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Modeling the intricate interactions between fruit trees, their environments, soils,

and economic factors continues to be a significant challenge in agricultural

research globally, requiring a multidisciplinary approach. Despite advances in

agricultural technology and algorithms, significant knowledge gaps persist in

understanding and modeling these interactions. This review explores basic

concepts related to modeling for tropical fruit production. It explains modeling

development from sensor technologies, image analysis, databases, and

algorithms for decision support systems while considering climate changes or

edaphoclimatic limitations. We report the current fruit modeling tendencies

showing a significant increase in publications on these topics starting in 2021,

driven by the need for sustainable solutions and access to large agricultural

databases. This study emphasizes inherent challenges in tropical fruit modeling,

such as fruit tree cycles, costly and time-consuming experimentation, and the

lack of standardized data. These limitations are evident in tropical fruit, where few

models have been reported or validated for cocoa, avocado, durian, dragonfruit,

banana, mango, or passion fruit. This study analyzes the classification of the

algorithms related to tropical fruit into three main categories: supervised,

unsupervised, and reinforcement learning, each with specific applications in

agricultural management optimization. Crop classification and yield prediction

use supervised models like neural networks and decision trees. Unsupervised

models, like K-Means clustering, allow pattern identification without prior labels,

which is useful for area segmentation and pest detection. Automation of

irrigation and fertilization systems employs reinforcement learning algorithms

tomaximize efficiency. This multidisciplinary review discusses recent approaches

to 1) Modeling Soil health and plant-soil interaction, 2) Yield prediction in tropical

fruit orchards, 3) Integrating meteorological models for enhanced tropical fruit

production, and 4) Economics of tropical fruit business through modeling.

Furthermore, this review illustrates the complexity and multidisciplinary
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research on models for tropical fruit and platforms using agricultural models.

Further opportunities to advance fruit modeling frameworks are indicated,

requiring technical knowledge about the fruit crop requirements with user-

friendly platforms to collect and access fruit tree data and site-specific

agroecological conditions.
KEYWORDS

fruit modeling, crop modeling, agricultural data, tropical climate, tropical agriculture
1 Introduction

The global demand for tropical fruits has experienced an

increase in recent years, influenced by a growing consumer

preference for healthier, more diverse, and sustainable food

options (Mukhametzyanov et al., 2023). Tropical regions of the

world, such as parts of North America, South America, Africa,

Australia, and Southeast Asia, are home to Tropical fruits renowned

for their unique flavors, vibrant colors, and abundant nutritional

benefits (Stewart and Ahmed, 2020; Harris et al., 2022). Despite the

steady increase in demand for pineapples, mangoes, papayas, and

avocados (Altendorf, 2017), tropical fruit production is limited by

unpredictable weather patterns (Nath et al., 2019), pest and disease

outbreaks (Cilas et al., 2016; Merle et al., 2022), and fluctuating

market demands (Mukhametzyanov et al., 2023). These factors can

significantly impact yield and fruit quality, making it difficult for

farmers to optimize production and ensure consistent income.

Then, modeling can work as a powerful tool for simulating the

interplay of variables like climate (González-Orozco et al., 2020),

soil conditions, and crop management practices; models can help

predict potential production bottlenecks and assess the effectiveness

of different interventions (González-Orozco et al., 2020; He

et al., 2022).

Modeling the complex interactions of fruit trees with biotic and

abiotic factors remains a challenge for agricultural research

worldwide (Grisafi et al., 2021). Despite coordinated efforts of

research institutions, universities, and private companies and

advances in the Internet of Things (IoT) or e-farming technology,

the knowledge gaps in modeling tropical fruits remain recurrent

and challenging for the research community. Fruit modeling can

enable producers and consumers to combine satellite data and

sensor technologies for decision support systems and mitigate

climate changes or edaphoclimatic limitations (Villa-Henriksen

et al., 2020; Miranda et al., 2023). Tropical fruit production

modeling presents inherent challenges, starting with the fruit tree

cycles, costly and time-consuming experimentation, and the lack of

standardized data available (Ackerman and Montalvo, 1990;

Goldschmidt and Lakso, 2005). These limitations are evident in

tropical fruit, where few models are available or validated for cocoa

(Tosto et al., 2023), banana (Jayasinghe et al., 2022; Sahu et al.,
02
2022), guava (Bibwe et al., 2022), mango (Boudon et al., 2020), or

avocado (Erazo-Mesa et al., 2021; Mokria et al., 2022). Moreover,

most tropical fruit crops are evergreen, and evergreen fruit trees are

often considered more challenging to study than deciduous trees

due to the continuous physiological activity and dynamic role of

their leaves (Grisafi et al., 2022). Improved fruit modeling

capabilities, from soil health to disease management, fruit

development, and forecasting yield and price trends, are needed

to provide fruit growers with better tools for sustainable orchards,

adapt management tactics, efficiently plan harvests, and foresee

probable obstacles, thus establishing a reliable foundation for well-

informed fruit-growing decisions (Gallardo et al., 2020; Anderson

et al., 2021). Opportunities to advance tropical fruit modeling

frameworks require blending technical knowledge about the fruit

crop requirements and genetic and environmental limitations with

user-friendly platforms to collect and access fruit tree data and site-

specific agroecological conditions (Haque et al., 2020).

Modern fruit production is a mechanized multidisciplinary

process that enables the regulation, control, and management of

the resources required to produce a high-quality product. This

modernization enhances the use of sensors, cameras, drones,

datasets, and algorithms while incorporating fruit production into

the economic analysis and modeling at the domestic and

international spheres (Shamshiri et al., 2016). The efficient system

of contemporary tropical fruit production is interconnected with all

economic facets, and its development is intertwined with the total

dynamics (Altendorf, 2017). Forecasting tropical fruit yields poses

difficulties, and assessing prediction jobs is crucial in enhancing

agricultural yield (Villachica et al., 2020). This predictive

methodology adopted in Machine learning tools will enhance

operational efficiency and positively impact strategic planning,

increasing productivity and sustainability in fruit production

(Gómez-Lagos et al., 2023).

Machine Learning is an area of artificial intelligence that

empowers a computer to acquire knowledge and skills from data

and construct mathematical models to facilitate comprehension of

the gathered data, which is of significant importance (Jawade et al.,

2020; Chabalala et al., 2022). This analysis of fruit data addresses

three primary categories of problems: supervised learning

difficulties, unsupervised learning problems, and reinforcement
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learning problems (Sahu et al., 2022). The utility of machine

learning on fruit modeling has been enhanced with the

emergence of big data technology, which refers to a substantial

volume of information derived from many sources (Khan

et al., 2020).

Nowadays, agricultural scientists account for multiple sources

of information such as AVHRR (Advanced Very High-Resolution

Radiometer) sensor, AgRISTARS (Agriculture and Resource

Inventory Surveys Through Aerospace Remote Sensing), MARS

(Monitoring Agricultural Resources), GMFS (Global Monitoring of

Food Security), and PlantVillage for plant phenotyping, among

resources (Atzberger, 2013; Jiang and Li, 2020; Saiz-Rubio and

Rovira-Más, 2020). Fruit research and production can obtain

information on precipitation, temperature, yield, pesticide use,

land use, and other factors influencing fruit production and

commercialization. Despite studies describing different AI

technology and ML algorithms at a fruit farm level, the majority

of available information relates to temperate fruits on developed-

country farms (Kamilaris et al., 2017; Wolfert et al., 2017; Ip et al.,

2018; Saiz-Rubio and Rovira-Más, 2020).

