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Digital Agriculture/ Original Article

Machine learning algorithms 
to predict the crops most 
susceptible to weed occurrence in 
integrated crop-livestock systems
Abstract – The objective of this work was to investigate the use of machine 
learning algorithms to predict the crops most susceptible to weed occurrence 
in integrated crop-livestock systems, based on environmental factors of 
climate, soil, and cropping systems, to establish correlations between these 
elements and the occurrence of weeds. Three datasets were used for this 
purpose: the first provided quantitative information on the invasive species, 
the second contained data about the soil, and the last had records of the 
region’s climate. The algorithms used were Support Vector Machine, Decision 
Tree, Random Forest, and K-Nearest Neighbors. The application of machine 
learning algorithms to predict the susceptibility of crops to weed emergence 
is technically feasible and effective. The Decision Tree and Random Forest 
algorithms demonstrated the best performance, with both models achieving 
99% accuracy. Robust relationships were established between environmental 
factors (climate, soil, and planting) and the appearance of invasive species 
in certain crops. The algorithms reproduced the patterns of weed emergence 
observed under field conditions.

Index terms: artificial intelligence, crop rotation systems, data analysis, 
weed management.

Algoritmos de aprendizado de máquina 
para prever as culturas mais suscetíveis à 
ocorrência de plantas daninhas em sistemas 
de integração de lavoura-pecuária
Resumo –O objetivo deste trabalho foi investigar o uso de algoritmos de 
aprendizado de máquina para prever as culturas mais suscetíveis à ocorrência 
de plantas daninhas em sistemas de integração de lavoura-pecuária, com base 
em fatores ambientais de clima, solo e sistemas de cultivo para estabelecer 
correlações entre esses elementos e a incidência de plantas invasoras. Três 
conjuntos de dados foram utilizados para esse propósito: o primeiro forneceu 
informações quantitativas sobre as espécies invasoras, o segundo continha 
dados sobre o solo e o último possuía registros do clima da região. Os 
algoritmos utilizados foram Support Vector Machine, Decision Tree, Random 
Forest e K-Nearest Neighbors. A aplicação de algoritmos de aprendizado de 
máquina para prever a suscetibilidade das culturas à emergência de plantas 
daninhas é tecnicamente viável e eficaz. Os algoritmos Decision Tree e 
Random Forest demonstraram o melhor desempenho, com ambos os modelos 
atingindo 99% de acurácia. Relações robustas foram estabelecidas entre os 
fatores ambientais (clima, solo e plantio) e o surgimento de espécies invasoras 
em determinadas culturas. Os algoritmos reproduziram com sucesso os 
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padrões de emergência de plantas daninhas observados em 
condições de campo.

Termos para indexação: inteligência artificial, sistemas de 
rotação de culturas, análise de dados, controle de plantas 
daninhas.

Introduction

Weed populations in integrated crop-livestock 
systems (ICLS) are typically lower than those found 
in continuous tillage systems (Concenço et al., 2011). 
This reduction is attributed to forage plants, which act 
as an important soil cover in intercropped cultures 
(Concenço et al., 2015; Duarte et al., 2018), preventing 
the emergence of invasive plants (Schuster et al., 2019). 
Additionally, rotation systems contribute to reducing 
the weed seed bank in the soil (Ikeda et  al., 2007). 
Even with these natural benefits, the need for precise 
and effective monitoring means that the adoption of 
technologies in weed management is growing (Gomes 
et al., 2024).

Machine learning (ML) approach is the basis for 
diverse technologies used to deal with various aspects 
of weed control (Jha et al., 2019). These ML applications 
encompass systems that: identify the optimal timing to 
perform weed control (Monteiro et al., 2021); estimate 
weed density and distribution (Shorewala et  al., 
2021); recognize and classify different weed species 
(Sabzi & Abbaspour-Gilandeh, 2018; Etienne et  al., 
2021; Costello et al., 2022); and use smart sprayers to 
confirm local application of herbicides (Yu et al., 2019; 
Hussain et al., 2021; Raja et al., 2023).

