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ABSTRACT 

	Crop modeling serves as a powerful tool for optimizing fruit production by simulating tree responses to environmental factors like temperature, water, and light. Mechanistic models, particularly Functional-Structural Plant Models (FSPMs), enable 3D simulations of canopy dynamics, predicting light distribution, nutrient allocation, and fruit development. These models aid in designing optimal orchard layouts, improving irrigation and fertilization strategies, and mitigating pest and disease risks through targeted interventions. Additionally, FSPMs help predict fruit quality attributes such as sugar content and colour, allowing growers to fine-tune practices for market preferences. By integrating data-driven insights, crop modeling enhances yield, resource efficiency, and fruit quality, revolutionizing precision agriculture in fruit crops. However, crop models often face challenges due to incomplete data, complex interactions within systems, and lower accuracy when used outside their intended contexts. The review covers major modeling categories, including physiological growth models, crop-environment interaction models, climate-impact models, pest and disease models, water and nutrient management models, agroforestry models, and new machine-learning approaches focusing on recent advances, key applications and future directions. It highlights how these models improve prediction accuracy and support sustainable fruit production.
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1. INTRODUCTION

Unpredictable weather patterns have emerged as one of the most pressing challenges for fruit growers in recent years, disrupting traditional cultivation practices and threatening productivity (Bhattacharjee et al., 2022). Each fruit variety has evolved to thrive within specific climatic parameters optimal temperature ranges, sunlight exposure, and humidity levels that govern critical growth stages such as flowering, fruit set, and ripening (Mitra, 2016). However, rising temperatures, unseasonal rains, prolonged droughts, and erratic frost events are increasingly pushing these conditions beyond their ideal thresholds. For instance, unseasonal heatwaves can accelerate fruit maturation, leading to smaller sizes and poor texture, while unexpected frosts during flowering can devastate entire orchards by damaging delicate blossoms (Kumari et al., 2024a, Sundarrajan et al., 2025). These climatic deviations not only reduce yield quantity but also compromise fruit quality, resulting in inferior taste, colour, and shelf life factors that directly impact marketability and profitability.
Beyond immediate yield losses, erratic weather weakens the natural resilience of fruit crops, making them more susceptible to secondary stressors such as pest outbreaks and fungal infections (Yadav et al., 2023). Warmer winters, for example, fail to suppress insect populations, leading to earlier and more severe infestations of pests like fruit flies or borers (Kumari et al., 2024b). Similarly, excessive humidity from untimely rains creates ideal conditions for fungal diseases like powdery mildew or anthracnose, which further diminish crop health and harvest quality (Jonathan and Mahendranathan, 2024). This cascading effect forces growers to rely more heavily on chemical interventions, increasing production costs and raising environmental concerns. The cumulative impact of these challenges underscores the urgent need for adaptive strategies such as climate-resilient cultivars, precision irrigation, and advanced forecasting tools to safeguard the future of fruit cultivation in an increasingly volatile climate (Hossain et al., 2024).
However, there's a glimmer of hope on the horizon for these fruit warriors. With the growing emphasis on high-quality produce, a new scientific discipline called functional-structural plant modeling (FSPM) has emerged (Vos et al., 2010). This revolutionary approach utilizes computer modeling to simulate the complex interactions between plants, their surrounding environment, and the resulting fruit quality (Vaillant et al., 2022). By creating these virtual representations, FSPM has the potential to become a powerful tool for fruit growers. Imagine being able to predict how a specific weather pattern will impact the growth and quality of your fruit crop. This knowledge would allow growers to make informed decisions about resource allocation, irrigation strategies, and even crop selection for specific regions. FSPM holds the promise of a future where achieving the perfect fruit harvest becomes less of a gamble and more of a calculated science.

