HARNESSING ENVIROMICS: A REVIEW OF ENVIRONMENTAL DATA INTEGRATION FOR CROP IMPROVEMENT


ABSTRACT 
Heterogeneity of current environmental conditions and global climatic change constantly complicate the task for breeders in defining the Target Population of Environments (TPE). Moreover, the differential response of genotypes across variable environments, referred as Genotype by Environment (G × E) interaction, presents a major challenge that almost all breeding initiatives must tackle. Conventional G × E studies have primarily concentrated on estimating genetic parameters across a restricted set of experimental trials. To optimize genetic gains, it is essential to gather data on all measurable environmental factors that influence genotype performance at any specific location. The relationships between environmental variables and genotype expression can be harnessed using the modern approach known as “enviromics”, which improves precision breeding by integrating genotypic and environmental data. Enviromics refers to the characterization of micro and macro-environments based on large-scale environmental datasets. This approach utilizes Geographic Information System (GIS) as a geospatial tool to advance genetic improvement by predicting the phenotypic performance of untested genotypes through the application of “enviromic markers”. These markers are crucial for genetic research due to their cost-effectiveness, increasing availability and applicability across various species GIS offers a comprehensive view of geographical locations and aids in analysing how environmental factors impact genotypic performance, highlighting the importance of enviromics in delivering information at an omics scale. This approach offers multiple benefits like matching of genotypes to their ideal environments, enhanced zoning of breeding regions with strong genetic correlations and the identification of the most suitable sites for conducting experiments.
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1. INRODUCTION 
“Changes in the global climate and their resulting effects on agricultural landscapes raise significant concerns about crop production” (Resende et al., 2024). “Heterogeneity of current environmental conditions and global climatic changes constantly complicate the task for breeders” (Smith et al., 2021). “The phenotypic variation observed over diverse environments is a product of genetic and environmental variation. Conventional G × E studies have primarily concentrated on estimating genetic parameters across a restricted set of experimental trials” (Elias et al., 2016). “However, many of the important environmental details required for the interpretation of experimental results and to enable prediction are not currently captured routinely for the multi-environmental trials (MET) conducted by breeders. To maximize genetic gains, it is crucial to gather data on all measurable environmental factors that impact the performance of genotypes at any specific location (Des Marais et al., 2013). Patterns of relationships between environmental variables and the expression of genotypes can be exploited through modern concept called “enviromics” which enhance precision breeding through integrating genotypic and environmental data” (Resende et al., 2021). 
[bookmark: _Hlk175296386]“Enviromics refers to the characterization of micro and macro-environments based on large-scale environmental datasets. Here it makes use of Geographical Information System (GIS) i.e., a geospatial tool to enhance genetic improvement by forecasting the phenotypic performance of unobserved genotypes through the use of “enviromic markers”. These markers are vital for genetic studies because they are cost-effective, widely accessible and applicable across different species” (Resende et al., 2021). GIS provide a detailed view of geographical locations and helps in analysing the environmental effects on genotypic performance, emphasizing the role of enviromics in providing information on an omics scale. This approach offers multiple benefits like matching of genotypes to their ideal environments, enhanced zoning of breeding regions with strong genetic correlations, and the identification of the most suitable sites for conducting experiments. These insights can guide the selection of varieties that are most likely to endure abiotic stresses such as heat, drought and increased CO2 levels resulting from climate change (Resende et al., 2024). Our goal is to update the knowledge base by addressing gaps in comprehensive reviews, considering the rapid advancements in technology and data analysis, to improve precision and efficiency in crop management and adaptation to climate change. 
2. ENVIRONMENT SHAPES PHENOTYPIC VARIATION
“As geneticists, we generally regard the environment as a key factor that possess aspects beyond the central dogma of molecular biology. It can be defined as the physical, chemical, biotic, abiotic factors that influence the growth and development of an organism, which collectively constitute the envirotype” (Resende et al., 2024). Therefore, the environment is not a “fixed property”, but rather a gathered effect of various factors and their balance, which shapes the quality of growing conditions for a particular species, germplasm or genotype. 
[bookmark: _Hlk175297155]“Understanding how the environment regulates growth and development is an important step to understand at which level the enviromics can be used in the biological system. Three distinct levels of environmental influence can be clearly identified: cellular level, which involves regulating gene expression, activating cell divisions, and cell growth; external level, which impacts the interaction between cells and plant organs, regulated by the availability of resources and metabolites important for plant physiology; The biotic and abiotic level, biotic factors include the interaction with soil microbiome and the responsiveness to pest, diseases and neighbour plants. The abiotic factors consist of the soil-plant-atmosphere continuum, which affects the sanity of specific tissues or plant organs, reflected in the availability of certain metabolites in cells and differential gene expression” (Costa-Neto et al., 2021).