Despite being in the era of Agriculture 4.0 and 5.0, databases or

big data for tropical fruit modeling are still a great challenge across

regions, but especially for farmers in least-developed and

developing countries (Wolfert et al., 2017; Jones et al., 2017a;

Morris et al., 2020). Even within developed countries, studies

emphasize that big data are not accessible for everyone but for

big agri-business companies (Kamilaris et al., 2017). A source of

data in the tropics is the yearly national agricultural surveys. For

instance, researchers can access worldwide agricultural statistics

based on these surveys through the FAOSTAT repository (FAO,

2018). In some countries, public statistics agencies have gathered

information (censuses) on land use, production levels, chemical

input use, and labor demand across farm products since early 2000.

However, tropical countries have many difficulties in developing

these national censuses on time due to a lack of financial resources,

struggles in using new technologies to gather information, or

inadequate technical staff (Castano and Neciu, 2022). A problem

for tropical fruit modeling is that the census databases gather

information to diagnose the global situation of agriculture in a

country but are not real-time data to accurately model the behavior

or tendency of any crop, or particularly, tropical fruit production

system (Deere and Twyman, 2014).

Modeling in tropical regions has struggled with a lack of

standardized information on agricultural data to understand

problems such as deforestation in America, Africa, Asia, and

Oceania (Berman et al., 2023), understanding pest affection in

extreme temperatures in the tropical Andes (Crespo-Pérez et al.,

2013), having real-time pest detection data in banana production

(Selvaraj et al., 2019), insufficient environmental and climate change

data in Latin America, and African countries (OECD, 2023;

Chemura et al., 2024), scarce annotated databases for plant

development analysis (Jiang and Li, 2020), lack of information of

data inputs of the tropical fruit production. Overall, tropical regions

have to work towards the improvement of big data access in terms

of specialized human capital, digital infrastructure, data

governance, and accurate, standardized information, among
Frontiers in Agronomy 03
others (Atzberger, 2013; Kamilaris et al., 2017; Wolfert et al.,

2017; Jones et al., 2017b; Ip et al., 2018; Saiz-Rubio and Rovira-

Más, 2020).

This review describes the modeling advances in the multiple

disciplines related to the tropical fruit production environment,

illustrated in Figure 1. The tendency analysis provides an image of

the current interest in the domain and reveals the lack of

customized functions for tropical fruits and few language or

socioeconomic access considerations (Table 1).
2 Models and algorithms
in fruticulture

Research in fruit production and technology has experienced

remarkable advances in integrating artificial intelligence (AI) and

machine learning for modeling, image analysis, and robotics in

recent years (Licardo et al., 2024). Predictive models are highlighted

as they use climate, soil, and crop data to enable farmers to make

informed decisions about irrigation, fertilization, pest control, and

management, promoting optimal crop yields and quality (Macharia

and Kiage, 2024). Mostly, fruit orchard data inputs are related to

weather, soil, management, tree structure and physiology, satellite

data, and historical records (Mite-Baidal et al., 2019). Computer

vision has also emerged as a promising tool for early disease

detection and plant growth monitoring, while agricultural

robotics is already automating processes such as harvesting and

sowing, improving efficiency, and reducing labor requirements

(Anbumozhi and Shanthini, 2023; Varma et al., 2024).

Collectively, these innovations are remodeling more precise and

productive sustainable agriculture.

Using models and algorithms for fruit production is a trend for

improving fruit production through data analysis (Mathiazhagan

et al., 2021). Some of the most common algorithms used are related

to fruit yield prediction, precision agriculture, fruit pest and disease

detection, fruit breeding and genetics, fruit production waste

management, and market analysis. Pioneering models for

perennial crops began in the 1980s with TREEDYN (Bossel,

1996), predating personal computers, and have since evolved into

hybrid AI models on cloud-based platforms. The timeline evolution

of modeling in Figure 2 highlights key advancements related to fruit

modeling, starting from basic statistical models, moving through

mechanistic models, artificial neural networks, and sensor

integration, to modern applications of AI and machine learning,

such as convolutional neural networks and hybrid AI models. Each

decade is marked by significant developments, detailing the specific

models and technologies contributing to yield prediction, disease

detection, and resource optimization in fruit tree modeling.

The fruit tree models have been mainly categorized based on the

structure, process, and function of the tree organs, resulting on

Processed-Based models (PBM), Functional structural plant models

(FSPM) and a combination of both (Grisafi et al., 2022). In addition,

fruit tree models have also been classified based on the data

relationship with function or statistics on empirical and

mechanistic models (Barbault et al., 2024). In this review, the

machine learning algorithms applied to tropical fruits are classified
frontiersin.org
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TABLE 1 Summary of models applied to tropical fruit production tasks.

Tropical Fruit Task Model/Algorithm Used Reference

Mango (Mangifera indica) Disease detection Convolutional Neural Networks (CNN) for
image classification

(Bezabh et al., 2024)

Banana (Musa spp.) Yield prediction Light interception, empirical, Time-series forecasting models
(e.g., ARIMA, LSTM networks), Simulation Linear regression

(Patrick et al., 2023)

Pineapple (Ananas comosus) Ripeness estimation Support Vector Machines (SVM) with spectral imaging data (Qiu et al., 2023)

Papaya (Carica papaya) Growth modeling Logistic growth models and regression analysis (Salinas et al., 2019)

Coconut (Cocos nucifera) Pest infestation detection Decision Tree classifiers and Random Forests (Barman et al., 2023)

Guava (Psidium guajava) Supply chain optimization Linear programming and optimization algorithms (Mamoudan
et al., 2023

Guava (Psidium guajava) Fruit mass prediction Linear and non-linear models (Bibwe et al., 2022)

Passion Fruit (Passiflora edulis) Climate impact modeling Multivariate regression and simulation models (Bezerra et al., 2019)

Durian (Durio zibethinus) Quality assessment Neural networks for analyzing sensory data (Pokhrel et al., 2023)

Dragon Fruit (Hylocereus spp.) Growth modeling Logistic regression, empirical growth models (Nguyen et al., 2024)

Dragon Fruit (Hylocereus spp.) Respiration rate Arrhenius-Boltzmann equation (Ho et al., 2020)

Lychee (Litchi chinensis) Post-harvest disease prediction Ensemble methods like Gradient Boosting Machines (Koul and
Taak, 2017)

Cacao (Theobroma cacao) Fermentation optimization Kinetic modeling and Artificial Neural Networks (ANN) (Guzmán-Armenteros
et al., 2023)

Avocado (Persea americana Mill.) Volume and yield estimation VM2 – VM7 generalized allometric models (Mokria et al., 2022)

(Continued)
F
rontiers in Agronomy
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FIGURE 1

