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Abstract.  
Curly lettuce (Lactuca sativa var. crispa) is a prominent horticultural crop due to its high demand 
for both production and human consumption. It plays a vital role in creating healthier, more 
balanced diets. However, the application of phytosanitary products, such as herbicides, whether 
applied by air or land, can lead to chemical drift into adjacent areas, negatively impacting sensitive 
crops. This drift can cause phytotoxicity and, in severe cases, result in total crop loss, depending 
on factors such as the method of application, environmental conditions, and the intensity of the 
drift. In this context, this study proposes the innovative use of sustainable geotechnologies, 
particularly remote sensing, in conjunction with data analysis using artificial intelligence (AI). 
These tools aim to monitor and estimate damage to crops. The study's objectives are: (i) to assess 
the damage caused to curly lettuce crops by the herbicides 2,4-D and glyphosate using proximal 
remote sensing (PRS) integrated with machine learning algorithms; and (ii) to compare the 
effectiveness of different algorithms in detecting and quantifying the level of damage. The 
research was conducted at the Federal Technological University of Paraná (UTFPR), specifically 
at the Santa Helena campus in the state of Paraná, Brazil. The experiment took place in a 
greenhouse situated at the geodetic coordinates of 24°50'48.41" S and 54°20'42.18" W, at an 
altitude of 234 meters. The dataset included various input variables, such as the vegetation 
indices NDVI (Normalized Difference Vegetation Index) and NDRE (Normalized Difference Red 
Edge Index), leaf area percentage, and dry mass, with the injury score serving as the output 
variable. Initially, the dataset comprised 288 samples, covering all evaluated time periods: 3, 7, 
14, and 21 days after emergence. For predictive modeling, the data were divided into 80% for 
training the model and 20% for validation. The machine learning algorithms assessed in the study 
were Random Forest, CatBoost, K-Nearest Neighbors (KNN), and XGBoost. The performance of 
these models was evaluated using the coefficient of determination (R²) and the root mean square 
error (RMSE). The best validated performances were achieved with the following algorithms: 
Random Forest (R² = 78.99%; RMSE = 16.14%), CatBoost (R² = 78.96%; RMSE = 16.14%), KNN 
(R² = 78.06%; RMSE = 15.93%), and XGBoost (R² = 77.50%; RMSE = 16.62%). The study 
concludes that integrating spectral reflectance properties (SRP) with artificial intelligence (AI) 
offers an effective approach for estimating injuries in lettuce crops. This method is sustainable, 
non-destructive, and provides rapid responses, demonstrating high potential for supporting 
decision-making in agricultural management systems while helping to reduce both productive and 
environmental risks. 
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Introduction 
Pesticide drift poses a significant challenge for agricultural production systems, especially for 
sensitive crops such as lettuce. It can cause physiological damage and yield losses 
(REBESQUINI et al., 2024). In this context, advances in Precision Agriculture (PA), associated 
with Remote Sensing (RS) and Artificial Intelligence (AI), expand the possibilities for monitoring 
and analyzing crops quickly and non-destructively (MOLIN et al., 2015). The hypothesis was that 
integrating these technologies enables high-precision detection and quantification of injuries 
caused by herbicide drift in lettuce crops (FURUYA et al., 2024). Therefore, this study aimed to 
estimate the damage caused by the herbicides 2,4-D and glyphosate in curly lettuce using 
Proximal Remote Sensing (PRS) combined with machine learning (ML) algorithms. It also aimed 
to compare the models' performance in detecting and quantifying phytotoxicity levels. 
 
Material and Methods 
The study was conducted in a greenhouse and at the Herbology and Herbicides Laboratory 
(Herb+) of the Federal Technological University of Paraná (UTFPR), Santa Helena campus, 
Paraná, Brazil. To monitor injuries caused by simulated drift of glyphosate and 2,4-D herbicides 
in curly lettuce crops, evaluations were conducted at 3, 7, 14, and 21 days after treatment. The 
database included NDVI and NDRE vegetation indices, canopy cover estimated by the Canopeo 
application, and plant dry mass, while the output variable was injury intensity, determined by 
visual assessment performed by three independent evaluators using a percentage scale from 0 
to 100% (EWRC, 1964; WELLS et al., 2019). Spectral indices were obtained through proximal 
remote sensing with the RapidScan CS-45 sensor, and the final dataset comprised 288 samples, 
split 80% for training and 20% for model validation. After data organization and preprocessing, 
analyses were performed in the Google Colaboratory (Google Colab) environment using Python. 
Subsequently, the Random Forest Regressor (RF), Categorical Boosting (CatBoost), K-Nearest 
Neighbors (KNN), and Extreme Gradient Boosting (XGBoost) algorithms were evaluated and 
compared using the coefficient of determination (R²), Mean Absolute Error (MAE), and Root Mean 
Square Error (RMSE). 
 

