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RESUMO
Uma nova abordagem para estimar a produtividade da soja em condição de campo

A soja é uma das culturas agrícolas mais cultivadas no mundo e para aumentar a sua
produção de forma sustentável, os produtores devem aplicar técnicas de manejo mais conscientes
considerando não apenas o maior retorno econômico, mas também a redução do impacto negativo
ambiental. Para isso, os dados de produtividade apresentam-se como camadas de dados
fundamentais que podem auxiliá-los no manejo. A estimativa da produtividade da soja é geralmente
obtida por monitores de produtividade e por modelos agrometeorológicos, os quais apresentam
limitações relacionados ao uso de seus dados. Por exemplo, a qualidade dos dados provenientes
dos monitores de produtividades é afetada pela condição do sistema sensor, tornando obrigatório
a realização de uma filtragem de dados. Já, os modelos agrometeorológicos são limitados não
apenas pela quantidade de variáveis necessária em seu modelo, mas também pela resolução espacial
e temporal. Ciente das limitações dos métodos atuais, torna-se oportuno investigar novos métodos
para estimar a produtividade da soja no campo considerando a disponibilidade de acesso a dados
de produtividade da soja e suas componentes e dos avanços tecnológicos na agricultura. Os
objetivos foram: (a) analisar as relações da produtividade da soja e sua componentes (número de
grãos - NG e massa de mil grãos - TGW) a partir de dados publicados e propor um modelo para
estimar a produtividade da soja e (b) realizar uma análise exploratória para obtenção de dados das
componentes de produtividade da soja a partir de métodos bidimensionais (2D) em plantas no
estádio fenológico R8. Inicialmente, foi conduzida uma revisão bibliográfica para obtenção de
dados de produtividade da soja e suas componentes para compor o conjunto de dados de
treinamento. A partir dele, modelos de regressão linear foram ajustados e, posteriormente, testados
em um conjunto de dados de validação composto por 58 amostras de campo. A análise exploratória
do processamento de imagens foi realizada com imagens de soja obtidas em condição de campo a
partir de um sensor de uma câmera comercial. As imagens obtidas foram submetidas ao tratamento
básico de imagem seguida da aplicação de um algoritmo booleano para detectar as componentes
da produtividade. Como resultado, foram gerados três modelos de regressão linear: o primeiro com
base na TGW, o segundo ajustado pelo NG e o terceiro relacionado com TGW e NG. O modelo
com base em NG apresentou melhor acurácia, indicando que a variável NG é uma potencial
componente de produtividade que pode ser utilizada como variável preditora. A análise
exploratória da aplicação do processamento de imagens RGB gerou resultados que auxiliam
trabalhos futuros para aprimorar as técnicas de processamento de imagem para obtenção da
varíavel NG. Para que a detecção da componente de produtividade seja aprimorada, foram
identificadas etapas importantes que devem ser aplicadas antes do uso do algoritmo booleano,
como a limiarização. Neste estudo foi proposto um modelo para estimar a produtividade da soja a
partir de uma variável preditora (NG) e também foi apresentado um potencial método de
processamento de imagem para obtenção desta variável a partir de imagem RGB obtida em campo.
Palavras-chave: Agricultura de precisão, Componentes de produtividade, Glycine max,
Processamento de imagens, Regressão linear
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ABSTRACT
Towards a new approach to estimate soybean yield at the field level

Soybean is one the most cultivated crops in the world. Looking to improve soybean
production in a more sustainable way, it is imperative for farmers to make better management
practices, improving the economic return and reducing the negative impact on the environment.
Thus, yield data becomes an essential data layer that can support farmers to boost the management
practices related to the soybean crop. Commonly, soybean yield data are obtained from combine
harvester equiped with yield monitor or by agrometeorological models. Both present limitations
regarding the data usage. For example, yield monitor data quality are affected by the sensor system
that require data filtering process and agrometeorological yield models are limited to the amount
of predictor variables required and its spatial and temporal resolution. Thus, aware of these
limitations, it becomes an opportunity to investigate new methods to estimate soybean yield at the
field level considering soybean yield and yield component data availability and the advances of
technological applications in agriculture. The objectives of this study were to: (a) analyze the
relationship among soybean yield and its components (number of grains - NG and thousand grains
weight -TGW) in a worldwide range from available data and propose a yield estimation model
based on yield components and (b) make an exploratory analysis on two dimensions (2D) methods
to obtain data related to soybean yield from plants at the R8 phenological stage. Initially, it was
conducted a literature review to gather soybean yield and its components data to compose the
training dataset. Linear regression models based on soybean yield components were fitted on the
training dataset and evaluated on a validation dataset composed of 58 samples collected at the field
level. To conduct the exploratory analysis of image processing techniques on soybean, images were
taken at the field level from a consumer-grade camera, then basic image processing techniques were
applied followed by the application of a Boolean-based algorithm to detect the soybean
components. As a result, it was generated three linear regression models: the first based on the
TGW, the second based on NG and the third based on TGW and NG. The yield model based on
NG presented the highest prediction accuracy, indicating that NG can be a potential yield
component to be used as predictor variable. The exploratory analysis of the application of image
processing techniques on RGB images provided potential results that support further investigation
to improve image processing to gather NG data. Aiming to improve the detection of the yield
components through image processing, it was found important steps that must be applied before
application of the Boolean-based algorithm such as thresholding. In this study, it is proposed a new
soybean yield estimation model relying on the use of one predictor variable (NG) and also, it is
presented a potential image processing method that allows gathering NG data from soybean RGB
images taken at the field level.
Keywords: Glycine max, Image processing, Linear regression, Precision agriculture, Yield
components
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1. INTRODUCTION
The perception of the limited food production to supply the demand of the world
population growth is debated and corcerns specialists for decades. One of the main agricultural
products cultivated in the world is soybean (Glycine max L. Merril), an important oilseed and a
valuable agricultural commodity traded around the world. As soybean grain demand increases
with population growth, it is required to improve crop production increasing its yield in a
sustainable way (Sentelhas et al., 2015).
Aware of soybean importance to the world as a source of food, it is important to obtain
data that supports decision makers to enhance soybean production (Batistella et al., 2011;
Andrade et al., 2013). In this sense, yield estimation becomes a fundamental parameter that
can help farmers to improve their crop management (Gong et al., 2013).
Crop yield is one of the most important data layer used in precision agriculture (PA) to
initiate the investigation regarding the existence of spatial variability in the fields (Vega et al.,
2019) and it is related to several regulatory interactions that occur at the field level varying
spatially and temporally (Wijerwardana et al., 2019). The identification and quantification of
these interactions with the PA practices allow to identify possible factors responsible for the
uneven development of the crop (Mulla & Scheppers, 1997).
Currently, soybean yield data are obtained from yield monitors (Fulton et al., 2018) and
agro-meteorological models (Betbeder et al., 2016). Yield monitors present several limitations
that affect the quality of the data such time consuming steps to improve its calibration, regular
maintenance and verification of the sensor system (Fulton et al., 2018). Crop yield models are
limited to its spatial resolution and the need of several predictor variables as input data to
develop accurate yield prediction models such as (a) crop canopy vegetation indices (Al-Gaadi
et al., 2016) and (b) historical yield and climate data (Setiyono et al., 2018).
Independently the recent methods used to estimate soybean yield, it is common the
application of machine learning techniques. For example, Schwalbert et al. (2020) presented a
model to perform in-season soybean yield estimation applying machine learning (statistical)
techniques, satellite imagery and weather data. In their research, they were able to forecast
soybean yield at the municipality-scale, but relying on the use of multiple predictor variables.
Despite their results, the authors highlighted the trade-off that might occur applying these
methods in extreme weather conditions, indicating that more error are found in years that
weather is different than the normal.
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Yu et al. (2016) proposed methods to improve soybean yield estimation and plant
maturity prediction applying machine learning techniques into a database composed of data
obtained at the field level. In their study, they evaluated the estimated yield with variables such
canopy geometric features, plot row length and yield data obtained from a combine harvester.
As a result, they found that plot row length and canopy geometric features improved yield
estimation accuracy.
Note that despite the potential proposed models from both studies (Yu et al., 2016 and
Schwalbert et al. 2020), they relied on the use of several predictor variables to estimate
soybean yield, including the use of vegetation indices, and, in some cases, it is not feasible to
acquire that amount of predictor variables. In addition to that, the use of vegetation indices to
fit soybean yield prediction models is not an acceptable approach among the scientific
community as it is for wheat crops that present high correlation among yield and biomass, and,
as a consequence, normalized difference vegetation index (NDVI) as shown in Lai et al. (2018),
for example.
As machine learning application become more popular in agriculture, studies have been
done focusing on crop yield prediction based on its yield components through image processing
techniques combined with machine learning statistical approaches. Most of the studies were
conducted on crops that yield is accounted by its fruits such as apple (Hung et al., 2015), mango
(Qureshi et al., 2017) and peach (Kurtulmus et al., 2014).
There are few studies made to estimate crop yield based on its components related to
annual crops. Reza et al. (2019) predicted rice yield at the field level applying a cluster algorithm
to delimitate the area of rice grains in an image to estimate its yield. As a result, they were able
to acccurately estimate rice yield based on the grain area.
Alharbi et al. (2018), aware that wheat spikes are related to wheat yield, developed an
automated counting system based on image processing and machine learning techniques to
count wheat spikes from wheat growth images. Their system achieved accuracy rates of up to
90.7% on wheat spikes counting, highlighting the potential to apply image processing and
machine learning techniques to acquire yield components data.
Aware of the current limitations to estimate soybean yield at the field scale and that
soybean grain is the harvested product of the crop, efforts should be done aiming to improve
soybean yield estimation exploring their relation like what was done for rice (Reza et al., 2019)
and wheat (Alharbi et al., 2018).
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Thus, it is an opportunity to investigate soybean yield and its components relation in a
worldwide range considering the theorethical aspects already reported by Fehr & Caviness
(1997) and explore possible application of computer vision techniques considering soybean
plant images at the field level. The first hypothesis of this study is that soybean yield can be
predicted using its yield components as input variable considering that yield is a function of its
yield components. The second is that soybean yield components related to yield can be
estimated applying computer vision techniques on images obtained at the field level.
The objectives of this study were: (a) analyze the relationship among soybean yield and
its components in a worldwide range from available data and propose a yield estimation model
based on yield components and (b) make an exploratory analysis on two dimensions (2D) and
three dimensions (3D) methods to obtain data related to soybean yield of plants at the R8
phenological stage.