2. Modeling
Crop growth simulation models (CGSMs) employ a mechanistic approach to understanding crop behaviour. These models utilize mathematical equations to represent the physiological and ecological processes governing crop development, growth, and yield (Boote et al., 2018). CGSMs function as in silico representations of real-world cropping systems, simulating the growth of various plant components (leaves, roots, stems, and reproductive organs) over time (Sangale, 2022).

Beyond simply predicting final yield, CGSMs offer a quantitative analysis of key processes influencing crop performance. This detailed information allows researchers to investigate the impact of environmental factors, such as elevated CO2 concentrations and altered temperature and precipitation patterns associated with climate change, on crop development, growth, and ultimately, yield (Sangale, 2022). By providing a comprehensive understanding of crop response to various stimuli, CGSMs serve as valuable tools for agricultural scientists and growers alike.
2.1 Steps in Developing a model
The development of a model follows a structured process (Figure 1) to ensure accuracy and reliability. It begins with defining the system and objectives, which involves identifying the purpose of the model and the key components it will simulate (Powell et al., 2008). Next, data analysis is conducted to gather and evaluate relevant input data, ensuring its quality and suitability for the model (Powell et al., 2008). The model construction phase involves designing the mathematical or computational framework based on the defined objectives and analyzed data. Once built, the model undergoes validation, where its outputs are compared against real-world observations or benchmarks to verify its accuracy (Ellis, 2012). A sensitivity analysis is then performed to assess how changes in input parameters affect the model's results, identifying critical variables and potential uncertainties (Janssen, 1994). Finally, the validated model is put to use, whether for prediction, decision-making, or further research, completing the iterative cycle of model development. Each step is essential for creating a robust and effective tool.

2.2 Criteria for a Good Model
[image: ]A good model should be as simple as possible to minimize computer memory requirements while maintaining accuracy. It must effectively respond to variations in weather inputs, such as temperature, rainfall, and solar radiation, to ensure realistic simulations under different climatic conditions (Holzkämper et al., 2012). Additionally, the model should accurately reflect environmental stresses, including water deficits, nutrient limitations, and pest pressures, to provide reliable predictions of crop performance (Nendel, 2016). Crucially, it must incorporate crop phenological development, accounting for factors like variety-specific traits, planting date, geographic location, and daily temperature fluctuations, as these significantly influence growth stages and yield outcomes (Nendel, 2016). By balancing simplicity with responsiveness to key variables, the model can deliver robust and practical insights for agricultural decision-making.
Fig. 1. Steps in developing a model
3. FUNCTIONAL – STRUCTURAL PLANT MODELS
Functional-structural plant models (FSPMs) integrate two key approaches: process-based models and morphological models, combining physiological functions with 3D structural development (Vos et al., 2010). Process-based models simulate plant growth by analysing environmental interactions, such as biomass production, water use, and nutrient dynamics, to predict yield and resource allocation(Vos et al., 2010). Morphological models, on the other hand, focus on the geometric and architectural aspects of plant development, driven by organogenesis (e.g., meristem activity) and empirical rules for shape formation (Kang, 2012). By integrating structural details with functional processes, it serves as an effective tool for simulating realistic crop growth and development. 
FSPMs dynamically link biological processes like photosynthesis and biomass partitioning with spatial plant architecture (canopy architecture and root system dynamics), enabling realistic simulations of how plants grow and adapt in 3D space to provide a comprehensive representation of plant growth (Soualiou et al., 2021). This synergy enhances applications in precision agriculture, crop optimization, and ecological research.
Remote sensing data can be integrated into Functional-Structural Plant Models (FSPMs) like GrapevineXL to continuously adjust canopy structure and physiological parameters. This improves the accuracy of predictions for processes such as water status, berry growth, and sugar accumulation in real field conditions (Oliver and Chooi, 2023). Remote-sensing inputs are used to set up, start, or spatially influence FSPMs. This helps capture variability within fields and scales predictions from plant to orchard. FSPM and remote sensing couplings have been studied as decision tools for cultural practices. However, most of these implementations are still research prototypes, even though they show increasing potential for practical use. 
Various modeling approaches have been employed, each using different fundamental units like, Metamer/Phytomer (Comprising a node with an axillary leaf, axillary buds, and an internode), Growth Unit (A segment of a plant axis produced during continuous elongation), Axis (A sequence of growth units extending in the same direction, originating from one (monopodial) or multiple (sympodial) meristems) and Branching System (The arrangement of branches within a single plant) (Shukoor et al., 2023).
[bookmark: _Hlk200475720]4. CLASSIFICATION OF MODELS
Models can be classified into Conceptual, Mathematical and Physical. Conceptual models are centred on a notion from a profound thought or scientific inspirations (Gonzalez-Perez, 2018). Biological systems cannot be explained by physical models, which are experimental subsystem units that represent entire systems (van Leeuwen et al., 2003). The most popular models are mathematical ones, in which the system's behaviour is expressed mathematically using equations and hypotheses are made quantitatively by deducing their implications (Sacco et al., 2019). There are various classes of mathematical models, with mechanistic and empirical models being the most significant. Both empirical and mechanistic models can be classified as stochastic, which use random guesses and a variety of distributions, or deterministic, which uses precise quantitative predictions (Nikolova, 2020). They may be discrete or continuous. Simulation models and optimisation models depends on mathematical modeling.
A variety of model types are included in crop modeling, each of which focuses on specific aspects of crop development, growth, and interactions with the environment.  These are a few typical crop model kinds.
4.1 Physiological Crop Growth Models
The physiological functions of crop growth, including photosynthesis, respiration, transpiration, and nutrient uptake, are replicated by these models (Table 1).  They forecast the effects of environmental elements on crop growth and development, such as temperature, light, water availability, and nutrient levels (Kersebaum and Stöckle, 2022).
Table 1. Crop growth models and uses in fruit crops
	[bookmark: _Hlk200475778]Model
	Crop
	Uses
	Reference