2.1. TYPES OF ENVIRONMENTS
2.1.1. Macro Environment 
The environment associated with variables having large and easily recognizable effect is termed as macro environment. It may include differences over periods, seasons, location etc. 
2.1.2. Micro Environment 
Micro environment is also known as microhabitat, a very small, specific area in a habitat, distinguished from its immediate surroundings by factors such as the amount of incident light, the degree of humidity and the range of temperatures. 
3. GENOTYPE BY ENVIRONMENT INTERACTION (GxE)
“One of the major challenges faced by the plant breeding programmes are the differential response of genotypes across various environments. Genotype by environment interaction (GxE) occurs due to the specific plasticity of a genotype in response to fluctuations in the macro-environment throughout the crop's lifespan” (Arnold et al., 2019). “If the environment modulates the rate of gene expression and epigenetic variations related to transcriptional responses, various factors can bridge genetic diversity with phenotypic differences leading to G×E variation for each genotype under different growing conditions” (Cimen et al., 2021). As a result, G×E in breeding trials is typically calculated as a differential and multiplicative interaction between genetic (G) and macro-environmental effects (E), in which the micro-environmental factors at the plot level, are corrected using experimental design structures and statistical methods for phenotype correction.
5. ENVIROMICS TERMS ANCHORED IN A GEOPROCESSING ENVIRONMENT
4.1. Envirotyping
[image: ]“Envirotyping involves the steps of collecting, processing and associating environmental data with phenotypic data of plants. It gathers environmental data to characterize environments, focusing on factors that influence plant growth and development. It helps in understanding genotype-environment interactions, enhancing predictive models in plant breeding. It makes use of satellite-equipped sensors and ground-based probes for comprehensive data collection, aiming for high resolution and efficiency at the individual-plant level” (Resende et al., 2022). “It provides a new class of markers for genetic studies that are cost-effective and transferable across species, enabling better predictions of genotype performance and enhancing breeding strategies in the context of climate change and environmental variability” (Resende et al., 2024). “If envirotyping is used as the third typing technology, along with genotyping and phenotyping, then enviromics represents the third omics approach, alongside genomics and phenomics” (Xu, 2016). 
                                Fig1:    Envirotyping: Integrating Environmental Layers
4.2. Envirotype 
Beckers et al., (2009) and Xu (2016) first proposed the term envirotypes (environment + types) as all potential environmental factors that affect plant growth and yield, together with the definition of envirotyping as the process for measuring and determining all environmental factors. 
4.3. Enviromic Marker 
“The environmental variables that can be obtained by envirotyping can be termed as “enviromic markers”. The potential features that an enviromic marker present with in each site/pixel are the envirotypes. In turn the combination of all the envirotypes are the markers corresponds to the envirome and the marker polymorphism is the phenotypic variation” (Resende et al., 2021).
“Enviromic markers are climatic or landscape-based variables like temperature patterns, soil properties, annual and seasonal precipitation that serve as indicators of environmental conditions affecting the phenotypic traits of organisms. They are universal across species, cost-effective, and can be rapidly obtained compared to traditional omics data (like DNA or RNA), making them valuable for improving environmental indexes and breeding strategies” (Resende et al., 2021). “Here it makes use of envirotypic variation as the polymorphism of enviromic markers. High-density genotyping is needed to support genomic prediction, as additional marker data can shed light on the genetic variation contributing to the trait” (Sousa et al., 2019). “Similarly, more environmental information, when combined with genomic information, can lead to enhanced prediction outcomes in enviromics” (Resende et al., 2021).  
4.4. Envirome 
The envirome is defined as the complete set of external conditions affecting the phenotypic performance of an organism, encompassing all environmental factors that influence growth and development (Resende et al., 2024). The environmental information that can be obtained by envirotyping can be termed “enviromic markers”. In turn, the association of all these markers composes the envirome. It is the comprehensive set of environmental factors, including climatic, geographical, and ecological variables, that influence the growth, development, and adaptability of organisms.
5. ENVIROMICS
“Enviromics refers to the characterization of micro and macro-environments based on large-scale environmental datasets” (Resende et al., 2021). “That is the big data enables the economic studies and integrated analysis of genotypes and environments” (Xu et al., 2022). “It can leverage plant ecophysiology knowledge to bridge the gaps about environment interactions with systems biology (genes, transcripts, proteins, and metabolites), thereby enhancing the capacity to comprehend and model the phenotypic plasticity of key agronomic traits.” (Costa-Neto et al., 2021). 