14

15

2. LITERATURE REVIEW

2.1 Precision agriculture
The definition of precision agriculture (PA) is constantly evolving and it varies from
author and year. Among some definitions, there are:
(I)

Combination of the use and practice of agricultural inputs under specific
conditions at the field level aiming to do the right thing, at the right place, at the
right moment and at the right manner (Pierce et al., 1994);

(II)

Targetting inputs for the production of agricultural crops according to the needs
of the crop in a localized manner (Stafford, 1996);

(III)

Management strategy that uses information technology to obtain data from
several sources that support decision making associated with plant production
(The National Research Council, 1997);

(IV)

Systematic approach related to soil and crop management to minimize decision
uncertainty from a better understanding and management of the spatial and
temporal variability (Dobermann et al., 2004);

(V)

Agricultural tool set that aims to a site-specific crop management enhancing the
use of agricultural inputs and its efficiency and reducing environmental negative
impacts (Gebbers & Adamchuk, 2010);

(VI)

Application and use of geospatial tools, sensors, remote sensing and global
positioning to identify and adopt management strategies according to the field
level variability (Zhang & Kovacs, 2012);

(VII)

Agricultural management system that considers the field level variability to
apply agricultural inputs at the right place, right rate and right time reducing the
negative environmental impact and improving farmers profitability (Mulla,
2013);

(VIII)

Management strategy based on the use of technology to gather data from
different sources to support decision makers (Li & Chung, 2015);

(IX)

Management of field spatial and temporal variability from the use of
information and communication technologies (Fountas et al., 2016)

(X)

”Management strategy that gathers, processes and analyzes temporal, spatial
and individual data and combines it with other information to support
management decisions according to estimated variability for improved resource
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use efficiency, productivity, quality, profitability and sustainability of agricultural
production.” (ISPA, 2019);
Despite the variation among PA definitions, in general, they consider the field level
spatial and temporal variability aiming to improve crop management, reducing negative
environmental impacts and improving net economic return.
To improve the understanding of variability in the agricultural context, it is important to
be aware of the variability classification according to Zhang et al. (2002), as shown below:
(I)

Topographic variability (elevation, inclination, proximity to boundaries and
streams, and others);

(II)

Soil variability [physico-chemical properties such as nutrient availability (e.g.
nitrogen, phosphorus, potassium and others), soil hidrogen potential (pH), soil
water holding capacity and others];

(III)

Crop variability related to plant density, height, plant stress caused by biotic and
abiotic factors, biomass and others;

(IV)

Variability caused by anomalous factors such weed and insect infestation,
nematodes, diseases and others;

(V)

Variability induced by different management practices such crop rotation, soil
amendment application, soil conversation practices and others;

(VI)

Yield variability which is the consequence of the interaction among all the others
variability.

In view of the theoretical understanding of PA and variability, studies have been carried
out to comprehend variability and analyze the feasibility of applying PA to different crops. As
an example, there are those that applied PA techniques and obtained yield improvement
(Monzon et al., 2018), developed platforms to increase PA adoption as an auxiliary decision
tool (Wachowiak et al., 2017), analyzed economical feasibility of applying PA (Silva et al., 2007)
and analyzed yield temporal variability (Yost et al., 2017).
Baio et al. (2017) carried out a financial analysis comparing the crop management based
on precision agriculture and conventional techniques on a cotton crop. In their case, they found
that the application of PA techniques provided higher profitability indicating the feasibility of
PA application into their scenario even having higher initial costs with machinery and sensor
systems. Note that their study was conducted only for one harvest season.
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Colaço et al. (2020) conducted a long-term experiment in citrus to compare a variable
and uniform rate fertilisation treatments over five growing seasons considering economic
viability, energy and nutrient balance. As a result, in terms of energy, variable rate applications
presented lower embodied energy when compared to the uniform application indicating that
the PA application resulted not only in a reduced energy input to the system, but also reduced
the risk associated to nutrient loss corroborating to minimize the negative impact that
agricultural practices can cause to the environment. Considering the profitability, they found
areas that variable rate applications yielded higher profits than uniform applications. However,
the opposite was also found. Their findings indicate that there are still challenges to overcome
the field level variability and to provide the optimal fertilisation recommendations that are still
based on standards disregarding the complex spatial interaction among production factors.
Considering Baio et al. (2017) and Colaço et al. (2020), in which both considered yield
as one main parameter to be evaluated, we can conclude that there is still a lack of conclusive
studies regarding the economical and environmental consequences of the PA applications.
Therefore, more efforts on PA studies must be carried out to improve crop management
practices.
Aiming to support the development of a more sustainable agriculture relying on the
principles of PA, this study focused on the development of a new method to estimate soybean
yield at the field level aware that soybean is a major cultivated crop in the world and yield is an
essential data that can be used to improve management decisions.