However, the majority of these technologies target 
post-emergence weed management (Gomes et  al., 
2024). Consequently, the application of ML algorithms 
to develop solutions to predict weed occurrence has 
not yet been widely studied. Furthermore, studies 
on the use of artificial intelligence applications in 
integrated crop-livestock systems is unknown (Gomes 
et al., 2024).

Investigating the use of these algorithms to predict 
occurrence of invasive species may be appropriate. 
Firstly, to understand the environmental factors and 
the cropping systems that favor weed emergence. In 
addition, the algorithm’s predictive results can be used 
to modify or adopt new techniques in the field, thereby 
focusing on reducing rates of weed appearance and 
growth.

The objective of this work was to investigate the use 
of ML algorithms to predict the crops most susceptible 
to weed occurrence in integrated crop-livestock 
systems, based on environmental factors of climate, 
soil, and cropping system, to establish correlations 
between these elements and the occurrence of weeds.

Materials and Methods

The study was conducted in the Cerrado biome 
within the municipality of Sete Lagoas, in the state of 
Minas Gerais, Brazil (19°29'4.37"S, 44°10'25.66"W, 
at 755 of altitude). The local climate, classified as Aw 
(humid tropical) by Köppen, is characterized by an 
average temperature above 18°C in the coldest month, 
a dry winter, and a rainy summer season. The average 
annual rainfall totals 1,350 mm, concentrated from 
October to March, with a notable occurrence of dry 
spells often observed in January and February. The 
soil was classified as Latossolo Vermelho distrófico, 
according to Brazilian Soil Classification System 
(Santos et al., 2018), i.e., an Oxisol. The experimental 
design and the cropping systems information are 
described by Alvarenga et al. (2007).

The study utilized three datasets: one containing 
quantitative information on weed species, the second 
detailing soil properties (pH, organic matter, and 
nutrients), and the third focused on the local climate. 
All data collected on weeds, climate, and soil were from 
the integrated crop-livestock systems experiments 
belonging to Embrapa (Embrapa Milho e Sorgo, 
2018). The weed dataset provided by Embrapa Milho 
e Sorgo encompasses variables including date, weed 
common name, leaf morphology (narrow leaf or broad 
leaf), fresh biomass, dry biomass, sampling period, 
crop, field number, number of frames, area of each 
frame, and total area sampled. The precise locations 
within each field where the weeds were collected were 
demarcated. The data collection covered two specific 
time periods: 2006 and from 2015 to 2023.

The rotation system involved four crop types, 
utilized in the following proportional areas: maize 
(19.3%), sorghum (4.5%), soy (17.9%), and forage plants 
for pasture (9.9%). Weed sampling was carried out 
across four distinct periods corresponding to the crop 
cycle. The measurements occurred: at harvest, before 
or immediately after crop harvest; vegetative growth 
stage, right after planting and prior to the herbicides 
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application; off season, between crop cycles, before 
seedling, during cattle grazing period; pre-desiccation, 
a specific stage during off season period, immediately 
before the desiccation herbicide application.

Some dataset adjustments were required prior to 
the analysis. The nomenclature of the weed species 
was standardized and missing dry biomass data were 
imputed using the median (Bruce et al., 2020). It was 
also possible to estimate missing values for fresh 
biomass using the rule of three, based on the principle 
that dry biomass constitutes approximately 40% of the 
fresh plant biomass. After these procedures, the total 
dataset contained 1,103 records.

The soil dataset, provided by Embrapa Milho e 
Sorgo, encompasses a list of variables. It included 
identifying contextual information: year, field 
number, and soil depth, ranging from 0 to 60 cm. The 
variables also described: soil pH measured in water, 
aluminum saturation (%), organic matter (dag kg-¹), 
total exchangeable bases (cmolc dm-³), cation-exchange 
capacity (cmolc dm-³), base-cation saturation ratio (%), 
H+Al (cmolc dm-³), Al (cmolc dm-³), Ca (cmolc dm-³), 
Mg (cmolc dm-³), K (mg dm-³), P (mg dm-³), B (mg 
dm‑³), Zn (mg dm-³), Fe (mg dm-³), Cu (mg dm‑³), and 
Mn (mg dm-³). Finally, the dataset included the specific 
ratios: Ca/Mg (cmolc dm-³); Ca/K (cmolc mg-1); Mg/K 
(cmolc mg-¹); and Ca+Mg/K (cmolc mg-1).