Graphical representation of a multidisciplinary framework for modeling tropical fruit production, highlighting the structures, biological processes,
functions, and environmental interactions involved.
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into three categories: supervised, unsupervised, and reinforcement

learning algorithms, as shown in Figure 3. Each category has specific

applications that enable addressing various aspects related to crop

management and optimization. Supervised algorithms include

classification and regression models used in crop categorization

and yield estimation. The most common machine learning

techniques are support vector machines (SVM), decision trees and

random forests, and artificial neural networks (ANN). Neural

networks are particularly effective tools for representing complex,

nonlinear relationships in agricultural datasets and outperform

previous techniques based on expert-driven feature engineering
Frontiers in Agronomy 05
(Kraus et al., 2020). Deep learning is a specialized type of neural

network that builds models with numerous layers to detect complex

and abstract patterns in data (Hasimi et al., 2024). In contrast,

decision trees and random forests excel at analyzing heterogeneous

and noisy datasets. Currently, a research trend involves using these

models to improve fruit production efficiency through the

anticipation of specific growth conditions and the categorization of

detailed information, such as fruit quality assessment and disease

identification. Within unsupervised algorithms, clustering methods

such as K-means and hierarchical clustering are more relevant. These

algorithms enable the identification of patterns in data without
TABLE 1 Continued

Tropical Fruit Task Model/Algorithm Used Reference

Avocado (Persea americana Mill.) Estimate environmental requirements
and potential distribution of avocado

Ecological niche modeling (ENM) from regression model (Ramirez-Guerrero
et al., 2023)

Avocado (Persea americana Mill.) Yield prediction RENDVI1-2 from the remotely sensed imagery analysis (Robson et al., 2017)

Avocado (Persea americana Mill.) Tree Architecture with
validation patterns

pattern-oriented modeling (POM) and functional structural
plant model (FSPM)

(Wang et al., 2018)

Cacao, Banana, and other tropical
crops (Theobroma cacao, Musa spp.)

simulates crop growth, development,
and yield using multiparameters

SIMPLEcacao (Romero et al., 2022)

Banana and other tropical crops
(Musa spp.)

Photosynthesis, light
interception, growth

LINTUL - Simulation model (Light interception, empirical). (Van Laar et al., 1992)

Melon (Cucumis melo) Climate and soil conditions, growth,
and productivity

WOFOST - Simulation model (Mechanistic crop growth).
Often incorporating multivariate regression for calibration.

(Supit, 1994)

Pineapple (Ananas comosus),
Tropical Fruits

Soil-plant-climate interactions, water,
and nitrogen balances

STICS – Simulation model (Mechanistic, deterministic). (Brisson et al., 1998)

Various tropical crops, Root growth, water uptake, soil
water balance

RITCHIE’s Rooting Algorithm - Root growth, water uptake,
soil water balance.

(Ritchie, 1998)

Tomato (Solanum lycopersicum),
adapted for tropical conditions

Growth, yield, heat and
humidity effects

TOMSIM - Employs dynamic growth equations with time-
series forecasting

(Heuvelink, 1999)

Watermelon, Melon (Citrullus lanatus,
Cucumis melo)

Water, nutrient, pesticide
transport, yield

RZWQM with multivariate regression (Ahuja et al., 2000)

Mango, Banana, Melon (Mangifera
indica, Musa spp., Cucumis melo)

Growth, water stress, nutrient uptake,
climate effects

DSSAT-CSM (CROPGRO - Melon) with
multivariate regression

(Hoogenboom et al.,
2003; Jones
et al., 2003)

Melon, Watermelon (Cucumis melo,
Citrullus lanatus)

Crop growth, evapotranspiration, soil
water balance, nutrient management

CropSyst with multivariate regression (Stöckle et al., 2003)

Papaya (Carica papaya), adapted to
tropical crop

Nutrient uptake, water balance, soil-
plant interactions

SPACSYS with differential equations and
multivariate regression

(Wu et al., 2007)

Mango (Mangifera indica) Phenology, yield, quality, response to
temperature and humidity

MangoSIM with linear and multivariate regression (Litz, 2009)

Papaya, Watermelon, Melon (Carica
papaya, Citrullus lanatus,
Cucumis melo)

Water use efficiency, yield response
to water availability

AquaCrop with multivariate regression (Steduto et al., 2009)

Coconut, Other perennials
(Cocos nucifera)

Climate impact, canopy structure,
carbon and water cycles

ORCHIDEE-CAN with multivariate regression (Naudts et al., 2015)

Melon, Watermelon (Cucumis melo,
Citrullus lanatus)

Soil, water, nitrogen dynamics, crop
growth, productivity

SALUS with multivariate regression and time-series analysis (Cillis et al., 2018)

Watermelon, Tomato (Citrullus
lanatus, Solanum lycopersicum L.)

Crop growth, water stress,
yield estimation

HORTSYST with multivariate regression for
fertigation calibration

(Martıńez-Ruiz
et al., 2021)

Banana (Musa spp.) Growth, development,
environmental response

MusaModel with multivariate regression for adaptation (Jayasinghe
et al., 2022)
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requiring predefined labels. Various applications highlight their

utility, including the segmentation of agricultural areas based on

soil properties, the classification of production regions, and the

detection of pest hotspots. Bayesian networks, which fall within this

category, provide sophisticated capabilities for modeling uncertainty

and causal relationships. The agricultural sector uses these networks

to predict pest outbreaks and manage risk. Agriculture specifically

uses reinforcement learning algorithms for automation and long-

term decision optimization. Field applications of this technology

include managing irrigation and fertilization systems to optimize

resource efficiency through reward accumulation. Within

reinforcement learning, the use of convolutional neural networks

(CNN) for real-time agricultural image evaluation stands out,

enabling the identification of potential issues related to crop

development or health. Research in this field focuses on enhancing

the sustainability of agricultural production through intelligent

automation and optimal decision-making, aiming to maximize

yields and reduce agricultural input usage.
2.1 Artificial neural networks

These mathematical models, derived from the architecture of

the human brain, can acquire knowledge about non-linear

connections between variables and are often used to predict fruit

yield (Rauber et al., 2017; Aworka et al., 2022). ANNs can

comprehend agricultural systems and predict their performance

using historical data and climate, soil conditions, and management

practices (Heaton et al., 2018). ANNs are a category of deep

learning algorithms that comprise interconnected layers of

artificial “neurons” that analyze and convert input data into
Frontiers in Agronomy 06
output predictions following a specific structure. Every individual

neuron is linked to a specific collection of weights and biases, which

undergo modifications as part of the training procedure. The layers

are often classified into three categories: Input Layer: Receives input

variables, including climatic, soil, and management data (Salari

et al., 2023). Produces final predictions, such as the expected crop

performance. (Duarte-Carvajalino et al., 2021; Karydas et al., 2023).

The network iteratively adapts its weights and biases to minimize

the disparity between forecasts and actual performance values.