2.2 Soybean crop and yield estimation
Soybean [Glycine max (L.) Merrill] is one of the top five oilseed worldwide cultivated. In
the 2018/2019 soybean harvest, United States of America was the country that produced the
most (120.52 million tons) with a cultivated area of 35.45 million hectares followed by Brazil
with 119.00 million tons produced in an area of 35.90 million hectares (USDA, 2020).
Brazilian soybean is mainly destined for three segments: a) 7% for the market stock, b)
44% for the exportation of fresh grain and c) 49% for the processing of the grain which 79% is
destined to soybean meal production and 21% to oil production. About 52% of the soybean
meal produced is destined for exportation, while the remaining 48% is used for domestic
consumption mainly for animal feed (APROSOJA, 2014; CONAB, 2017).
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In view of the economic importance of soybean crop, several studies have been
conducted to improve soybean crop production applying different management practices and
goals: genetic traits (Todeschini et al., 2019), seed composition (Assefa et al., 2019) seed
population (Camicia et al., 2018), planting date (Mourtzinis et al., 2017) and seed treatment
(Kandel et al., 2016). Despite their different goals, all the cited studies evaluated crop yield as
a comparison factor, highlighting the importance of yield in all the cases.
Soybean yield estimation can be conducted by different methods that varies according
to the objectives and spatial resolution. At regional scale purposes that aims to forecast crop
production, the use of low spatial resolution are suitable as those found in informative bulletins
available at National Supply Company (CONAB), Brazilian Agricultural Research Corporation
(EMBRAPA), National Agricultural Statistics Service (NASS) and United States Department of
Agriculture (USDA), for example. However, if the objective is to support crop management
practices at the field level, more detailed data are required, thus, high spatial resolution is
needed, like the study of Maestrini & Basso (2018).
Considering low spatial resolution, agrometeorological models can be used to predict
crop yield besides its limited spatial resolution and also provide usefull data to support the
development of public policies and commodity future contracts. As an example, Schwalbert et
al. (2020) developed a soybean yield forecast model at a regional scale, South of Brazil, applying
machine learning techniques to a dataset composed of average yield data distinguished by city
from the Brazilian Institute of Geography and Statistics (IBGE) database, Rural Environmental
Registry (CAR) database, vegetation indices (VIs) obtained from satellite imagery and
climatological data such as temperature and rainfall. As a result, the authors found satisfactory
prediction accuracy, highlighting the importance of using these predictive models to support
the development of public policies.
Other studies considering larger areas to forecast crop yield has been already
developed, for example, Sakamoto (2020) proposed a maize and soybean yield estimation
model for the United States at the county level. His study was based on the application of
different machine learning to a database composed of remote sensing data (VIs),
environmental data (daily mean temperature, precipitation, shortwave radiation and soil
moisture) and available data from the NASS. As a result, the proposed method yielded
satisfactory results.
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Fuzzo et al. (2020), conscious that agrometeorological yield models relies on vast
number of predictor variables, proposed a method for soybean yield prediction over large areas
(Parana State, Brazil) considering data (radiometric temperature and NDVI) from one single
satellite (MODIS sensor) and compared to models that relied on the use of more variables. Their
findings highlight that the use of data from MODIS sensor alone were suitable to predict
soybean yield over large areas.
Note that, Schwalbert et al. (2020), Fuzzo et al. (2020) and Sakamoto (2020) studies
were well fitted to the purposes that do not require high spatial resolution. On the other hand,
when higher spatial resolution is required to support crop decision making at the field level, it
is imperative to obtain data at the field level.
Considering within field, Maestrini & Basso (2018) predicted spatial patterns of different
crops (maize, cotton, soybean and wheat) relying on the use of yield data and vegetation
indices obtained from harvester with yield monitor and satellite imagery, respectively. In their
study, they found that models based on historical yield maps outperformed the models based
on VIs, indicanting yield data as the best predictor of spatial patterns and highlighting the
importance of using yield maps.
Soybean yield can be estimated from a grain yield monitor system usually coupled with
a mass/volume flow sensor, moisture sensor, global navigation satellite system (GNSS) and
user-friendly task computer. The system estimates the mass of the harvested grain over an
assigned area and the data accuracy is dependent on moisture sensor calibration, mass/volume
flow sensor and GNSS (Fulton et al., 2018).
The advantage to use grain yield monitor system is that they can deliver on-the-go data
collection, however it is highly dependent on the quality of the sensor system calibration, grain
elevator cleanness and wiring harnesses, for example (Fulton et al., 2018). Thus, aware of these
limitations, it is required to perform post-harvest yield data processing/cleaning to improve
yield accuracy estimation as it is known that poor yield data leads to poor decisions (Fulton et
al., 2018).
Aware of the possible errors found in yield monitor data, several authors proposed
different methods to cope with different types of errors (Blackmore & Moore, 1999; Menegatti
& Molin, 2004; Sudduth & Drummond, 2007; Spekken et al., 2013; Leroux et al., 2018 and Vega
et al., 2019). But, despite their efforts, there is no consensus among the scientific community
about the best method to filter yield monitor data. Thus, as an alternative to yield monitors,
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remote sensing techniques and new sensor technologies that are based on high-throughput
phenotyping research are likely to be used in the future to accurately estimate yield (Fulton et
al., 2018).

2.3 Remote sensing
Remote sensing (RS) can be described as a combination of technology and techniques
for data collection done by sensor systems that are carried on different platforms, positioned
at a distance from the target that can vary from a few meters to many thousands of kilometers
and operated in various parts of the electromagnetic spectrum (Ferguson & Rundquist, 2018).
Within the remote sensing concept, there is the proximal sensing whose definition is similar,
except for the distance of the sensor from the target that must be placed within 2 m (Viscarra
Rossel et al., 2011).
RS in PA is used to collect and analyze data about crop and soil from sensors systems.
Among soil sensing system there are: (a) electrical and electromagnetic sensors, (b) optical and
radiometric sensors that cover diffrent parts of the electromagnetic spectrum (gamma ray, xray, ultraviolet, visible, infrared, microwaves and radio waves spectrum), (c) sensors that rely
on the mechanical interaction among sensors and soil and (d) electrochemical sensors
(Adamchuk et al., 2018). Regarding to plant sensing systems, they can be based on: (a) crop
canopy reflectance and fluorescence sensors, (b) machine vision, (c) light detection and ranging
(LiDAR) and time-of-flight (ToF) cameras, (d) thermal sensors, (e) mechanical sensors and (f)
acoustic sensors (Adamchuk et al., 2018).
Despite the different sensor measurement systems, RS applications also depend on
platform (proximal, aerial or orbital), region of the electromagnetic spectrum (visible, infrared
and microwave), number and length of spectral bands (panchromatic, multispectral and
hyperspectral), spatial resolution (high, medium and low), temporal resolution (frequency of
revisiting the sensor system), radiometric resolution (shades of gray) and energy source (active
or passive sensors) used for data collection (Metternicht, 2008).
RS can assist PA by providing spatial and temporal data on crops, contributing to a better
monitoring of biotic and abiotic factors, positively impacting on decision-making such as
manpower required for crop treatment, machinery demand and logistics planning before
harvest (Andrade et al., 2014). Beyond theses advantages, RS can be a tool used for different
purposes such as: to forecast crop yield (Shanahan et al., 2001, Wei et al., 2020), to classify
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plant specie (Kamilaris & Prenafeta-Boldú, 2018), to count the number of plants (Gnädinger &
Schmidhalter, 2017), to estimate crop phenological stage (Hufkens et al., 2019), to predict crop
biomass and height (ten Harkel et al., 2020).
Most of the remote sensing applications related to yield prediction in soybean crops are
based on a dataset composed of vegetation indices and agrometeorological data covering large
areas as shown in studies from Sakamoto et al. (2020) and Schwalbert et al. (2020). Besides
these studies using large areas and low spatial resolution, there are also studies conducted in
soybean areas where data was obtained with high spatial resolution such as Eugenio et al.
(2020).
Regardless low or high spatial resolution, Sakamoto et al. (2020), Schwalbert et al.
(2020) and Eugenio et al. (2020) relied on the use of vegetation indices to fit yield estimation
models applying different machine learning techniques and even aware that there is no
consensus about the veracity of using VIs to estimate soybean yield, a different approach when
it is considered wheat crops. In wheat crops, yield estimation models based on VIs are
commonly found in studies (Lai et al., 2018; Aranguren et al. 2020) as there is a positive
correlation among VIs and yield.
RS tools can be based on different sensor systems such LiDAR tecnology that can scan
the target on two and three dimensions quickly with high accuracy (Rosell & Sanz, 2012),
hyperspectral, multispectral, thermal, infrared and red, green, blue (RGB) sensors that provide
spectral data of the target (Kamilaris & Prenafeta-Boldú, 2018). Among these sensors, RGB
sensors, commonly associated with consumer-grade cameras, can be considered a feasible
sensing method to provide crop data with high temporal resolution that can be used to support
agriculture, for example, in crop development monitoring (Richardson et al., 2009).
The application of RGB sensors in agriculture has been largely studied to provide high
quality data in an easy, efficient and low-cost manner. For example, Nijland et al. (2014)
evaluated the use of consumer-grade cameras with RGB and near infrared wavelenghts for
vegetation monitoring and phenology studies. As a result, they found that consumer-grade
cameras with RGB and NIR for detection of plant phenology and crop monitoring are promising
tools under field situations and controlled laboratory experiment. In addition, the authors
highlights that consumer-grade RGB cameras are simple and affordable tools for agricultural
purposes such plant detection and development. Fernandez-Gallego et al. (2019) found that