	Phenology model
	Grapes
	Developed and validated a phenological model, from budbreak to maturation phenological stages, based on the growing degree days and used the model to assess potential changes in future phenology timing employing different climate change scenarios
	(Grillakis et al., 2022)

	Citrus-YOLOv7 model
	Citrus
	Used to solve the problem of detecting citrus in citrus orchards by imitating the human visual attention learning mechanism
	(Chen et al., 2022)

	Negative Exponential model
	Mango
	It is used to estimate mango biomass and carbon stocks with and without intercrops in standing situations
	(Rathore et al., 2021)

	ImprovedYOLOv5 (YOLOv5-B)
	Apple
	Used to propose a visual identification method for the growth forms of apples in the orchard
	(Lv et al., 2022)

	Hierarchical Model
	Kiwi
	Used to predict the accurate flowering time in kiwi based on weather data and budbreak dynamics
	(Zhang et al., 2024)

	Fruit growth model
	Papaya
	Used to represents papaya fruit growth and the GDD necessary for fruit ripening and to predict the harvest date based on heat units
	(Irene et al., 2019)



4.2 Crop-Environment Interaction Models
These models (table 2) take into account how soil characteristics, climate, and management techniques interact with crops. When climatic factors like temperature, precipitation, soil moisture, and nutrient availability change, they mimic how crops react (Ansarifar et al., 2021). 
4.3 Climate Change Impact Models
These models evaluate how shifting climatic conditions influence crop yields and farming systems. These models (table 2) analyze the consequences of rising temperatures, altered rainfall patterns, and increased CO₂ concentrations on plant growth, irrigation needs, pest and disease spread, and farming strategies (Crane-Droesch, 2018). 
Table 2. Environmental interaction and climate change interaction models and uses in fruit crops
	Model
	Crop
	Uses
	Reference

	Biophysical model
	Apple and pear
	To analyse the effect of environmental conditions on fruit growth dynamics
	(Dequeker et al., 2024)