Since the quality and quantity of training data in these models

heavily influence the precision of an ANN, validating the

significance of data is crucial. The data should accurately reflect

the state of crops and encompass a range of elements, including

historical weather data, soil information, management strategies,

and records of past performance (Salari et al., 2023). Various

strategies and factors enhance the prediction of perennial crop

yields, including regularization, and normalization, which prevents

overfitting, enables input data scaling, accelerates the training

process, and enhances network convergence (Bennett et al., 2013;

Shahhosseini et al., 2019). Evaluation measures, such as the mean

squared error (MSE) or the coefficient of determination (R2), are

utilized to quantify the precision of predictions (Humphrey

et al., 2017).
2.2 Support vector machines

These supervised learning algorithms identify the most effective

decision boundaries separating distinct data classes. In perennial

crops, SVMs can categorize various performance degrees by

utilizing predictor factors (Berk, 2020). For example, fruit
FIGURE 2

Timeline of modeling techniques and technological advancements in tropical fruit research from the 1970s to present (see Table 1 and subsections
for additional details).
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recognition using an SVM based on deep features presents a model

that utilizes a classifier connected to the layer of a convolutional

neural network model. This model aims to classify 40 different types

of Indian fruits (Behera et al., 2020).
2.3 Decision trees and random forests

Random forest is a powerful ensemble learning algorithm that

has gained significant attention in predictive modeling (Trieu and

Thinh, 2023). This methodology relies on constructing a forest of

decision trees, where each tree is trained on a random subset of

features and data samples. The resulting ensemble of trees is then

used to make predictions, with the final output determined by a

majority vote or average of the individual tree predictions (Yaseen,

2023). An RF model from Fukuda et al. (2013) accurately predicted

mango fruit yields based on water supply and various irrigation
Frontiers in Agronomy 07
methods in mango research. The RF models provided precise

estimations for maximum and average yield values for mango

fruit and intermediate accuracy in predicting fruit minimum yields.
2.4 Time series models

Similar to ARIMA (AutoRegressive Integrated Moving Average)

and LSTM (Long Short-Term Memory), these models are helpful for

fruit crops that experience seasonal and climatic variations. These TSM

algorithms prioritize forecasting future values by analyzing previous

patterns in the time series (Ali et al., 2024). In their study, Amir-

Hamjah (2014) highlighted the performance of the hybrid temporary

series model for predicting the production of mango, banana, and

guava. If the data set consists of a pattern of linearity and non-linearity,

the hybrid model presented better performance compared to any

individual time series or machine learning technique.
FIGURE 3

Classification of artificial intelligence algorithms applied to agriculture into three main categories: supervised, unsupervised, and reinforcement
learning. Each category details the data type, recommendations, restrictions, and specific applications in the agricultural context.
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2.5 Bayesian networks

This statistical model helps represent data uncertainty and causal

connections between variables. They are valuable for evaluating the

impact of various factors on agricultural productivity. Several studies

present a promising approach to assessing pest control strategies

using Bayesian nets, given that effective pest management is a crucial

component for crop performance, as these can seriously affect yields

and crop quality throughout the fruit supply chain (Singh and Gupta,

2017; Holt et al., 2018; Salliou et al., 2019). Then BN have been used

to compare pest control interventions such as fruit fly pest in the

pitahaya (Holt et al., 2018).
2.6 Regression models

Regression models, such as linear, multiple linear and polynomial

regressions, can be employed to identify connections between

independent factors (e.g., soil properties, climate, image analysis) and

the dependent variable (crop yield). In Rauch et al.‘s (2023) citrus

study, a polynomial regression model estimated the size of the oranges.

Another RM study on sensors or image analysis; Robson et al. (2017)

used high-resolutionmultispectral satellite imagery (Worldview 2-3) to

map yield parameters in avocado crops in Australia.
2.7 Research tendency on fruit modeling

The tropical fruit modeling domain has undergone significant

changes in recent years. Our study of literature indicates a large
Frontiers in Agronomy 08
surge in publications starting in 2021, with a particularly rapid

acceleration in 2022 and 2023. The co-currency chart in Figure 4

represents the interconnected nature of several research fields

within the trends of application of models in fruit crops. This co-

currency reveals that the keywords “machine learning,”

“forecasting,” and “internet of things” are the most recurring

keywords in fruit modeling research studies. Note that other

terms like precision farming, which is gaining importance in

2021, are strongly associated with implementing technology in

agriculture, keeping a relation previously mentioned by Ruiz-Real

et al. (2020). Moreover, trends in fruit crop artificial intelligence

techniques have developed around agronomy, agriculture, and

sustainability. The analysis of scientific publications from 2018 to

2024 in Figure 5 reveals an upward trajectory in research on

Tropical fruit related to agriculture and technology. Between 2018

and 2019, the number of publications remained low, suggesting an

emerging field with limited interest. However, a gradual increase

was observed between 2019 and 2020, indicating growing interest

and development. The year 2021 showed a turning point, with a

significant increase in publications, possibly due to methodological

advances, new technologies, or increased funding. This growth

accelerated further in 2022 and 2023, peaking in the last year,

reflecting an active scientific community and a consolidated

research field. Although 2024 is at a midpoint, the number of

publications remained high, suggesting that the field remains

relevant and dynamic (He et al., 2023).

The growing interest in tropical fruits highlights the field’s

importance to science and society. Advances in technology and

methods, like modeling, data collection, and computing power,

have enabled researchers to tackle complex issues more accurately.
FIGURE 4

Keyword network analysis and association strength from the research literature associated with tropical fruit modeling. The color gradient indicates
the timing from 2014 (blue) to 2024 (yellow).
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The modeling field is becoming increasingly important because of

the rising demand for tropical fruits, which demands sustainable

and efficient production strategies (Bhat and Paliyath, 2016).

Notably, innovations in remote sensing, weather stations, sensors,

drones, and artificial intelligence have driven research forward,

sparking broader interest and increasing the dissemination of

findings in tropical fruit research (Nath et al., 2019; Md Nor and

Ding, 2020). In response, the research community has increased its

efforts to understand the dynamics of tropical fruit production,

ranging from genetic enhancement to post-harvest handling (Vieira

et al., 2024).

The consistently increasing number of publications in 2024

highlights this study topic’s ongoing interest and significance.

Tropical fruit modeling has practical consequences for farmers,

consumers, and politicians, extending beyond academic research

(Aline et al., 2023). Modeling studies contribute to the

establishment of resilient and sustainable tropical fruit production

systems by providing evidence-based insights into crop management,

resource optimization, and climate change adaptation.
3 Modeling of soil health, plant-
soil interaction

Soils are a fundamental component of agroecosystems, with

their quality playing a crucial role in tropical fruit production.

Traditionally, fertility has been assessed based on chemical

properties; however, in recent years, this concept has evolved to

include physical and biological properties as well (Garcıá et al.,

2012). This shift in understanding reflects a broader recognition of

the diverse factors that contribute to soil health.

Moreover, fluctuations in climatic conditions, such as rainfall,

temperature, and air quality, significantly impact soil composition

and, consequently, agricultural productivity. Therefore, current

efforts focus on finding solutions to mitigate the adverse effects of

environmental changes on agricultural yields (Borrelli et al., 2020).
Frontiers in Agronomy 09
To aid in decision-making, prediction models have become

valuable tools as they can forecast variable behaviors and generate

patterns or trends for specific situations. These models are

particularly useful for analyzing the physical properties of soil,

which tend to remain stable over time under natural conditions. For

instance, one of the most well-known models for predicting soil

erosion is the Universal Soil Loss Equation (USLE) (Alewell et al.,

2019). Despite being an empirical model, it has been widely

accepted and applied in many fields of soil science due to

its reliability.

Advanced methods such as the Deep Learning Regression

Network (DNNR) have also shown great promise. As

demonstrated by Cai et al. (2019), the DNNR method was used

to predict soil moisture content, achieving an R2 value of 0.98. This

performance is comparable to the Artificial Neural Network

(ANN2) (Adeyemi et al., 2018) and superior to the Support

Vector Machine (SVM) (Gill et al., 2006), which had an R2 value

of 0.89. Furthermore, the same study analyzed the Multilayer

Perceptron (MLP) model, which yielded similar R2 values (0.97)

but with a higher Mean Absolute Error (MAE) of up to 70%. In this

context, Mallick et al. (2022) used the Nearest-Neighbourhood

Autoregressive Moving Average (NN-ARMA) method to predict

soil organic matter content from remote sensors. This method was

able to explain 96.4% of the total variation in soil organic matter

with an RMSE of 0.093.