22

consumer-grade cameras can be used to delivery RGB indices with robust statistical approach
for durum wheat yield prediction or screening purposes.
Aware that consumer-grade cameras are being used for remote sensing applications in
agriculture, Zhang et al. (2017) conducted a study to evaluate the performance of two
consumer-grade cameras, a RGB camera and a modified near-infrared (NIR) camera for crop
identification and leaf area index (LAI) prediction at different spatial resolutions. As a result,
they found that at finer spatial resolutions (0.4 to 4 m) for both purposes, LAI estimation and
crop identification, the combined use of consumer-grade RGB camera and modified NIR camera
provided results with sufficient accuracy highlighting their suitability to be used in agricultural
purposes.
Yang et al. (2019) applied a deep convolution neural network for rice grain yield
estimation comparing yield models developed from RGB and multispectral dataset to yield
models from vegetation indices dataset. As a result, RGB and multispectral yield models
outperformed VI yield models, highlighting the need to study more about the application of
RGB and multispectral dataset to forecast crop yield.
Feng et al. (2020) estimated cotton yield using UAV-based multi-sensor imagery
composed of RGB camera, multispectral camera and infrared thermal camera. They developed
yield models based on VIs, plant height and canopy temperature and found that plant height is
an interesting variable to be used to predict cotton yield.
Reza et al. (2019) estimated rice yield applying an image processing method to RGB
images obtained from a sensor coupled at an unmanned aerial vehicle. As a result, they
sucessfully estimated rice yield achieving a 0.98 of coefficient of determination between the
proposed method and ground truth.
Maimaitijiang et al. (2020) predicted soybean yield from UAV using multimodal data
fusion and deep learning. Their dataset was composed of canopy spectral, structure, thermal
and texture features besides yield. They applied different machine learning (ML) methods such
partial least square, support vector machine, random forest regression and deep neural
networks (DNN) finding that DNN outperformed the others ML methods. In conclusion, they
reported that using a single sensor, spectral features or RGB-based structure information
present similar prediction accuracy and their combination improved yield estimation accuracy.
Note that most of the studies have related yield with different vegetation indices and
dependending on the crop, yield estimation models were able to accurately estimate the crop
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yield. Despite these approaches, there are some researches studying the relation among crop
characteristics and its yield. For example, Yu et al. (2016) developed methods to improve
soybean yield estimation and predict plant maturity with an UAV based platform. In their study,
they applied random forest classifier to measure crop geometric features (canopy area and plot
row length) and found high correlations with final yield.

2.4 Crop yield and its components
The investigation of crop yield and its components has been studied in crops such: Vigna
mungo -black gram (Malik et al., 2008), Cicer arietinum L. - chickpea (Lake & Sadras, 2014),
Lupinus mutabilis - lupin (Sandaña & Calderini, 2012), Zea mays - maize (Borghi et al., 2012; Liu
et al., 2011), Oryza sativa - rice (Hussain et al., 2012; Nascente et al., 2012; Reza et al., 2019),
Carthamus tinctorius - safflower (Mohamadzadeh et al., 2011; Zafaranieh, 2015), Sesamum
indicum - sesame (Eskandari et al., 2009), Helianthus - sunflower spp (Sedghi et al., 2008),
Triticum aestivum - wheat (Alharbi et al., 2018; Azimi et al., 2013; Malek-Mohammadi et al.,
2013; Rehman & Farooq, 2016) and Phaseolus spp - white bean (Kazemi et al., 2012).
The usual yield components found in the literature are: thousand grains weight,
hundred grains weight, number of grains per m2, number of grains per cob, number of grains
per panicule and others. The studies varies from different management practices to analyze
the effect on yield (Hussain et al., 2012) until genetics approaches (Malik et al., 2008). Despite
knowing that yield components are characteristics inherent to yield, these data are not
commonly used to developed crop yield models.
In the case of soybean crops, it has been already reported that soybean yield estimation
must rely on three main characteristcs: number of pods per plant, number of grains per pod
and grain weight. These characteristics are the least sensitive to external factors at the final
development stage (R8) and are the result of the interaction among genotype and enviroment
(Egli, 1988). In addition to that, according to Fehr & Caviness (1997), at R8, the plant must
present more than 95% of their pods at the maturity color, absence of leaves and grain humidity
lower than 15%, indicating that it is close to the ideal harvest point (Figure 1), thus, farmers
should pay attention to the R8 stage to start harvesting.
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Figure 1. Soybean phenological stage.
V = vegetative stages; E = emergence; C = cotyledon; V(n) = nth node; R = reproductive stages; R1 = beginning
bloom; R3 = beginning pod; R5 = beginning seed; R8 = full maturity. Source: adapted from Nordby et al. (2004).

2.5 Data availability and technological advances in agriculture to estimate yield
The access of data and its availability in agricultural research is facilitated because of
the advance of technological approaches to a wider public mainly associated to platforms that
allow their access on the “open access” policy. Several platforms allow users to obtain free
data, most are related to satellite imagery data [EarthExplorer (2020)] and climatological data
[National Oceanic and Atmospheric Administration – NOOA (2020)]. Besides these type of
platforms, there are those where users can make their dataset available, for example GitHUB
(2020) and research challenges supported by private companies that provide extensive
database to be explored according to the challenge goal such Sygenta Crop Challenge (2020).
Most of the data available for agricultural purposes are related to indirect factors such
as VIs and climatological data. However, as computer processing power increases,
technological advances are implemented in agriculture and machine learning techniques
become more popular, new methodologies for classification and prediction purposes in
agriculture have been developed. For example, Leroux et al. (2019) proposed a method to
forecast maize yield based on remote sensing data and application of machine learning
methods, in their case, multiple linear regression (MLR) and random forest (RF) regression. As
a result, they found that RF regression outperformed MLR, highlighting that the combination
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of remote sensing data and RF regression can provide important yield estimation in
environments where yield data are scarce.
As the application of machine learning becomes more popular in agriculture, computer
vision has also gainned more attention. Computer vision (method to obtain data from images)
and machine learning (method that an algorithm learn from a given data) techniques have been
implemented together in different purposes making task easier and providing important data
that in the past was not feasible to obtain, thus the focus in this study will be the application of
these techniques in yield prediction. Their application is more common in fruit crops, where
the harvested product is the organ direct related to yield. For example, Qureshi et al. (2017)
evaluated different classification methods to count the number of fruits on mango trees
canopies finding coefficient of determination values varying from 0.55 to 0.91 when compared
to the manual counting. Their results highlight the possibility to apply combined techniques
(computer vision and machine learning) in yield prediction purposes.
Other studies related to fruits organs and computer vision were also made. Tran et al.
(2017) developed a method to count the number of dragon fruits at the field level. As a result,
they were able to accurately count the number of fruits and predict its yield. Rahnemoonfar &
Sheppard (2017) proposed a method to count the number of tomatoes fruit from images taken
at the field level and found high accuracy rates. Note that despite the suitability of these
approaches on counting the number of fruits, it is imperative to relate their value to its real
yield, especially knowing that the fruits are traded considering not only the amount in pieces,
but also by their unit weight.
A studied applying machine learning and computer vision techniques have been also
conducted to predict rice yield different from the common approach based on the counting of
fruits. Reza et al. (2019) estimated rice yield based on the grain area information and found
results with coefficient of determination reaching up to 0.98 when compared to the groundtruth.
Table 1 shows researches conducted using big data, machine learning and computer
vision related to agricultural purposes. Note that there are several original and review papers
about these subjects, but few are related to its application on soybean crop and soybean yield
estimation.
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Table 1. Published papers related to big data, computer vision and machine learning in
agriculture.
Author
Focus in agriculture
Type of paper
Coble et al., 2018
Big data
Review
Delgado et al., 2019
Big data
Review
Kamilaris et al., 2017
Big data
Review
Weersink et al., 2018
Big data
Review
Wolfert et al., 2017
Big data
Review
Lin et al., 2020a
Computer vision (object detection)
Original article
Lin et al., 2020b
Computer vision (object detection)
Original article
Mavridou et al., 2019
Computer vision (object detection)
Review
Patrício and Rieder, 2018
Computer vision (object detection)
Review
Tian et al., 2019
Computer vision (object detection)
Review
Gómez et al., 2019
Machine learning (prediction)
Original article
Khan et al., 2020
Machine learning (prediction)
Original article
Machine learning (prediction) +
Koirala et al., 2019
Review
Computer vision (object detection)
Machine learning (prediction and
Liakos et al., 2018
Review
classification)
Maimaitijiang et al., 2020
Machine learning (prediction)
Original article
Michelon et al., 2018
Machine learning (prediction)
Original article
Nevavuori et al., 2019
Machine learning (prediction)
Original article
Niedbala, 2019
Machine learning (prediction)
Original article
Pantazi et al., 2016
Machine learning (prediction)
Original article
Machine learning (prediction) +
Reza et al., 2019
Original article
Computer vision (object detection)
Machine learning (classification) +
Sabanci et al., 2017
Original article
Computer vision (object detection)
Verma et al., 2018
Machine learning (prediction)
Original article
Wang et al., 2018
Machine learning (prediction)
Original article
Wei et al., 2020
Machine learning (prediction)
Original article
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3. MATERIAL AND METHODS
PART OF MATERIAL AND METHODS SECTION HAS BEEN ALREADY PUBLISHED AT AGRICULTURE
(WEI, M. C. F. & MOLIN, J. P. 2020. Soybean yield estimation: a linear regression approach.
Agriculture, v. 10, p. 348 – 361, doi:10.3390/agriculture10080348) – ANNEX A
This work has been divided into two: (a) analysis of the relationship among soybean
yield and its components and (b) exploratory analysis on two dimensions (2D) and three
dimensions (3D) methods to obtain data related to soybean yield of soybean plants at the R8
phenological stage.