	ASOTh (ASO-based Thornthwaite PET) model
	Papaya
	To modify and optimize the induced growth of papaya plants, making it site-specific and crop-specific (applicable anywhere on Earth)
	(Concepcion et al., 2023)

	V-Mango
	Mango
	Simulates mango tree vegetative and reproductive development over successive growing cycles, allowing a precise characterization of tree phenology and fruit growth and production
	(Boudon et al., 2020)

	Generalized Linear Models (GLM) [Species distribution models (SDMs)]
	Citrus
	To predict the habitat suitability for citron under climate change scenarios

	(Maurya et al., 2023)

	STICS model
	Apple 
	To quantitatively assess the impacts of frost damage during flowering on apple yield for the prevention and mitigation of frost disasters in apple production
	(Chen et al., 2023)



4.4 Crop Yield Models
The specific goal of these models is to forecast agricultural yields in various circumstances (table 3). To calculate possible yields and pinpoint limiting factors, they combine variables like climate, soil, crop genetics, and management techniques (Reddy and Kumar, 2021).
Table 3. Crop yield models and uses in fruit crops
	Model
	Crop
	Uses
	Reference

	“Time series”—based remote sensing method
	Mango
	Provides predictions several months before the commercial harvest. 
Method does not require infield fruit counts and utilizes freely available satellite imagery
	(Torgbor et al., 2023)

	YOLOv5s

	Grapes 
	An end-to-end lightweight counting pipeline, to automate the processing of video data for real-time tracking and counting of grape clusters in field conditions
	(Shen et al., 2023)

	Artificial Neural Network (ANN) model
	Citrus
	To predict the yield of the citrus crop using weather factors and the accumulated heat units
	(Almady et al., 2024)

	Improved CROPGRO-Strawberry model 
	Strawberry
	Predicts the growth, development, and fruit production of strawberry using weather, soil and physiological parameters and can be used for yield prediction, comparison of management options and harvest planning
	(Alwin et al., 2022)

	Time series and ensemble models
	Banana
	For accurate banana crop yield forecasting based on temporal dynamics
	(Patrick et al., 2023)



4.5 Pest and Disease Models
These models replicate how pests and diseases behave and affect agricultural output and growth (table 4).  They take into account things like pest life cycles, population dynamics, outbreak-prone environmental circumstances, and how well pest management methods work (Yadav et al., 2021). 
Table 4. Pest and disease models and use in fruit crops 
	Model
	Crop
	Uses
	Reference

	CNN-LSTM hybrid model
	Grape 
	Multi-classification of the severity of grape black rot based on six distinct disease degrees
	(Gaur et al., 2023)

	EfficientNet-b0 model
	Citrus
	Automatic classification service system for citrus pest recognition based on diagnosis web system and deep learning
	(Lee et al., 2022)

	CanKiwi
	Kiwi
	The model is useful for testing disease management strategies, simulating the infection process, forecasting its results, and assisting with experimental investigations
	(Hadj Abdelkader et al., 2024)

	An improved agro deep learning model
	Banana
	Detects Panama wilt disease by analyzing leaf colour and shape changes, helping farmers predict severity, make timely decisions, and take effective action
	(Sangeetha et al., 2023)

	Convolutional neural network (CNN) models
	Peach
	This deep learning-based imaging method detects bacteriosis in peach leaves with high accuracy, serving as an early warning tool and can be integrated with drones for real-time farm monitoring
	(Yadav et al., 2021)



4.6 Water and Nutrient Management Models
These models concentrate on maximizing crop yield while reducing environmental effects through the optimization of water and nutrient management techniques (table 5).  They mimic the flow of water through the soil, the cycling of nutrients, and how crops react to fertilization and irrigation techniques (Ndayitegeye et al., 2020).
Table 5. Water and nutrient management models and uses in fruit crops 
	Model 
	Crop 
	Uses 
	Reference