Additionally, various models have been developed to simulate

root-soil interactions. Dunbabin et al. (2013) compared six models

(RootTyp, SimRoot, ROOTMAP, SPACSYS, R-SWMS, and

RootBox) and evaluated the potential of each model for creating a

three-dimensional model root structure and growth dynamics

according to intrinsic soil factors. Generally, R-SWMS (Meunier

et al., 2022) simulates water uptake by roots and models the root-

soil hydrological interaction. SimRoot (Lynch et al., 1997) simulates

nutrient uptake dynamics, although it has nitrate issues.

ROOTMAP (Diggle, 1988) is more efficient and simulates root

proliferation. SPACSYS (Wu et al., 2007) is used for crop modeling
FIGURE 5

Annual scientific paper publication rate indexed by Scopus records for Machine learning, IoT, Deep learning, Smart farming, and precision agriculture
related to fruit production from 2018 to 2024.
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and integrates biomass and crop yield predictions with root and soil

dynamics. RootTyp (Pagès et al., 2004) simulates root architecture

and can be combined with soil models. RootBox (Leitner et al.,

2010) uses a Matlab structure to simulate root growth and

development systems, an open system that supports expansion.

A primary goal of most agricultural models is to predict yield

with high precision and accuracy. Concerning this, Barbosa et al.

(2020) evaluated the Convolutional Neural Network (CNN) model

using inputs such as nitrogen and seed rates, elevation maps, soil

electroconductivity, and satellite imagery. Notably, this study

achieved a 68% reduction in RMSE compared to multiple linear

regression and a 29% reduction compared to random forests. This

approach integrates neural networks into geospatial problems,

enabling the creation of models without the need to develop

specific features or make assumptions about spatial distribution,

which are directly incorporated into the learning process.

In this regard, studies described by Jasoliya et al. (2024) detail a

group of models focused on soil water dynamics through the matrix

component and other physical properties. These authors note that

empirical and analytical models are easy to implement but provide

limited information; numerical methods based on finite elements

(FE) and particles are preferred for detailed studies. The Arbitrary

Lagrangian-Eulerian (ALE) method within the FE method

correlates better with the actual soil behavior but is unsuitable for

modeling large deformations and discontinuous behaviors. Particle-

based methods (SPH) and the Discrete Element Method (DEM) are

also used to overcome the limitations of the FE method. Although

moderately advanced, these methods require further evaluation and

improvement for these specific applications.

Predictive models for tropical fruits are scarce due to the

heterogeneity of physiological variables. Leaves, trunks, and roots

can have different ages within the same plantation, resulting in

varying sizes, shapes, and colors. Additionally, leaf flows are highly

sensitive to climatic and soil conditions (Nafees, 2019). A clear

example is mango, where water stress triggers the activation of

senescence phytohormones (ethylene), halting the emergence of

new shoots and preparing the plant for flowering (Valdez-Rivera

et al., 2022). This exemplifies one of the many challenges in

modeling perennial crops, and it becomes more complex when

the interaction with the soil matrix is added.
4 Yield prediction in tropical
fruit orchards

Fruit yield is intricately linked to various biotic and abiotic

factors such as weather conditions (Haque et al., 2020), soil quality

(Srivastava et al., 2021), orchard management practices (Haque and

Sakimin, 2022), irrigation (Zuazo et al., 2021; Tong et al., 2022),

fertilization (de Mello Prado and Rozane, 2020; Sun et al., 2022),

pests and diseases, and physiological tree development (Bons and

Kaur, 2020). Weather conditions, including temperature, rainfall,

and sunlight, directly influence fruit-bearing plants’ growth

and development and indirectly affect disease and pest

pressure (Orlandini et al., 2020). Yield prediction starts with

understanding and managing the physiological development of
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fruit crops, including flowering (Gene Albrigo and Galán Saúco,

2004; Mohandass et al., 2018) and fruit setting processes (Agustı ́
and Primo-Millo, 2020; Alcaraz and Hormaza, 2021). The intricate

interplay of these factors demands comprehensive models achieving

accurate fruit production predictions for maximizing fruit yields.

Previous studies have evaluated microsensors, frameworks, and

numerous features that could be considered for tropical fruit yield

prediction systems, such as genetics (Seyum et al., 2022), NDVI

(Mwinuka et al., 2022), photosynthetically active radiation (PAR),

biomass, temperature, precipitation, fertilization, irrigation schemes

on (Garrido et al., 2023). Therefore, multiple models are under

evaluation for climate conditions, management strategies, and

plant/fruit growth (He et al., 2022).

By harnessing the power of current modeling techniques and

technologies for data acquisition and computing, nations and fruit

growers can optimize their practices, reduce environmental impact,

and contribute to global food security (van Meijl et al., 2020). Fruit

modeling leverages data from various sources, including weather

patterns, soil conditions, and historical crop performance

(Anderson et al., 2021), to generate precise predictions of fruit

yields. This information analysis enables fruit orchards and

governments to make informed decisions about agricultural

programs and fruit waste management (Abadi et al., 2021;

Magalhães et al., 2021), improving resource allocation and

increasing orchards’ productivity. In addition, fruit yield models

contribute to risk mitigation by allowing fruit industries and

growers to anticipate and mitigate the impact of adverse weather

conditions. Ultimately, all these benefits enhance the opportunity

for breeding more resilient tropical fruits (Sattar et al., 2021). The

progression of modeling fruit yield research focuses on revealing

trends such as the persistent emphasis on climate-related, the

growing importance of modeling techniques, and the shift

towards breeding studies in recent years.

Classical Fruit yield prediction models were initiated from

traditional calculations using sampling estimation and empirical

models. However, these models are limited by variable geographical

conditions, complicated natural environments, economic cost,

qualified labor, and time (Khan et al., 2020). More recently,

automatic monitoring technologies, intelligent equipment, and

advanced models have allowed for more comprehensive yield

prediction systems. Current yield prediction systems rely heavily on

image processing (Wang et al., 2024), weather station data, irrigation

sensors, and satellite information to reduce the manual effort of

classical models that require counting and weighing fruits. Based on

their basic structure, fruit yield prediction models require inputs and

provide an output related to fruit quantity and/or quality. Fruit yield

data is the ultimate consideration for decision-making in orchard

management regarding other labor requirements. Yield data affects

post-harvest storage conditions, transport, and marketing logistics.

Therefore, fruit yield prediction models are some of the most

common models on tropical fruits, as shown in Table 1.

To further illustrate the diversity of modeling approaches applied

in tropical fruit production, Table 1 provides a comprehensive

summary of different modeling techniques and their respective

applications. This table offers a detailed overview of algorithms

used to solve specific challenges related to tropical fruit agriculture.
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These tasks include yield prediction, disease detection, ripeness

estimation, pest infestation monitoring, and climate impact

modeling. The table highlights the evolution of methodologies,

ranging from traditional statistical analyses to sophisticated

machine learning algorithms, which reflects the growing

complexity of agricultural challenges in tropical environments.