3.1 Analysis of the relationship among soybean yield and its components
Initially, a bibliographic survey was conducted with the following keywords to gather
data for the training dataset: i) yield, ii) soybean, iii) estimation, iv) forecast, v) thousand grains
weight, and vi) hundred grains weight at the Web of Knowledge, Google Scholar and Scopus
research databases from 2010 to 2019. This survey aimed to look for articles, thesis and
dissertations that presented published data with at least the variables “yield”, “thousand grains
weight (TGW)” or “hundred grains weight (HGW)”. Despite these variables, it was also,
gathered “treatment”, “soybean variety”, “year of study”, “location of study”, “number of
grains” if available. After gathering the data, the total number of grains (NG), when not
available, was estimated from Equation I (adapted from Egli & Yu, 1991; Lindsey, 2020).

100 x Yield (kg ha−1 )

NG (grains m−2 ) = TGW (g 1000 grains−1 )

Eq. I,

where, NG is the number of grains (grains m-2) and TGW is thousand grains weight(g 1000
grains-1). Note that, when hundred grains weight (HGW) data was available instead of TGW,
HGW was converted into TGW multiplying its value by 10.

The validation dataset was composed of 58 randomly selected on-field samples of 1 m2
from a soybean (cultivar TMG 7062) field collected at Piracicaba, Brazil (22.7356 ºS, 47.6479
ºW) in March of 2019. The variable NG (grains m-2) was carefully and manually counted grain
by grain, thousand grains weight (g 1000 grains-1) and yield (kg ha-1) were obtained from these
samples after the drying process where the counted grains were placed into a forced circulation
air oven under 65 ºC for 72 h.
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The variables “TGW”, “NG” and “Yield” of the training and validation dataset were
submitted to a descriptive analysis (number of observations, minimum, median, mean and
maximum values, standard deviation, sample variance and coefficient of variation - CV) and all
the previous variables and “Country” were used to apply a scatterplot (“Yield” versus “Country”,
“Yield” versus “NG”, “Yield” versus “TGW” and “TGW”versus “NG”) and Pearson`s correlation
coefficient (r).
The statistical approach used for predicting soybean yield was the linear regression
because number of observations were larger than number of variables (Gromping, 2009). All
the observations from the variables “Yield”, “TGW” and “NG” were used to fit three linear
regression models: (A) Yield as function of TGW and NG, (B) Yield as function of NG and (C) Yield
as function of TGW.
The performance of the fitted models were evaluated comparing their root mean
squared error (RMSE – Eq. II), mean absolute error (MAE – Eq. III) and coefficient of
determination (R2 – Eq. IV) for both training and validation dataset.
1

RMSE = √N ∑N
𝑖=1(𝑦ᵢ − ŷ)²

Eq. II,

where RMSE = root mean squared error (kg ha-1), n = number of samples, y = observed variable
response and ŷ = predicted variable response.
MAE =

1
N

∑N
𝑖=1 |𝑦ᵢ − ŷ|

Eq. III,

where MAE = mean absolute error (kg ha-1), n = number of samples, y = observed variable
response and ŷ = predicted variable response.
R2 = 1 −

∑(𝑦ᵢ−ŷ)²
∑(𝑦ᵢ−ӯ)²

Eq. IV,

where R2 = coefficient of determination, n = number of samples, y.= observed variable
response, ŷ = predicted variable response and ӯ = mean value of the observed response
variable.

The statistical analysis was performed on R environment (R Core Team, 2019).
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3.2 Exploratory analysis on two dimensional (2D) and three dimensional (3D)
methods to obtain data related to soybean yield on plants at the R8 phenological
stage
In this subsection, it was conducted an exploratory analysis on how to obtain structural
data of soybean yield components, in this case, number of pods and number of grains applying
two methods: (A) 3D method (LiDAR sensor) and (B) 2D method (RGB consumer-grade sensor).

3.2.1 Three dimensional (3D) LiDAR-based application
The sensor systems used to collect 3D point cloud data was composed of a LiDAR sensor
model LMS 200 (Sick, Waldkirch, Germany) collecting data at 75 Hz with field of view of 180º,
a GNSS receiver with Real-Time Kinematic (RTK) model GR-3 RTK (Topcon, Tokyo, Japan),
portable Toughbook CF-19 (Panasonic, Osaka, Japan), a height-adjustable support (1 m to 2 m)
and a fixed metallic frame (1 m x 1 m).
Before start collecting soybean point of cloud data, the sensor system was tested on a
known target, in this case, a plastic chair. To obtain point cloud data and merge it with the GNSS
receiver data, it was used an algorithm similar to Colaço et al. (2017). After data acquisition,
data processing was conducted using the Cloud Compare software. As shown in Figure 2, data
acquistion from the sensor system and data processing proved to be a reliable method on
acquiring and generating the chair shape as a point cloud.

Figure 2. Example of a plastic chair obtained from two sensors. (A) Red, green and blue (RGB) image obtained
from a consumer-grade camera and (B) point cloud image obtained from a 3D Light Detection and Ranging
(LiDAR) sensor system after data post-processing.

Therefore, with the sensor system and data processing working correctly, it was
collected soybean data with the plants at the phenological stage R8 in an experimental area
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that belongs to the University of São Paulo (USP), in Piracicaba, on March of 2018 (soybean
2017/2018 harvest season).

3.2.2 Two dimensional (2D) RGB image acquisition and processing
It was used the rear passive optical sensor from a smartphone model Moto G5 Plus
(Lenovo, Sorocaba, Brazil) to capture the 2D RGB images. The sensor was set to capture images
with resolution of 12 megapixels (width of 4032 pixels and length of 3024 pixels), horizontal
and vertical resolution of 72 dpi, 24 bits depth (shades of gray), no-flash mode, focal length of
4 mm and exposure time of 1/747 sec.
Before starting RGB image data acquistion in the field, it was tested image processing
techniques containing only soybean pods in a scheme. Image processing was carried out using
ImageJ platform (The National Institute of Health, 2018). Basic image processing, such image
transformation (reduction of the grayscale of the image), binarization (process to convert a
grayscale image to a binary image – black and white), thresholding (method to segment the
image based on the histogram) and filtering (noise removal), was carried out using in-built tools
from ImageJ. After these processes, it was applied a Boolean-based algorithm (unsupervised
method based on the possible values of true or false) developed to ImageJ platform known as
“3D Object Counter” (Bolte and Cordelières, 2006).
As shown in Figure 3, it is possible to visualize that “3D Object Counter” yielded suitable
results regarding the identification and accounting the desired object under controlled
conditions. Note that, in this scenario, it was used only soybean pods while the desired scenario
to be tested should be on-field situations.