The variables organic matter, Zn, Cu, Mn, Fe, and 
B presented missing data. The missing values were 
replaced with estimates using the median method 
by Bruce et  al. (2020). Overall, this final dataset 
contained 215 records collected across multiple years: 
2005, 2006, 2012, 2014, 2015 to 2020, and 2022.

The third dataset, on climate, was compiled by 
merging two distinct data sources. The first, from the 
Brazilian National Institute of Meteorology (INMET), 
provided weather records for the region from 2017 
onwards. The second, from the Sete Lagoas Automatic 
Meteorological Station (EMA), supplied weather data 
specific to Sete Lagoas, from 2000 to 2016. This 
combination was necessary to ensure weather records 
spanning all years of interest to the present study.

To combine the two sources into the final climate 
dataset, only the common variables were selected. 
The variables were: date, air pressure (hPa), average 
temperature (°C), maximum temperature (°C), 
minimum temperature (°C), humidity (%), wind speed 
(m s-¹), wind direction (compass degrees), and rainfall 

(mm). The missing values were replaced with estimates 
using the median method (Bruce et  al., 2020). After 
datasets merging and processing, the final climate 
dataset comprised 8,066 climate records.

The soil and climate datasets were submitted to a 
statistical dispersion analysis to ensure data cleaning 
(Figure  1). This analysis was performed in order to 
detect outliers and verify the accuracy of the data (Das 
& Cakmak, 2018; Bruce et al., 2020).

The weed and climate datasets were merged using 
the variable date. This merged dataset was then 
combined with the soil dataset using year as the key 
variable. The resulting final dataset contained 1,541 
records. To prepare the data for the algorithms, the 
final dataset was normalized and discretized. Some 
variables, such as year, were only used during the 
merging process, and were excluded from the final 
models. Other variables, such as fresh biomass and 
dry biomass, were eliminated later during the model 
development since they lowered the values of the 
performance metrics. The variables retained and used 
in the final models are detailed in Table 1.

Classification Supervised Learning (CSL) 
algorithms, a class of machine learning (ML), were 
employed to predict which crops were most likely 
to host invasive species, based on the provided 
climate, soil, and planting conditions. The specific 
CSL algorithms selected for the present study were 
Support Vector Machine, Decision Tree, Random 
Forest, and K-Nearest Neighbors. These algorithms 
were chosen because they are the most frequently 
used in weed control problems (Gomes et  al., 2024). 
For all algorithms, the data were split using an 80% 
proportion for training and 20% for testing, using the 
same amount of data for each model. A data-shuffling 
criterion was applied to enhance model performance 
(Das & Cakmak, 2018; Bruce et al., 2020), expecting 
that data shuffling may alter the final results.

The performance of the algorithms was evaluated 
using the following classification metrics: accuracy, 
precision, recall, and F1 score. These metrics 
were estimated using the following equations: 
Accuracy = (TP+TN)/(TP+TN+FP+FN), Precision 
= TP/(TP+FP), Recall = TP/(TP+FN), and F1 
Score = 2×[(Precision×Recall)/ Precision+Recall)], 
where TP is the number of true positives, TN is 
the number of true negatives, FP is the number 
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of false positives, and FN is the number of false 
negatives (Das & Cakmak, 2018; Bruce et al., 2020).

The Decision Tree and Random Forest algorithms 
presented the best performance when using the 
entropy criterion, which serves as a measure of data 
disorganization (Das & Cakmak, 2018; Bruce et  al., 
2020). Support Vector Machine algorithm achieved its 
optimal performance using linear kernel. Finally, the 
K-Nearest Neighbors algorithm performed best when 
the number of neighbors (K) was equal to two.

Results and Discussion

The algorithms demonstrated good overall 
performance, predicting the crops most likely to host 
weed species. The metrics results are displayed in 
Table 2. However, Maize/Pasture and Pasture/Pasture 
were not represented in the final predictions.