The table is organized to quickly identify which modeling

approaches have proven effective for specific tasks across various

tropical fruits. By categorizing the models according to their

application, the table demonstrates how different modeling tools

tackle distinct aspects of fruit production, from growth modeling to

optimizing supply chains. The references are an evolution indicator

in modeling techniques summarized in the table. For instance, early

models employed simpler methods like regression analysis, while

more recent studies have adopted machine learning techniques

such as Convolutional Neural Networks (CNN) and Decision

Tree classifiers.
5 Integrating meteorological models
for enhanced tropical fruit production

Tropical fruit production faces increasing challenges due to

climate change. Tropical fruit production, essential for economic

and nutritional sustenance in many regions, is significantly

jeopardized by meteorological variations. These variations include

a range of environmental stresses such as temperature fluctuations,

drought, and extreme weather events, which directly impact the

physiological, anatomical, morphological, and biochemical aspects

of fruit crops (Malhotra, 2017; Benkeblia, 2021).

For example, high temperatures can disrupt plant development

processes at critical stages—seed germination, plant growth, flower

shedding, and fruit setting—thereby affecting fruit weight, size, and

overall quality (Pandey et al., 2021). In tropical fruits like mangoes,

bananas, and papayas, these climatic conditions may alter flowering

patterns, reduce fruit set, and increase susceptibility to pests

(Gutierrez et al., 2021; Zhang et al., 2022) and diseases.

Additionally, climate-induced drought poses a dual threat: it

directly reduces yields by decreasing the number of fruit pods per

tree and indirectly affects the essential pollinator activities needed

for fruit production (Gupta et al., 2021).

The implications of these climatic challenges are profound,

extending beyond agricultural production to broader socio-

economic dimensions. In tropical regions, where agriculture is the

backbone of economies and communities, the repercussions of

climate-induced disruptions in fruit production can be

particularly severe, leading to crop losses, economic instability,

and labor shortages (Snyder, 2017; Eftekhari, 2022).

Given this scenario, integrating meteorological models into

tropical fruit production processes is a crucial strategy (Ramirez-

Guerrero et al., 2023). These models offer predictive insights into

weather patterns, enabling better preparedness and adaptive

measures. The following sections explore the specifics of these

meteorological models, their integration with existing agricultural
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practices, and potential pathways to enhance the resilience and

productivity of tropical fruit cultivation in the face of changing

climate dynamics (Zscheischler et al., 2020).
5.1 Overview of meteorological models
in agriculture

Applying meteorological models in agriculture is pivotal for

understanding and managing the impacts of climate variability and

extreme weather events on tropical fruit production. These models,

which range from empirical statistical analyses to sophisticated

dynamic simulations, capture the complex interactions between

climatic factors and agricultural outcomes.

Recent trends indicate increasing delays in the onset of the rainy

season and more frequent prolonged dry spells, particularly in

regions like West and Central Africa (Sylla et al., 2016). Such

unpredictability in weather patterns significantly affects rainfed

agricultural production, including the cultivation of tropical fruits.

The uncertainty surrounding the timing of the first rains has led to

variations in crop performance due to delayed planting (Anwar

et al., 2020). The Decision Support System for Agricultural

Technology Transfer (DSSAT) and the Soil and Water

Assessment Tool (SWAT) are prominent models used in

agricultural meteorology (Ara et al., 2021). DSSAT, with models

like CERES-Maize (Song and Jin, 2020), provides crucial data for

recommendations on planting dates and optimizing crop varieties

in response to weather variability. The SWAT model, renowned for

its effectiveness in hydrological and environmental simulations,

assists in assessing water resources and predicting the impacts of

land use and management practices on environmental factors. In

regions such as Central Queensland, Australia, the impacts of

extreme weather events like heatwaves, cyclones, and floods on

the production of tropical fruits such as pineapples, mangoes, and

lychees are evident (Wheeler and Lobley, 2021). These events can

alter flowering and harvesting periods, affecting the fruits’ quality

and quantity. Advanced modeling techniques, such as regression

models and historical trend analyses, have been instrumental in

assessing the relationship between climatic factors and agricultural

outputs. For instance, studies using regression models in Central

Queensland have revealed moderate correlations between climate

variables and crop yields (Jägermeyr et al., 2021).

Despite these advancements, meteorological models in agriculture

face challenges such as spatial and temporal variability in weather

patterns and the complexity of interactions between multiple climate

factors (Parra-Coronado et al., 2016). These challenges can lead to

uncertainties in model predictions and affect their accuracy (Tisné

et al., 2020). Enhancing the accuracy and reliability of these models is

essential, and it can be achieved by incorporating more detailed

climatic data, refining model algorithms, and integrating these

models with other agricultural data sources. Exploring the use of

machine learning and artificial intelligence in meteorological

modeling affecting tropical fruits could provide groundbreaking

insights and solutions (Chattopadhyay et al., 2020).
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5.2 Case studies of model integration in
tropical fruit

A thematic mapping (Figure 6), executed using the Bibliometrix

package (Aria and Cuccurullo, 2017) in the R environment, allowed for

the identification and visualization of key research themes over four

distinct periods: 2010-2014, 2015-2020, 2021-2022, and 2023. This

analysis was based on co-word analysis, clustering keywords with high

co-occurrence to represent prevalent research themes during each

period (Lozano et al., 2019). Metrics such as the Weighted Inclusion

Index (WII) and stability index were calculated to quantify the

significance, continuity, and connection across intervals of these

themes (Klarin, 2024). The Sankey diagram effectively represents the

flow and transition of research themes across the specified periods

(Abdelalim et al., 2017), and the width of the connection indicates their

influence and continuity within the research landscape.

The analysis of annual scientific production from 2010 to 2024

reveals a growing interest in studying tropical fruit production. The

data shows an initial publication of four articles in 2010, reaching a

peak of six in 2014. This trend indicates an increasing academic

focus on the effects of climate and weather on fruit production, the

application of the DSSAT modeling system, and the broader use of

modeling techniques to improve understanding and outcomes in

tropical fruit agriculture.

The thematic map analysis (Figure 6) underscores the significant

interdisciplinary integration of traditional agricultural techniques with

advanced computational models within the research landscape. The

term “crops” emerges as a central theme, with 11 occurrences and a

high betweenness centrality score of 7175.77, highlighting its pivotal

role in connecting various research themes. This centrality suggests that

discussions surrounding “crops” serve as a foundational element,

effectively bridging practical agricultural concerns with theoretical

modeling approaches.
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Moreover, the terms “computer simulation” and “agricultural

modeling” demonstrate the increasing reliance on computational tools

with occurrences. These terms underscore the growing emphasis on

simulating complex agricultural ecosystems and predicting outcomes

under diverse conditions. Additionally, the themes of “irrigation” and

“numerical model” reflect a focused interest in optimizing water usage

and enhancing the precision of crop yield forecasts through

mathematical models. These metrics quantify the research

community’s engagement with these topics, illuminating their

strategic importance in advancing our understanding of tropical fruit

production. The interconnectedness and influence of these themes are

further emphasized by their closeness centrality and PageRank

centrality scores, suggesting a cohesive and integrated approach to

addressing the challenges of tropical fruit agriculture.
5.3 Challenges and opportunities in
model integration

The thematic evolution analysis, as depicted in Figure 7,

illustrates the dynamic shifts in research focus within tropical

fruit production over time, spanning from 2010 to 2023. The

initial period of 2010-2014 primarily centered on themes like

“future” and “china,” with a Weighted Inclusion Index (WII) of

0.20 for transitions such as “china–2010-2014” to “climate–2015-

2020.” This shift underscores the increasing emphasis on climate-

related challenges within the Chinese context. The WII of 0.20,

though moderate, highlights the growing importance of climate

considerations during this period.