Figure 3. Soybeans pods. (A) RGB image. (B) 8 bits image. (C) Identified and counted objects. (D) Overlaid image
(A+C).
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Thus, aware of the possibility to obtain yield components data applying image
processing techniques on 2D RGB images, data collection at field level was carried out in the
attempt to obtain the number of pods and number of grains of soybean plants at the R8 stage
in a square delimited area of 1 m2.
Initially, in the harvest season 2017/2018, soybean images were taken at the field level
limited to an area of 1 m2 with soybean plants at the R8 stage aiming to establish a procedure
of image processing focused on the detection of soybean plant characteristics. As an
exploratory analysis, images were taken without considering lighting and time conditions,
however the distance from the camera to the target was established according to the scene
size that must contain at least the target area within 1 m2. Then, it was tested the application
of “3D Object Counter” tool.
Besides that, it was collected a sample of 1 m2 of soybean plants and stuck in the ground
in another area without other soybean plants. Four images at different views in relation to the
planted linefrom this sample were taken: (a) side view, (b) front view, (c) upper view and (d)
upper-side view. The application of “3D Object Counter” results the number of detected objects
(in this case, soybean pods) and the area of the detected objects. To estimate the number of
grains through image processing, it was divided the detected area of the objects by the area
value that corresponds to one grain, a similar approach that Reza et al. (2019) applied for rice
crops. The comparison among estimated number of pods and number of soybean grains was
compared to the manual counting (pod by pod and grain by grain) that was performed after
image acquisition.
The statistical parameter used to compare the results from image processing against
the manual counting was the absolute relative error in percentage since this work is an initial
investigation of the potential to apply computer vision to obtain soybean number of grains.
Absolute relative error was calculated applying the module of the value obtained by difference
between manual and estimated values and dividing it by the manual value.
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4. RESULTS AND DISCUSSION
PART OF THE RESULTS AND DISCUSSION SECTION HAS BEEN ALREADY PUBLISHED AT
AGRICULTURE (WEI, M. C. F. & MOLIN, J. P. 2020. Soybean yield estimation: a linear regression
approach. Agriculture, v. 10, p. 348 – 361, doi:10.3390/agriculture10080348) – ANNEX A
4.1 Analysis of the relationship among soybean yield and its components
Table 2 presents the descriptive analysis of the soybean training and validation dataset.
Looking at the training dataset, it was found 707 observations of soybean data that contained
at least “yield” and “thousand grains weight” or “hundred grains weight” from 56 eligible
papers. It is shown a large difference between soybean yield and its yield components among
countries. Yield presented a range from 167.1 to 10,170 kg ha-1. Different yield values found
across the world highlights the regional variability inherent among environment and genotype.
Coefficient of variance of yield and NG are higher than 50% and TGW is about 24% indicating
that TGW presents less variance than yield and NG variables. Looking at the validation dataset
(Table 2), it shows that the CV among samples are higher for both yield and NG variables than
TGW, a similar trend found in the training dataset.
Table 2. Descriptive analysis of the soybean training dataset and validation dataset.
Training Dataset
Validation Dataset
TGW
NG
TGW
NG
Measurement Yield
Yield
(g 1000
(grains
(g 1000
(grains
(kg ha−1)
(kg ha−1)
grains−1)
m−2)
grains−1)
m−2)
n
707.0
707.0
707.0
58.0
58.0
58.0
Minimum
167.1
64.7
100.0
2100.0
301.5
1236.0
Median
2819.0
148.4
1849.0
3460.0
423.3
1888.0
Mean
2764.9
148.0
1826.0
3463.8
420.4
1889.0
Maximum
10,170.0
346.0
5557.0
5400.0
542.9
2975.0
Standard
1557.6
35.9
932.0
736.6
44.6
444.0
Deviation
Sample
2,425,981.0 1291.6
868,565.2 542,588.9 1991.8
196,958.0
Variance
CV (%)
56.3
24.3
51.1
21.3
10.6
23.5
n = number of observations; CV = coefficient of variation; TGW = thousand grains weight and NG =
number of grains. Source: adapted from Wei & Molin (2020).

It is shown in Figure 4 soybean yield variability among countries despite year, genotype
and treatments. Figure 4A, worldwide soybean yield, shows soybean yield distribution among
countries indicating large yield differences within country level, on other words, representing
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yield variability at a country level as expected once we can see in several governmental reports,
for example, in the US and Brazil, United States Department of Agriculture—USDA and Brazilian
Agricultural Research Corporation—EMBRAPA, respectively, that are responsible for
forecasting and presenting harvested yield by location and year.
Soybean yield versus TGW, as shown in Figure 4B, presents a weak linear relationship (r =
0.50) between these two variables which will negatively impact the prediction accuracy of the
linear regression model. Whislt, Figure 4C, soybean yield versus NG, presents a strong linear
relationship between yield and NG (r = 0.92) indicating that the yield prediction model based
on NG variable might present higher prediction accuracy than the model based on TGW.
Comparing TGW and NG data (Figure 4D), there is a weak linear relationship (r = 0.19) indicating
that there is no collinearity between them, therefore both predictor variables (NG and TGW)
can be used in the linear regression yield predictive models.
Aware that yield prediction is one of the most important topics in PA and ML techniques
have widely been applied in agriculture, Figure 4 highlights the opportunity to apply ML
techniques to estimate soybean yield, but different from the common approach that relies on
VIs, for example, this dissertation proposes linear models based on yield components (TGW
and NG).
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Figure 4. Boxplot and scatterplots of observed soybean yield (kg ha−1) and its yield components by country. (A)
Worldwide soybean yield (kg ha−1) by country, (B) thousand grains weight (g 1000 grains−1), (C) number of grains
(grains m−2) and (D) thousand grains weight (g 1000 grains−1) versus number of grains (grains m−2). r = Pearson`s
correlation coefficient. Source: adapted from Wei & Molin (2020).
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Aware that yield is function of number of pods (np), grain number per pod (gnp) and
grain weight (gw) (Eq. V) adapted from Egli & Yu (1997) and Lindsey (2020), it is possible to
combine np and gnp, generating a new variable, number of grains (NG), and providing Eq. VI.
Thus, it is plausible to affirm that soybean yield is a direct function of NG and gw.
Regarding NG and TGW variables related to yield, NG had more influence on yield
compared to gw/TGW as already reported in papers (Board, 1987; De Bruin & Pedersen, 2008;
Robinson et al., 2009, Carciochi et al., 2019) and found in Figure 4.
Yield (kg ha−1 ) = np (unit ha−1 ) x ngp (grain unit −1 ) x gw (kg grain−1 )

Eq. V,

where, np, ngp and gw are, respectively, number of pods (unit ha-1), number of grains per pod
(grain unit-1) and grain weight (kg grain-1).
Yield (kg ha−1 ) = NG (grains ha−1 ) x gw (kg grain−1 )

Eq. VI,

where, NG and gw are, respectively, number of grains (grain ha-1) and grain weight (kg grain-1).

Figure 5 shows a scatterplot of the observed and predicted soybean yield applied to the
training dataset. Linear models were generated from training dataset on which model A (Figure
5A) presented the highest R2 (0.97) and lowest RMSE (288.78 kg ha-1), results expected because
the increment of variables used as predictors, usually yields higher R2 and lower RMSE. Model
B (Figure 5B), yield as function of NG, presented R2 and RMSE of 0.85 and 455.98 kg ha-1,
respectively. As expected due to the weak linear relationship between yield and TGW, model C
(Figure 5C) presented the lowest R2 (0.26) and the highest RMSE (1343.17 kg ha-1). Higher R2
and lower MAE values were found for models A and B, instead of model C because NG had
globally more influence than TGW to predict yield. Hence, it is expected that models A and B
present a better prediction accuracy than model C when applied to the validation dataset.
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Figure 5. Scatterplot of soybean observed and predicted yield (kg ha-1) applied to training dataset. (A) Yield
estimation based on thousand grains weight (TGW in g 1000 grains-1) and number of grains (NG in grain m-2), (B)
Yield estimation as function of number of grains (NG in grains m-2) and (C) Yield estimation as functions of thousand
grains weight (TGW in g 1000 grains-1).
n = number of observations; MAE = mean absolute error (kg ha-1); RMSE = root mean squared error (kg ha-1); R2 =
multiple R-squared; Yield = soybean yield (kg ha-1); TGW = thousand grains weight (g 1000 grains-1); NG = number
of grains (grains m-2). Source: adapted from Wei & Molin (2020).

In Figure 6, models A, B and C generated from the training dataset were applied to the
validation dataset containing 58 observations. R2 values for models A (Figure 5A), B (Figure 5B)
and C (Figure 5C) were 0.66, 0.70 and 0.02, respectively. Model B presented the highest R2,
lowest MAE (639.99 kg ha-1) and RMSE (726.67 kg ha-1) followed by model A (MAE – 3420.93
kg ha-1 and RMSE – 3449.80 kg ha-1) and model C (MAE – 5267.52 kg ha-1 and RMSE – 5391.08
kg ha-1). These results indicated that model B presented a higher accuracy rate to predict
soybean yield based on number of grains. Note that, in order to achieve a good accuracy rate,
both predicted and observed yield should present, not only high R2, low RMSE and MAE, but
also, the amplitude ratio closest as possible to one.
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Figure 6. Scatterplot of soybean observed and predicted yield (kg ha-1) applied to validation dataset. (A) Yield
estimation based on thousand grains weight (TGW in g 1000 grains-1) and number of grains (NG in grains m-2), (B)
Yield estimation as function of number of grains (NG in grains m-2) and (C) Yield estimation as functions of thousand
grains weight (TGW in g 1000 grains-1).
n = number of observations; MAE = mean absolute error (kg ha-1); RMSE = root mean squared error (kg ha-1); R2 =
multiple R-squared; Yield = soybean yield (kg ha-1); TGW = thousand grains weight (g 1000 grains-1); NG = number
of grains (grains m-2). Source: adapted from Wei & Molin (2020).