	AquaCitrus
	Citrus
	A soil water balance model specifically designed for citrus orchards in the Mediterranean region, addressing irrigation strategies under water scarcity
	(Boubakri et al., 2023)

	SWAT model
	Apple
	Used to quantify nitrogen and phosphorus losses in an apple-dominated basin and evaluate the impact of optimized fertilizer scheduling on reducing nutrient runoff
	(Han et al., 2023)

	SIMDualKc model
	Apple
	For irrigation scheduling and improving water management for apple production in arid regions
	(Cao et al., 2021)

	Deep Long Short-Term Memory (Deep-LSTM) Model
	Banana
	For prediction of crop water requirement and irrigation scheduling
	(Balan and Joseph, 2021)

	Agro-hydrological model SWAP
	Grape
	To estimate soil-plant water status and crop water stress
	(Bonfante et al., 2017)



4.7 Agroforestry Models
These models focus on the combined cultivation of trees, crops, and/or livestock on the same land to understand and optimize their interactions. They assess interactions such as resource competition (water, nutrients), shade effects, and the advantages of agroforestry, including enhanced soil health, biodiversity, and climate adaptability (Comolli, 2025). By simulating these dynamics, these models help farmers and researchers optimize land-use systems for both productivity and sustainability. For instance, the Hi-sAFe model is a 3D simulation tool designed for FT-AFS (Fruit Tree-Based Agroforestry Systems) that monitors the growth of fruit trees and crops throughout their life cycles while assessing the effects of various management practices and farming operations (Holzkämper et al., 2012).
4.8 Machine learning models
AI and machine learning (ML), especially deep learning methods like convolutional neural networks (CNNs), recurrent neural networks (RNNs), and deep belief networks (DBNs), are being used more and more in modern agriculture (LeCun et al., 2015).  CNNs outperform conventional techniques in terms of classification and precision in image-based tasks (Kamilaris and Prenafeta-Boldú, 2018).  Additionally, ML models (table 6) improve prediction validation by providing data-driven insights for yield forecasting and crop monitoring, which increases agricultural efficiency.
Table 6. Machine learning models and uses in fruit crops 
	Model
	Crop
	Uses
	References

	Spectral Reflectance Indices (SRIs) in conjunction with machine learning (ML) models, including artificial neural networks (ANN), random forests (RF), and decision trees (DT)
	Mango and Strawberry 
	Accurately predicts the biochemical properties of mango and strawberry fruits at various ripening stages

	(Elsayed et al., 2025)

	ResNeXt deep learning model
	Apple 
	Fungal disease prediction
	(Upadhyay and Gupta, 2024)

	DFR model using Azure Ml Studio
	Date Palm

	For predicting date palm mite infestation on fruits and integrated DPM management

	(Mohammed et al., 2023)	

	Yolo papaya 
	Papaya
	Detection of papaya fruit diseases at an early stage to mitigate losses and ensure the quality fruits
	(De Moraes et al., 2023)

	SBM-Fruit (Artificial Neural Network)
	
	Fruit yield forecasting	
	(Gómez-Lagos et al., 2023)