From 2015 to 2020, the research focus evolved towards more

specific topics, including “climate”, “crop management”, and

“modeling”. Notably, the progression from “climate–2010-2014” to

“climate–2015-2020” was marked by a WII of 1.00 and an inclusion
FIGURE 6

Thematic map of research in tropical fruit production, highlighting the centrality and density of key themes.
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index of 0.50, indicating a sustained and deepening focus on climate

change within the research community. The stability index of 0.14 for

“climate” across these periods further underscores the enduring

concern over climate change’s impact on agricultural productivity.

The emergence of “models” with a WII of 1.00 in the same period

highlights the increasing centrality of predictive modeling techniques in

addressing agricultural challenges. By 2023, the thematic focus had

shifted to “review” and “breeding”, indicating a move towards

consolidating knowledge and advancing breeding techniques to

tackle climate-related issues. This stage in the thematic evolution is

marked by a WII of 1.00 for “models” and reflects the research

community’s commitment to developing practical solutions. Overall,

the analysis indicates responsiveness to global challenges and the

trajectory towards more integrated, climate-aware, and innovation-

driven approaches in tropical fruit production research.
6 Economics of fruit business
through modeling

The stochastic frontier and data envelopment analyses are the

most applied methods to estimate agricultural product efficiency

levels, emphasizing tropical fruits. This review compiled a set of

manuscripts using static and dynamic parametric and non-

parametric analyses, including information on theoretical and

empirical production models, key determinants of efficiency and

production levels, sample size, study zones, and types of crops.
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6.1 Efficiency models

There is a large body of production economics research

estimating the levels of efficiency of different crops and livestock

products. Some studies use parametric techniques, while others do

not pose any assumption on the distribution of parameters and

compute efficiency indexes in a non-parametric fashion. This study

describes these alternative approaches and key findings regarding

estimated efficiency scores across production systems.

6.1.1 The Stochastic Frontier Model
The Stochastic Frontier Analysis (SFA) (Coelli et al., 2005;

Cornwell and Schmidt, 2008) is an economic modeling strategy

that consists of two procedures: estimating a production function

and the technical inefficiency model. Mathematically, the first stage

is as follows:

qi = f (xi; b)exp(ei)  ;   ei = vi − ui, ui > 0, vi ∼ N(0,s 2
v )

where qi represents the output level, f (xi; b) is the deterministic

part of the model with inputs xi and coefficients b , and exp(ei) is the
exponential function of a composite error term with noise error (vi)

and the inefficiency error (ui). The production frontier is given by

f (xi; b)exp(vi), and the inefficiency measure is ui. Here, the

researcher must assume a distribution for ei such as half normal,

exponential, truncated normal, gamma, etc. A Maximum

Likelihood (ML) strategy estimates this model, giving its

asymptotic properties, and the estimates for the inefficiency scores
FIGURE 7

Thematic evolution of key themes research focus in tropical fruit production over four distinct periods: 2010-2014, 2015-2020, 2021-2022, and
2023. The thickness of the connections represents the Weighted Inclusion Index (WII), indicating the relative importance and continuity of each
theme over time.
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are obtained by the conditional distribution of ui, giving the

estimated ei (Greene, 2008; Belotti et al., 2013).
SFA can estimate the production function using different

functional forms such as Cobb-Douglas, Translog, or CES (Pascoe

et al., 2003); specifically, tropical fruit production studies have

implemented Cobb-Douglas function most frequently (Trujillo and

Iglesias, 2013; Hossain et al., 2015; Melo-Becerra and Orozco-Gallo,

2017; Roco et al., 2017; Balogun et al., 2018; Kiet et al., 2020; Muhamad

et al., 2023). Finally, the SFA provides a model of technical inefficiency

scores explained by a set of exogenous variables to find the main

determinants of this inefficiency within farms.

Although production economics literature has widely

implemented SFA, there are scarce SFA studies related to tropical

(fruit) production in the Latin American region. Few Latin American

research uses SFA to produce coffee, oil palm, pineapple, and

vineyard (Trujillo and Iglesias, 2013; Melo-Becerra and Orozco-

Gallo, 2017; Roco et al., 2017; Lizarraga Hernández, 2020).

Extending our search of references to other regions, SFA provides

evidence of efficiency levels of banana, mango, watermelon, eggplant,

groundnut, etc. Frontier models usually estimate the production

function using either per-ha output level or per-ha monetary value

as a dependent variable, where the covariates are land, labor, capital,

fertilizer/pesticide, seeds, irrigation, and weather variables. A

common finding in our review is that most farms are functioning

below the production frontier for tropical fruits, where we compute

an efficiency level of around 70%, on average (i.e., the firm can be fully

efficient by reducing inputs by 30%). Such efficiency level is consistent

with metanalysis research, which reports an average level of efficiency

of 74.2% for agricultural farms, using published manuscripts between

1981 and 2014 (Bravo-Ureta et al., 2017).

6.1.2 The Data Envelopment Analysis
Different studies have applied Data Envelopment Analysis

(DEA) in agriculture, banking, education, energy, health, etc

(Cooper et al., 2011). However, as in the SFA literature, we do

not find much DEA research related to (tropical) fruit production.

As a non-parametric alternative to SFA, DEA is a linear

programming, where the decision-making units (DMUs) either

minimize the use of input levels given an output level (i.e., input-

oriented DEA) or maximize output level given a level of inputs (i.e.,

output-oriented DEA), with a production technology showing a

constant return to scale (CCR DEA model, named after the work of

Charnes, Cooper, and Rhodes in the 1970s) or variable return to

scale (BCC DEA model, due the study of Banker, Charnes and

Cooper) (Cooper et al., 2011). The DEA mathematical model

generally provides the technical efficiency score, the maximum

production levels possible given a set of inputs, or the minimum

uses of inputs given a fixed output level. When using the BCC DEA

model or a variable return to scale in the mathematical model, this

technical efficiency can be divided into pure technical efficiency (i.e.,

technical efficiency with a variable return to scale) and scale

efficiency (i.e., having the optimal production level by having the

ideal scale size) (Boakye et al., 2024). Alternatively, if we count for

precise price information, which is not easy to obtain due to market
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failure, the researcher can estipulate a DEA models that minimize

cost or maximize revenue or profits so that cost efficiency (i.e.,

producing at optimal levels by saving production costs), allocative

efficiency (i.e., using optimal levels of inputs given their prices) and

profit efficiency (i.e., obtaining the maximum profits from its

production levels) can be computed (Fethi and Pasiouras, 2010;

Cooper et al., 2011).