This study presented a novel model to predict soybean yield based on its components
and data published in a worldwide range applying linear regression models different from the
common approach which rely on soil properties (Smidt et al., 2016), historical data about soil,
yield and soybean variety (Marko et al., 2016), and vegetation indices (Christenson et al., 2016),
for example. The model based on the variable NG (model B) presented the highest R2
demonstrating its potential to be used as soybean yield predictive model.
The implication to apply this model is to acquire the predictor variable, NG, which is not
easy at the moment. But, there are researchers working on high-throughput phenotyping,
specifically, estimating the number of grains per pod in soybean plants (Uzal et al., 2018) and
number of grains (Li et al., 2019). Despite both studies estimated the number of soybean grains
applying computer vision techniques, their research were conducted under controlled
environmental conditions and the ideal scenario should be at the field level considering all the
variables that can affect the image composition.
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Aware that yield monitors present several time consuming steps to calibration to
improve its accuracy estimation (Fulton et al., 2018), computer vision techniques are being
applied to estimate crop organs related to yield (Liu et al., 2018; Qureshi et al., 2017; Sa et al.,
2016) and the accuracy performance of the developed model to predict soybean yield based
on number of grains (model B), efforts should be made aiming the application of computer
vision techniques to achieve accurately the number of grains at the field level to apply model B
to forecast soybean yield as an alternative to the use of yield monitor data.

4.2 Exploratory analysis on two dimensional (2D) and three dimensional (3D)
methods to obtain data related to soybean yield on plants at the R8 phenological
stage
4.2.1 Three dimensional (3D) LiDAR-based application
The results from the 3D LiDAR-based application did not present potential to be used
as a tool to obtain soybean plant characteristics at R8 stage, in this case, soybean grains and
pods. This occured because it was not possible to acquire point cloud data and generate plant
3D modelling like what was made to the plastic chair. The hypothesis about this problem is that
the emitted light beam from the LiDAR sensor was not able to return to the sensor making the
data acquisition a failure. Hence, assuming that the problem might be related to the plant
characteristcs and/or LiDAR sensor resolution and/or sensor system setup, future studies
should address the stated problems above.

4.2.2 Two dimensional (2D) RGB image acquisition and processing
Due to the failure of the approach using the 3D LiDAR-based application similar to
Colaço et al. (2017) for acquiring and modelling soybean plant characteristics at R8 stage,
efforts have been focused on the exploratory application of 2D RGB image acquisition and
processing.
Considering that soybean yield can be estimated by the number of grains, RGB image
acquisition was focused at the field level. Figure 6 presents an example of image acquistion and
processing at the field level with soybean plants at the R8 phenological stage. Figure 7A, a RGB
image with 24 bits, contains in the scheme soybean plants within a fixed frame with 1 m2 and
unsidered objects (white object in the background and soybean plants beyond the fixed frame)
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that might commit image processing. Figure 7B is the transformation of the RGB image (24 bits)
to a 8 bits image, reducing the image size and turning image processing faster. The image
results of the application of the tool “3D Object Counter” are shown in Figures 7C and 7D. Both
Figures 7C and 7D represents the surface object detected and counted, however the first shows
the object number labelling and the second does not. In Figures 7E and 7F, it is shown an
overlaid image of Figures 7B and 7D and Figures 7A and 7D, respectively. Overlaid images allow
the user to visualize the quality of the image processing. In this case, it is shown in Figure 7F
that there is still a challenge to limit the target objects within the desired area (the fixed frame
with 1 m2).

Figure 7. In-field RGB image acquisition of soybean plants at the R8 phenological stage and image post-processing
results. (A) Original RGB image, (B) Image transformation. (C) Results of the object dectected and counted with
labelling, (D) Results of the object dectected and counted without labelling. (E) Overlaid images B and D and (F)
Overlaid images A and D.

As the development of soybean plants are uneven due to the result of the biotic and abiotic
factors, a topic widely studied among researchers such as Chen & Wiatrak (2010) and Carverzan
et al. (2018), different plant scenarios indicating spatial variability can be found at the field
level. For example, Figure 8 shows soybean plants that are within an area considered in the R8
phenological stage where it is expected that they do not present leaves and green stems,
however it can be found plants with and without leaves in the same scheme, an indication of
variability at the field level. Despite these occurance, image processing was applied in the
attempt to explore data acquisition methods. Note that different than Figure 7, in Figure 8, it
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is more clear the effectiveness of “3D Object Counter” application aiming to detect the
targetted object, soybean plants within the 1 m2.

Figure 8. Scheme containing soybean plants with and without leaves. (A) RGB image. (B) 8 bits image. (C) Detection
and counting of the detect objects in the scheme. (D) Overlaid image (A+C).

Some difficulties can be found in image processing as it can be seen in Figure 9. Figures
9A, 9B and 9C represents the RGB image, image transformation from 24 bits to 8 bits and image
thresholding, respectively. Figures 9D and 9E are the result of different image processing. The
first represents the result applying an additional image graph cut tool before the application of
“3D Object Counter” and the second corresponds to the result without applying graph cut tool.
The visual results of Figures 9D and 9E expose the need to apply more image processing
techniques before the application of “3D Object Counter”. Figure 9D shows soybean plants well
identified in the scheme applying an image graph-cutting technique. On the other hand,
without graph-cutting technique, it is shown in Figure 9E that object identification became
negatively affected and more undesired objects such as soil surface and weed are identified
instead of the soybean plants. Note that the application of thresholding are capable to remove
most of the undesired objects from the scheme, however the application of a graph cut
improved to detection as it can be seen in Figure 9D when compared to Figure 9E.
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Figure 9. Image containing soybean plants, weeds, fixed frame and soil. (A) RGB image. (B) 8 bits image. (C)
Thresholded image. (D) Result of the object detect after applying a graph cut tool. (E) Result of the object detect
without the application of a graph cut tool.

In Figure 10, it is shown another example of “3D Object Counter” application result
considering whether graph cut tool was applied or not. Note that, in this scenario there are
more plants present in the same scheme beyong the delimited area different from Figure 9.
Figure 9A shows the original image taken at the field level. Figure 9B and 9C represent the 8
bits image and thresholded image, respectively. Note that applying the image processing
techniques and the graph cut tool (Figure 9D), it was possible to detect almost all the plants
desired in the scheme. While, without the application of a graph cut tool (Figure 9E), more
undesired objects were detected and the desired objects were not accounted correctly.

Figure 10. Soybean plants at the R8 phenological stage in-field situation. (A) RGB image. (B) 8 bits image. (C)
Thresholded image. (D) Result of the object detect after applying a graph cut tool. (E) Result of the object detect
without the application of a graph cut tool.

In this study, it was applied several image processing techniques in-field situations trying
to gather the number of grains and number of pods of soybean plants from RGB images. Thus,
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as a result, it was identified some processing steps that can improve the detection of the
soybean plant characteristcs. Figure 11 represents the procedure containing the steps
necessary to be applied before the use of “3D Object Counter”. The initial step consists on
acquiring the RGB image (Figure 11A), then convert the 24 bits image to a 8 bits image (Figure
11B). After image transformation, a thresholding process (Figure 11C) must be applied as it can
remove undesired object from the scheme. Depending on the RGB image to be processed, it
will be necessary to apply an image filtering (Figure 11D) by removing pixels considering their
mean, median, maximum and mininum values within the scheme. In situations that these
image filtering do not yield accurate results, an image graph cut tool can be a potential solution
to overcome that problem. After the application of basic image processing, the scheme is ready
to be submitted to the proccess of “3D Object Counter” tool (Figure 11E).

Figure 11. Procedure for soybean image processing before the application of “3D Object Counter” tool. (A) RGB
image (24 bits). (B) Image transformation (8 bits). (C) Image thresholding. (D) Image filtering (mean, median,
maximum and mininum) and/or image cutting. (E) Application of “3D Object Counter” tool developed for ImageJ.