The most critical failure in the prediction occurred 
when the algorithm neglected to identify an invasive 
species in a crop that it appeared. As the weed’s 
presence was not expected, no preventive measures 

Figure 1. Dispersion statistical analysis of soil data (Zn, Cu, Mn and Fe) in the integrated crop-livestock system, in the 
municipality of Sete Lagoas, in the state of Minas Gerais, Brazil.
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were taken, resulting in crop losses. High values of 
the precision and recall metrics indicated that it is not 
occurring (Das & Cakmak, 2018; Bruce et al., 2020). 
While K-Nearest Neighbors algorithm presented a 

low recall for Sorghum/Pasture, all algorithms still 
presented good performance.

Decision Tree and Random Forest algorithms 
provided feature importance scores (percentages) 
for each input variable used in the prediction 
process (Table 1). The percentages reflected the best 

Table 2. Performance metrics (precision, recall, accuracy 
and F1 score) of machine learning algorithms for weed 
emergence prediction in integrated crop-livestock system, 
in the municipality of Sete Lagoas, in the state of Minas 
Gerais, Brazil.

Algor. Crop(1) Precision 
(%)

Recall 
(%)

Accuracy 
(%)

F1 Score 
(%)

Su
pp

or
t v

ec
to

r m
ac

hi
ne

Maize 100 100 98 100
Maize/Sorghum 97 97 98 97
Pasture 100 94 98 97
Pasture/Soy 100 100 98 100
Soy 98 100 98 99
Soy/Maize 97 100 98 99
Sorghum 96 100 98 98
Sorghum/Pasture 100 93 98 84

D
ec

is
io

n 
tre

e

Maize 100 100 99 100
Maize/Sorghum 97 100 99 99
Pasture 100 94 99 97
Pasture/Soy 100 100 99 100
Soy 100 100 99 100
Soy/Maize 92 99 99 99
Sorghum 100 100 99 96
Sorghum/Pasture 100 100 99 100

R
an

do
m

 fo
re

st

Maize 98 100 99 99
Maize/Sorghum 100 100 99 100
Pasture 100 93 99 96
Pasture/Soy 83 100 99 91
Soy 100 100 99 100
Soy/Maize 99 100 99 99
Sorghum 96 100 99 98
Sorghum/Pasture 100 80 99 89

K
-n

ea
re

st
 n

ei
gh

bo
rs

Maize 95 100 95 97
Maize/Sorghum 94 100 95 97
Pasture 100 88 95 94
Pasture/Soy 83 83 95 83
Soy 96 100 95 98
Soy/Maize 94 100 95 97
Sorghum 100 96 95 98
Sorghum/Pasture 100 27 95 43

(1) The slash notation indicates the sequence of the crop rotation during the 
off-season: the crop harvested precedes the crop to be planted.

Table 1. Variable importance scores for machine learning 
algorithms within the integrated crop-livestock system, 
in the municipality of Sete Lagoas, in the state of Minas 
Gerais, Brazil.

Variable Decision 
Tree (%)

Random 
Forest (%)

Sampling period 22.42 10.20
Air pressure (hPa) 18.44 8.78
Fe (mg dm-³) 14.89 7.50
Organic matter (dag kg-¹) 7.25 1.10
Wind speed (m s-1) 5.90 2.80
Al (cmolc dm-³) 5.31 5.21
Cu (mg dm-³) 4.88 7.07
Minimum temperature (°C) 3.22 3.35
Weed name 3.20 2.04
Leaf type 2.20 0.60
Ca+Mg/K (cmolc mg-1) 1.81 1.88
Aluminum saturation (%) 1.77 3.34
B (mg dm-³) 1.71 1.95
Wind direction (compass degrees) 1.58 2.29
Mn (mg dm-³) 1.41 5.20
Ca/Mg (cmolc dm-³) 1.22 1.96
Base-cation saturation ratio (%) 0.80 1.01
H+Al (cmolc dm-³) 0.73 1.77
Mg/K (cmolc dm-³) 0.32 1.24
P (mg dm-³) 0.32 0.35
Ca/K (cmolc mg-1) 0.17 1.26
Maximum temperature (°C) 0.16 6.73
Number of frames 0.16 0.24
Humidity (%) 0.00 6.00
pH H20 0.00 3.64
Average temperature (°C) 0.00 3.53
Rainfall (mm) 0.00 2.19
Zn (mg dm-³) 0.00 1.53
Mg (cmolc dm-³) 0.00 1.23
Ca (cmolc dm-³) 0.00 1.03
K (mg dm-³) 0.00 0.98
Total exchangeable bases (cmolc dm-³) 0.00 0.87
Cation-exchange capacity (cmolc dm-³) 0.00 0.73
Soil depth (cm) 0.00 0.16
Total area sampled (m²) 0.00 0.05
Area of each frame (m²) 0.00 0.00
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configuration for each algorithm. For both algorithms, 
the most important variables were sampling period, air 
pressure, and Fe.