Although the efficiency scores are slightly different, a researcher

can use either input-oriented or output-oriented DEA depending

on what the DMUs have more control over, inputs or outputs. Most

studies used input-orientated DEA models in our literature search

and showed technical and scale efficiency scores. Studies from

Argentina, Brazil, Colombia, Ecuador, Guatemala, and Mexico

analyze the efficiency of a variety of crops such as avocado,

banana, cocoa, coffee, grapefruit, lemon, orange, tangerine,

passion fruit, and plantain (Barreno and Marroquin, 2012; Novo

et al., 2013; Guidek et al., 2017; Valencia and Duana, 2019; Barajas

and Pabuena, 2023; Varela, 2023). These works use land size, labor,

fertilizers, animal traction, and consumed fuel as input variables,

and production level in tons (per ha) or the production’s economic

(export) value as the output variables. Again, there is space to gain

efficiency levels across crops, where the average technical efficiency

is 71.79%, meaning that farms can reduce about 29% input levels

and still produce the same output levels. Barajas and Pabuena

(2023) show the lowest technical efficiency score for tangerine, 17%.

Meanwhile, the most efficient crops are avocado, coffee, cocoa,

lemon, and orange, with a score of 100% within our literature search

(Valencia and Duana, 2019; Barajas and Pabuena, 2023). Finally,

some DEA studies also take advantage of econometric models

(Tobit models) to explore how weather variables (precipitation),

farms, and farmers’ characteristics (e.g., age, education, electric

machines), among others, explain these estimated DEA efficiency

levels (Barajas and Pabuena, 2023; Varela, 2023).
6.2 Time series models for tropical
fruit production

In addition to economic models that estimate efficiency levels,

studies often utilize time series data to model dynamic relationships

between crop production and key determinants or to Yield

prediction levels and crop prices. For fruit production, various

manuscripts have estimated multivariate models to measure the

effects of socioeconomic variables—such as prices, exchange rates,

labor force availability, and production costs—as well as weather

and environmental variables, including temperature, precipitation,

and CO2 emissions, among others (Gay et al., 2006; Rickard and

Pierre, 2008; Howai et al., 2013). Other studies have focused on

forecasting production levels and prices, utilizing univariate models

for this purpose (Luis-Rojas et al., 2020; Cancino et al., 2022;

Pacheco-Sánchez et al., 2023). Furthermore, some authors

combine time series models with machine learning techniques

(Abdul et al., 2018; Rathod and Mishra, 2018; Khan et al., 2021;

Kumari et al., 2023).
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The tropical literature on time series models and fruit

production presents a broader reach than the efficiency

estimation literature. We find references using data from

Colombia, Ecuador, Mexico, Trinidad and Tobago, among other

countries (Cancino et al., 2021, 2022; Gay et al., 2006; Orozco-

Abarca, 2007; Rickard and Pierre, 2008; Kleemann and Effenberger,

2010; Howai et al., 2013; Luis-Rojas et al., 2020; Paniagua-Molina

and Solı ́s-Rivera, 2020; Paniagua-Molina and Solórzano-

Thompson, 2020; Pacheco-Sánchez et al., 2023). These time series

works have examined the production of banana passion fruit,

blackberry, cocoa, coffee, limes, oil palm, and vanilla. Some

studies apply multivariate time series approaches to understand

the impact of key independent variables, using log-log regressions,

linear and quadratic functions, or more sophisticated methods such

as Vector Autoregressive Models (VARs).

When the purpose is to forecast yields or prices, studies

implement the Box-Jenkins method or the Autoregressive

Integrated Moving Average (ARIMA). These econometric

strategies have allowed researchers to quantify the impact of

economic and weather variables on output levels. For instance,

temperature and rainfall patterns are key inputs for coffee and cocoa

output levels (see Gay et al., 2006; Rickard and Pierre, 2008; Howai

et al., 2013). Meanwhile, economic determinants such as income,

output and input prices, levels of debt, and labor force availability,

among others, explain significant production or profitability of

cocoa, coffee, banana passion fruit, and oil palm (Rickard and

Pierre, 2008; Howai et al., 2013; Paniagua-Molina and Solórzano-

Thompson, 2020; Cancino et al., 2021). Finally, ARIMA models

predict the production levels of blackberry and vanilla (Luis-Rojas

et al., 2020; Cancino et al., 2022), and even the effect of weevil

infestation in oil palm (Pacheco-Sánchez et al., 2023).

Literature search in other regions described the implementation

of time series with machine learning methods. These studies have

forecasted the production of apples, bananas, citrus, grapes, mango,

and pears, using time series techniques such as ARIMA and Seasonal

ARIMA (SARIMA), Autoregressive Distributed lag-bound testing

(ARDL), Autoregressive Conditional Heteroscedasticity (ARCH),

Generalized Autoregressive Conditional Heteroscedasticity

(GARCH). At the same time, they have included machine learning

methods such as Support Vector Machines (SVM), Logistic

regression, K-nearest neighbors classifier, Decision tree classifier,

and Random forest classifier, Artificial Neural Network (ANN) and

Recurrent Neural Network (RNN) (Abdul et al., 2018; Rathod and

Mishra, 2018; Khan et al., 2021; Kumari et al., 2023). These studies

claim that the combination of time series and machine learning

methods outperforms the predictive power of individual time

series estimation.
7 Conclusion

Modeling and artificial intelligence (AI) are revolutionizing

fruit orchard management and optimization for fruit growers.
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This transformation involves advancing from specialized models,

which address plant functions, environmental interactions, and

pest and disease dynamics, to multidisciplinary research and

platforms that adopt a more holistic approach. These

comprehensive tools extend beyond basic monitoring,

recognizing the vital influence of soil health and weather

patterns on tropical fruit yields; incorporating comprehensive

soil assessments and precise meteorological data into these

advanced models enhances predictive accuracy and supports

sustainable orchard management practices. Modeling on

“Tropical Fruit Forecasting” requires sophisticated algorithms to

examine past data, present weather conditions, and soil

characteristics, offering comprehensive predictions for the

growth and yield of fruit crops (Gómez-Lagos et al., 2023).

Future research is considering large-scale and multi-scale

models, improving the representation of physiological processes,

tree architecture, physiological responses to climate change and

management practices, and enabling the identification of tree-fruit

anomalies through image analysis, satellite data, low-cost sensors,

and automated recommendations (Grisafi et al., 2022). Moreover,

yield data prediction is extremely valuable because it directly

influences economic models for sales estimation, which are

useful for market pricing (Tanimoto and Yoshida, 2024).

Economic models show an opportunity for efficiency

improvements across fruit crops. Agricultural sciences have now

advanced toward producing detailed data to analyze farming

systems and efficiency models more precisely. Unfortunately,

such resources are not evenly available worldwide, especially for

farmers in the tropics (Wolfert et al., 2017; Jones et al., 2017a).

Efforts to access specialized human capital, digital infrastructure,

and real-time and field-scale data are all necessary for efficiency

gains across tropical regions.
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Gene Albrigo, L., and Galán Saúco, V. (2004). Flower bud induction, flowering and
fruit-set of some tropical and subtropical fruit tree crops with special reference to citrus.
Acta Hortic. 632, 81–90. doi: 10.17660/ActaHortic.2004.632.10

Gill, M. K., Asefa, T., Kemblowski, M. W., and McKee, M. (2006). enSoil moisture
prediction using support vector machines1. JAWRA J. Am. Water Resour. Assoc. 42,
1033–1046. doi: 10.1111/j.1752-1688.2006.tb04512.x

Goldschmidt, E. E., and Lakso, A. N. (2005). “Fruit tree models: scope and
limitations,” in Information and Communication Technology (ICT) Development and
Adoption: Perspectives of Technological Innovation (European Federation for
Information Technologies in Agriculture, Food and the Environment), 1–19.
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