Considering the proposed image processing procedure in this study suitable for soybean
image analysis, it was tested that process to detect and estimate the number of pods and grains
of a soybean sample from images taken at different views.
It is shown in Figure 12 the side view of a soybean sample at R8 stage. Figure 12A
represents the original image captured. Figure 12B refers to the transformed image after the
application of thresholding, limiarization and binarization. Figure 12C presents the identified
objects after applying “3D Object Counter” tool. To confirm if the algorithm was correctly
identifying the desired objects, it was overlaid the surface object detected (Figure 12C) with
the original image (Figure 12A) resulting in the Figure 12D. Note that in Figure 12, even without
the presence of other soybean plants next to the sample, there are still undesired object on the
scheme such as weeds and grass, but it was not accounted during the image processing step.
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Figure 12. Soybean sample image captured from the side view in relation to the replanted line. (A) Original image
from soybean plants at R8 stage without leaves. (B) Transformed image. (C) Surface object detection. (D) Overlaid
image (A+C).

Figure 13 shows the front view of the sample in relation to the planted line. Figure 13A
represents the original image captured. Figure 13B refers to the transformed image after the
application of thresholding, limiarization and binarization. Figure 13C presents the identified
objects after applying “3D Object Counter”. Figure 13D represents the overlaid image from
Figure 13A and Figure 13C. In Figure 13, spot lights and background grass are detected by the
algorithm and considered as desired object. Note that these detected errors are common in
image processing as seen on Gongal et al. (2015).

Figure 13. Soybean sample image captured from the front view in relation to the replanted line. (A) Original image
from soybean plants at R8 stage without leaves. (B) Transformed image. (C) Surface object detection. (D) Overlaid
image (A+C).

The upper view of the sample in relation to the planted line is shown in Figure 14. Figure
14A represents the original image captured. Figure 14B presents the transformed image. Figure
14C presents the identified objects after applying “3D Object Counter” tool. Figure 14D is the
result of the overlaid image from Figure 14A and Figure 14C. The image scheme in Figure 14
limits the area of the desired target, diminishing the amount of undesired objects in the picture,
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despite the presence of weeds and grass. Due to that, it is expected that the results from this
view yield a lower absolute error than the views from Figures 12 and 13.

Figure 14. Soybean sample image captured from the upper view in relation to the replanted line. (A) Original image
from soybean plants at R8 stage without leaves. (B) Transformed image. (C) Surface object detection. (D) Overlaid
image (A+C).

The upper-side view of the sample in relation to the planted line is presented in Figure
15. Figure 15A represents the original image captured. Figure 15B is the transformed image
after image basics processing. Figure 15C presents the identified objects after applying “3D
Object Counter”. The result of the overlaid image of Figure 15A and Figure 15C is shown in
Figure 15D. As shown in Figure 14, it can be seen that mixing the upper and side view, the
scheme becomes wider increasing the presence of more undesired objects in the picture.
Aware of that, comparing just the Figures 12, 13, 14 and 15 without looking at the estimated
number of pods and grains by view, it is expected that upper view presents the best accurate
rate for both number of pods and grains, followed by upper-side view, side view and front view.

Figure 15. Soybean sample image captured from the upper-side view in relation to the replanted line. (A) Original
image from soybean plants at R8 stage without leaves. (B) Transformed image. (C) Surface object detection. (D)
Overlaid image (A+C). Source: adapted from Wei & Molin (2020).

The results from manual and estimated number of pods and number of grains per m2 is
shown in Table 3. Reference value is considered the manual value for both number of pod and
number of grains. Table 3 represents the absolute relative error among estimated number of
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pods and manually counted pods. It shows that there are large error percentages for all the
views.
Aware that the algorithm do not perform object division, number of grains was obtained
dividing the object surface area by the known area of one grain. A similar approach was made
for rice crops (Reza et al., 2019), but in their case they predicted rice yield based on its grain
area applying a K-means clustering algorithm and reached to R2 values of 0.98 when comparing
to the ground truth. Note that in this stage, the study proposes a method to obtain the number
of soybean grains and not soybean yield.
The estimated number of grains by different views are shown in Table 3 shows that the
lowest absolute relative error (2.76%) was found at the upper view as expected. But, it was also
expected that side view yields higher accuracy rate followed by upper-side and front view which
was not accomplished. Side view presents lower absolute relative error rate (7.15%) than
upper-side view (8.83%). Side view might performed better than upper-side view because the
last had higher presence of occluded soybean pods. Note that upper-side view also presented
the highest absolute relative error for number of pods. Overcome occluded target objects are
still a challenge in image processing and it has been largely related in several studies
(Aggelopoulou et al., 2011; Dorj et al., 2013; Payne et al., 2013; Roscher et al., 2014, Cortes et
al., 2016).
Table 3. Results of the number of pods and number of grains counted and estimated.
View in
Number of pods
Number of grains
relation to
Absolute
Absolute
the soybean Manual
Image
Manual
Image
Relative
Relative
cultivated
Counting
Processing
Counting Processing
Error (%)
Error (%)
line
Side
1019
573
43,8
2572
2388
7,2
Front
1019
496
51,3
2572
2213
14,0
Upper
1019
534
47,6
2572
2643
2,8
Upper-side
1019
431
57,7
2572
2345
8,8
Different approaches have been used to estimate the number of target crop organs related
to its yield, for example, apple (Aggelopoulou et al., 2011), rice (Reza et al., 2019), soybean
(Uzal et al, 2018; Li et al., 2019) and wheat (Alharbi et al., 2018).
Uzal et al. (2018) applied convolutional neural network and support vector machines to
forecast seed per pod from images of soybean seeds under controlled environment, resulting
in R2 of validation and test ranging from 0.90 to 0.95 and 0.50 to 0.86, respectively. Also under
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controlled environmental conditions and restricted to soybean pods in the scheme, Li et al.
(2019) applied convolutional neural network to estimate soybean seed, reaching MAE and MSE
values of 13.21 and 17.62 number of seeds per image, respectively. Both studies are similar to
the test that was conducted in the beginning of this study applying “3D Object Counter” to
detect and count the number of soybean pods under a controlled enviroment (Figure 3). The
difference among studies is that they applied advanced computer vision techniques and, in this
study, it was used classic image processing. And as a result, it highlights the possibility to use
either classic or advanced approaches to cope with image processing under controlled
conditions.
However, when considering the field level, a non-controlled environmental condition, it is
challenging to apply different image processing techniques to obtain these yield components
data. Considering non-controlled environmental conditions and targeting a yield component
such as grain, there are no studies conducted at the field level with soybean plants available.
Despite that, there are studies conducted with rice crops aiming to forecast its yield based on
its yield components. For example, Reza et al. (2019) estimated rice yield based on rice grain
area, applying a graph-cut algorithm with K-means clustering in images obtained from an
unmanned aerial vehicle and found a R2 of 0.98 comparing the ground-truth and the proposed
method.
This study presents the potential to adapt the application of an available algorithm that
was first developed to other applications. Despite the ease of use, the distinction between
soybean pods/grains from other soybean characteristics and undesired objects at R8 stages
such as plant stem and spot lights are challenging. The presence of similar colors and not well
described shapes among soybean characteristics make the application of computer vision
techniques more difficult. However, despite its difficulties, after image transformation and
application of filters, it was possible to improve the detection of the desired object, in this case,
soybean yield components.
This dissertation presents linear models to predict soybean yield based on its components
and makes an exploratory analysis on how to gather soybean component data at the field level.
More studies should be conducted on the improvement of computer vision applications in
agriculture to gather soybean components data at the field level considering that soybean yield
can be accurately predicted based on its components.
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5. CONCLUSION
This study presented a novel approach to predict soybean yield through linear regression
models that was fitted on a database composed of soybean yield and yield components
(number of grains and number of pods) data already published. Soybean yield model based on
the number of grains presented the highest prediction accuracy rate, highlighting that soybean
yield can be accurately predicted through its components.
It was not possible to acquire the point cloud data of soybean plant structure using the 3D
sensor system (LiDAR-based application) at the field level, making impossible to generate and
model the soybean plant at the R8 stage.
The use of soybean RGB image data at R8 phenological stage obtained from a consumergrade camera and the application of a post-processing method based on free tools (“3D Object
Counter” and ImageJ platform) proved to be a potential method that can provide soybean yield
components data. Besides the suitability of the method, it is highlighted that the results from
“3D Object Counter” are dependent on the quality of the previous image processing (image
thresholding, filtering and cutting).
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