5. APPLICATIONS OF CROP MODELING IN FRUIT CROPS 
Crop modeling plays a crucial role in understanding and optimizing fruit crop production by simulating various physiological and environmental interactions (Mahida et al., 2023). One key application is phenological development, where models predict stages such as flowering, fruit set, growth, and ripening by integrating temperature, photoperiod, and other environmental factors (Grillakis et al., 2022). These predictions help farmers plan management practices more effectively. Another important use is yield prediction, where models estimate production based on flower count, fruit set rates, growth dynamics, and environmental influences (Patrick et al., 2023). This assists in harvest scheduling, market planning, and resource allocation.
Additionally, crop models support water and nutrient management by simulating soil-plant interactions, irrigation needs, and fertilizer efficiency (Boubakri et al., 2023). By optimizing these inputs, growers can enhance productivity while minimizing waste and environmental harm. Models also contribute to pest and disease management by analyzing weather-dependent pest life cycles and infection risks, enabling timely and targeted control measures (Sangeetha et al., 2023).
In the context of climate change adaptation, crop models assess how shifting temperatures, rainfall patterns, and CO₂ levels may affect fruit crops (Maurya et al., 2023). They help identify vulnerable regions and evaluate adaptive strategies such as altered planting dates or new varieties (Mahida et al., 2023). Speaking of varieties, crop models aid in breeding and selection by simulating how different genetic traits perform under varying conditions, guiding the development of more resilient and productive cultivars.
However, crop models rely heavily on accurate input data including weather, soil properties, and management practices and range from simple spreadsheet tools to complex algorithmic simulations. Uncertainties in biological and environmental factors mean models require continuous validation and calibration using real-world data to improve reliability (Mahida et al., 2023). In climate change studies, for instance, models serve as essential tools for impact assessments, but their estimates remain approximations rather than definitive predictions. Many models still face limitations in precision and practical applicability, emphasizing the need for ongoing refinement and field verification (Grisafi et al., 2021).
6. ADVANTAGES AND CONSTRAINS IN CROP MODELING
Crop modeling offers numerous advantages, including real-time monitoring and regional estimates of expected crop yields, which help in making informed agricultural decisions (Guarin and Asseng, 2022). It supports farm-level agro-advisories by providing tailored recommendations on planting, irrigation, and pest management (Banerjee et al., 2025). Additionally, crop models aid in strategic planning at both local and national levels, enabling policymakers to optimize food security strategies. They play a crucial role in climatic risk assessment, facilitating crop insurance schemes by predicting weather-related losses (Annie et al., 2023). Furthermore, these models assess the long-term impacts of climate change on agriculture, helping farmers and governments adapt to shifting conditions (Timlin et al., 2024). They also support the development of breeding strategies by simulating genotype-environment interactions, which is vital for adapting crops to changing climates (Guarin and Asseng, 2022). Finally, crop modeling promotes climate-smart agriculture by identifying sustainable practices that mitigate risks and enhance resilience in farming systems.
Despite their benefits, crop models face several constraints that can limit their accuracy and applicability. Agricultural systems involve complex interactions between various components such as soil, climate, crops, and management practices that are not yet fully understood, making precise simulations challenging (Kheir et al., 2020). Additionally, the performance of a model heavily depends on the quality of input data; incomplete or unreliable data can lead to misleading results (Ewert, 2015). Many simulation models, particularly those relying on weather-dependent processes, require highly accurate and complete meteorological data to function effectively (Kephe et al., 2021). Another major limitation arises when a model is used for purposes beyond its original design or applied in conditions vastly different from those it was developed for, which can result in model failure (Silva and Giller, 2020). These constraints highlight the need for continuous refinement, context-specific validation, and high-quality data to improve the reliability of crop modeling systems.
CONCLUSIONS AND FUTURE PERSPECTIVES
Crop modeling has emerged during the past two decades as one of the most important horticulture research techniques. Model development and use can help identify knowledge gaps as a research tool, enabling more effective and targeted study planning. Crop modeling still faces practical limitations due to incomplete understanding of complex agricultural interactions, dependence on high-quality input data, and reduced accuracy when models are applied outside their intended conditions. Future improvements should focus on enhancing data reliability, standardizing model components, and strengthening calibration and validation across diverse environments. Integrating advances in genetics and molecular plant biology will further improve model responsiveness, supporting sustainable and high-quality fruit production. The use of standard units, creation of inputs and outputs, variable selection, creation of adequate documentation, and software quality assurance procedures would boost the portability of models and reduce the possibility of error or misuse. It is possible to undertake research that will ultimately save time and money and significantly contribute to the development of sustainable agriculture that will satisfy the world's food demands by using a model that has been rigorously calibrated and evaluated.
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