Results and Discussion 
The XGBoost algorithm stood out as the most consistent, achieving R² = 96.67%, demonstrating 
excellent explanatory power and high predictive accuracy (Fig 1d). The distribution of points along 
the 1:1 line indicated low dispersion of residuals, suggesting that the model was able to 
adequately capture the non-linear relationships between the explanatory variables and plant 
injury, even at higher levels of damage, a condition that is often challenging in agricultural 
systems. The results of this study highlighted the high potential of integrating SRP and ML 
algorithms to detect and quantify injuries from herbicide drift in lettuce crops (SPIRALSKI et al., 
2025). 
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Fig 1. Desempenho dos modelos preditivos na validação entre valores observados e preditos para a estimativa de 
injúria na cultura da alface crespa. 

(a) 

 

(b) 

 
(c) 

 

(d) 

 

Conclusions 
It was concluded that integrating PRS and ML algorithms is a robust, accurate, and non-
destructive approach for detecting and quantifying herbicide drift damage in curly lettuce crops. 
Among ensemble and boosting methods, XGBoost and CatBoost showed superior performance, 
with high coefficients of determination and lower residual dispersion. These algorithms better 
captured non-linear relationships and intrinsic variability in the agricultural system, outperforming 
simpler approaches such as KNN and RF, which had limitations in generalization and predictive 
stability. 
 
References 
EWRC - European Weed Research Council. (1964). Report of the 3rd and 4th meetings of the 

European Weed Research Council Committee of Methods in Weed Research. Weed 
Research, 4, 88. 

Furuya, D., Bolfe, É., Parreiras, T., Barbedo, J., Santos, T., & Gebler, L. (2024). Combination of 
Remote Sensing and Artificial Intelligence in Fruit Growing: Progress, Challenges, and 
Potential Applications. Remote Sensing, 16, 4805. https://doi.org/10.3390/rs16244805 

Molin, J. P., do Amaral, L. R., & Colaço, A. (2015). Agricultura de precisão. Oficina de textos. 
Rebesquini, R., Schwab, N., Tarouco, C., Rubert, J., Buffon, P., Holkem, A., & Da Rosa Ulguim, 

A. (2024). Physiological and growth responses of lettuce plants submitted of 2,4-D simulated 
drift. Comunicata Scientiae, 15, e2083. https://doi.org/10.14295/cs.v15.4083 

Spiralski, M., Miszczak, A., Siebielec, G., Piasecka, Z., Trojnacki, R., Kwaśnik, P., Kotlarz, J., 
Kubiak-Siwińska, K., Kacprzak, M., Marciniak, S., Rotchimmel, K., Beben, K., & Szymański, J. 
(2025). Integrating Remote Sensing and AI for precision Monitoring of Soil and Vegetation 
Contamination. The International Archives of the Photogrammetry, Remote Sensing and 
Spatial Information Sciences. https://doi.org/10.5194/isprs-archives-xlviii-g-2025-1373-2025 

Wells, M. S., Bradley, K. W., Johnson, W. G., Young, B. G., Steckel, L. E., Loux, M. M., Davis, V. 
M., Legleiter, T. R., Hager, A. G., & Sprague, C. L. (2019). Off-target movement of dicamba: a 
review of injury symptoms, exposure, and impacts on soybean. Weed Technology, 33, 618-
629. 

y = 0.0035x2 + 0.3931x + 19.581
R² = 0.8665

0
20
40
60
80

100
120

0 20 40 60 80 100 120Pr
ed

ic
te

d 
in

ju
ry

 d
at

a 
(%

)

Observed injury data  (%)

Random Forest

y = 0.0005x2 + 0.8665x + 4.1821
R² = 0.9383

0

20

40

60

80

100

120

0 20 40 60 80 100 120

Pr
ed

ic
te

d 
in

ju
ry

 d
at

a 
(%

)

Observed injury data (%)

CatBoost

y = 0.0025x2 + 0.5546x + 9.3463
R² = 0.7841

0
20
40
60
80

100
120

0 20 40 60 80 100 120Pr
ed

ic
te

d 
in

ju
ry

 d
at

a(
%

)

Observed injury data (%)

KNN

y = 0.0011x2 + 0.8161x + 5.167
R² = 0.9667

0
20
40
60
80

100
120

0 20 40 60 80 100 120Pr
ed

ic
te

d 
in

ju
ry

 d
at

a 
(%

)

Observed injury data (%)

XGBoost