These variables and their importance values can 
vary according to the shuffling. During optimization, 
it was observed that the most important climate 
variable frequently altered due to shuffling. In some 
results, the algorithm pointed to humidity as the 
most important, while in others, it indicated average 
temperature. However, the most important weed 
variable was consistently sampling period, and Fe was 
always the most important soil variable throughout the 
prediction process.

The sampling period variable proved to be 
extremely important for crop prediction. Changes in 
a crop’s growth stage alter microclimate conditions, 
soil conditions, and, consequently, there are variations 
of the sunlight incidence on the crop canopy, which 
influence the appearance of weeds (Velin et al., 2012).

The variable Fe was the most important soil element 
influencing algorithm performance, though Cu and 

Mn were also significant, particularly for the Random 
Forest model. This aligns with the understanding 
that weeds make efficient use of micronutrients and 
require small amounts for growth (Thapa et al., 2021). 
Notably, micronutrients show a negative correlation 
with the variable organic matter (Dhaliwal et  al., 
2019). Therefore, low organic matter levels lead to 
higher micronutrient values, which was observed in 
Soy/Maize and Maize crops. These two crops, which 
lacked forage plants, exhibited the highest amount 
of weeds: 2,099 and 1,865, respectively, since forage 
benefits weed reduction. Soy/Maize also recorded 
the highest average Fe levels. This suggests that 
micronutrients play a more relevant effect in the 
absence of forage plants: low organic matter levels 
increase micronutrients contents in the soil, which in 
turn correlates with a higher presence of weeds.

Regarding the climate data, air pressure showed 
a negative correlation with rainfall (Figure  2), that 
is, higher air pressure was associated with less 
rainfall, and vice-versa (Ynoue et  al., 2017). Since 

Figure 2. Correlation matrix of climate variables of the integrated crop-livestock system, 
in the municipality of Sete Lagoas, in the state of Minas Gerais, Brazil.
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field observations and literature confirm that rainfall 
directly influences weed emergence (Werth et  al., 
2017), it seems that the algorithms used air pressure as 
a proxy for rainfall. Furthermore, the variable humidity 
proved to be important to the algorithms, since most of 
the weed species found in the studied region are not 
adapted to dry periods.

The variable average temperature demonstrated 
its importance, which explains why maximum 
temperature was given considerable importance by the 
Random Forest algorithm, since higher temperatures 
favor seed production and vegetative growth. The 
variable wind speed was found to be a key variable for 
the Decision Tree algorithm. The correlation analyses 
showed a positive correlation between air pressure and 
wind speed (Figure  2). Higher air pressure resulted 
in higher wind speed (Ynoue et al., 2017). It allows to 
establishing a relationship between rainfall and wind 
speed: significant variations in air pressure increase 
wind, which leads to rain (Ynoue et al., 2017).

All these identified relationships between the 
environmental factors and weed appearance are 
consolidated results. Since the algorithms predicted 
these relationships, they are confirmed as promising 
techniques for practical application for agricultural use.

Conclusions

1. The application of machine learning algorithms to 
predict the susceptibility of crops to weed emergence 
is technically feasible and effective.

2. The Decision Tree and Random Forest algorithms 
demonstrated the best performance, with both models 
achieving 99% accuracy.

3. Robust relationships were established between 
environmental factors (climate, soil, and planting) and 
the appearance of invasive species in certain crops.

4. The algorithms reproduced the patterns of weed 
emergence observed under field conditions.
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