 0.9 0.9 0.91 0.9
5 0.89 0.9 0.9 0.9 0.9
7 0.83 0.84 0.84 0.88 0.84
8 0.77 0.77 0.75 0.82 0.77

sy alS 4 Ol g 1) o 251 5ty lesls Lo g (Lol 51 g sl 555 53 )T laastle il 3l
G Jol Ol o 1) VN 3 SNV (gla 25ls 5 i Jow (R 595 53 Cluark Comp 5 S35 ials bl ol s
oS calaSS, Wl 5 o oSS sl (b S el sha (535 2 oS (Eassy plal Ly Condls dide LS 5l &
o) 3 Al opl 3 S sdaline |y Calbes glaclale 53 Sglis 015 o (S0 03b 3 e et 4y 5 s LI5S0 S
plsl gl Qee B Fer o5l oo 1y (uls pib Sayi oS 5 p s e SBols I (6ol & Lol panl (1> S
Chle odle S codomy (slaolaws I oslizal 5 VL Glakil 43 (gyls piib 4 5L O Oly e (oplpl tdias o
(Cordonetal., 2022) 5 5 sluls |, 83T
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Table (3) Results of concentration classification on VN pre-processed of 5-day after spraying data at
three wavelength bands

Wa\(/ﬁ:ﬁ? gth C(()nggggg; : Accuracy Sensitivity  Specificity  Precision meZs:ure
400-900 0.625 0.82 0.83 0.82 0.8 0.82
nm 1.25 0.87 0.88 0.87 0.87 0.86
2.5 0.9 0.91 0.9 0.9 0.9
Pure 0.93 0.94 0.93 0.93 0.95
900-1900 0.625 0.82 0.8 0.81 0.81 0.82
nm 1.25 0.87 0.89 0.87 0.89 0.88
2.5 0.93 0.92 0.93 0.92 0.91
Pure 0.92 0.94 0.94 0.95 0.93
400-2500 0.625 0.8 0.81 0.79 0.8 0.81
nm 1.25 0.9 0.91 0.9 0.9 0.9
2.5 0.92 0.9 0.9 0.92 0.9
Pure 0.95 0.94 0.94 0.94 0.92

Table (4) Classification results of different preprocessing methods on 5-day after spraying data

. Class and o e . . -
Wavelength  Preprocessing Number Accuracy Sensitivity  Specificity  Precision measure
RWA 31, 0.625 0.93 0.94 0.92 0.95 0.94
MSC 33,1.25 0.81 0.82 0.86 0.87 0.82
SNV 29,25 0.97 0.97 0.97 0.98 0.97
400-2500
VN 26, pure 0.98 0.99 0.97 0.99 0.99
FD 0.14 0.15 0.15 0.87 0.04
SD 0.13 0.13 0.14 0.88 0.03

é:.iw 9 (FD) J}‘ é::..» ‘(VN)&)\J}{ L;}LAJL:JJ c(SNV) )J\.Ul:.d‘ ija j:.xlp 4(MSC) Gfp ;w\-{‘ﬁ c:.a.ai LVL J)b BE) Q\)L‘a:.i\

Azaa 5518 O g slaesls RAW (SD) £33
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Figure (6) Evaluation of prediction model (PLSR) for variation of pesticide residue in tomatoes at
different pesticide concentration (a- pure, b- 2.5, ¢- 1.25, d- 0.625)

Table (5) Results of the PLSR model for estimation of tomatoes pesticide residues at the wavelength
bands of 400-2500 nm

Wavelength Pesticide R® RMSE MAE MSE MBE d
concentration

400-900 pure 0.96 1.6 0.44 2.58 -1.01 0.82
nm 25 0.97 1.4 0.33 1.97 -1.81 0.88
1.25 0.9 1.02 1.05 1.04 -6.13 0.74
0.625 0.85 2.62 2.14 6.88 2.18 0.65
900-2500 pure 0.99 0.74 0.58 0.55 2.21 0.85
nm 2.5 0.95 1.06 0.9 212 -1.06 0.84
1.25 0.91 1.12 1.11 1.91 -1.09 0.78

0.625 0.82 1.58 3.34 4.69 -3.26 0.8
400-2500 pure 0.98 0.98 0.74 0.97 -3.06 0.86
nm 25 0.94 1.84 1.42 3.39 -2.02 0.8
1.25 0.9 1.32 1.04 1.74 1.13 0.76
0.625 0.88 1.17 0.92 1.39 2.24 0.73

Chle oS sy Ol (Soglie ey b Cabibes Wiy 4 by e Sladisas 03 ST b Cpoeen S S5 e
a5 55 (Profenofos) s sss » 25 CHT ebile b Laseis gl OLKes 5 J ka5 Jlale iags 3 .35
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