“Enviromics is large-scale envirotyping that involves collecting environmental data across different times and locations to create a global link between the crop envirome (the essence of TPEs) and the phenotypic variation of key factors influencing G×E (Costa-Neto et al., 2021). Enviromics can yield valuable results, such as an environmental relatedness matrix, which posits that the core of typologies serves as a marker for “environmental polymorphisms” (Resende et al., 2021). “Another key aim of enviromics is to further integrate it into systems biology approaches. This integration can enhance our understanding of genomics × enviromics interactions and their connections with other omics fields (e.g., transcriptomics, proteomics), ultimately improving the accuracy and precision of predictive breeding platforms” (Rogers et al., 2021). 
Enviromics is precision breeding which identifies most suitable sites for conducting experiment by enhanced zoning of breeding regions and matches the genotype to the ideal environment. It can be employed for crafting scientific parent combination for hybridisation, recommending genotypes over the ideal environment as well as for the selection of the varieties that can withstand abiotic stress.
Comparison between multi-environmental trial and enviromics 
Multi-environmental trials have long been used to test and compare the performance of genotypes across a range of environments. While this approach is useful, its ability to predict genotype × environment (G × E) interactions is limited, as it captures only a narrow representation of environmental variability. Consequently, the accuracy of predictions tends to be lower, and the process is time-intensive, often requiring three to five years to complete. The analyses in such trials typically rely on conventional statistical methods, such as ANOVA, and the environmental characterization is generally restricted to macro-level conditions.
In contrast, enviromics aims to predict how genotypes will perform across diverse environments by explicitly modeling G × E interactions. By integrating detailed and multidimensional environmental information, it achieves higher prediction accuracy. Instead of relying solely on traditional statistical methods, enviromics employs advanced computational tools such as machine learning and data-driven modeling. Moreover, it characterizes environments at both the micro and macro levels, providing a more nuanced understanding of crop–environment interactions. Importantly, this approach shortens the time frame for breeding decisions, often reducing it to one or two years, making it more efficient than traditional multi-environmental trials.

[image: ]5.1. Steps In Enviromics
                                                              Fig 2: Steps in enviromics 
Step 1: TPE Definition
“The first step in managing frameworks for crop studies is to identify the Target Population of Environments (TPE). The TPE represents the composition and frequency of environmental types within a region targeted by plant breeders (Resende et al., 2024). It encompasses the range of environments where candidate genotypes will be assessed for performance under different growth conditions” (Chenu, 2015).
Step 2: Phenotypic Data-Check
Once the TPE is identified, it's essential to evaluate phenotypic data across diverse range of settings. A broad range of phenotypic data is collected across the TPE area, including data from breeding trials, long-term studies and on-farm assessments (Resende et al., 2024).
Step 3: Envirotyping Procedures
It involves the use of multiple covariate environmental data, that can be obtained using sources such as satellites and weather station. It utilizes remote sensing and in situ sensors to gather environmental data. Enhanced soil sensors enable quick, reliable, and cost-effective on-site measurements at the plot level. By conducting both field and laboratory experiments, researchers gather layers of crop and environmental data, offering insights into the genotypic conditions within the TPE (Resende et al., 2024).
Additionally, it can gather environmental data from various sources, including meteorological and hydrological stations. Meteorological stations provide information on climatic parameters such as temperature, humidity, precipitation and wind speed. Hydrological stations monitor data related to water resources, such as river and lake levels. Drones and Unmanned Aerial Vehicles (UAVs) can perform high-resolution data collection in hard-to-reach areas. Mobile devices can collect geospatial data in real time. In addition, historical data collections provide information on patterns and trends over time, such as historical climate records, maps and documents.
Step 4: Standardization of GIS Data
Verify and refine envirotyping raster overlays against established coordinate system optimizing pixel size to enhance accuracy for strategic genetic improvement inferences. Standardization of GIS data is achieved through the use of established datums and reference frames such as WGS84, NAD83 and others, which provide a consistent coordinate system for mapping the Earth’s surface (Resende et al., 2024).
Step 5: Dataset Integration
“Align genotypic and envirotypic datasets according to their geographical coordinates, with the option to incorporate genomic data for enhanced enviromic research. Ensure that the geographical coordinates of sites containing phenotypic data use the same coordinate system as the envirotyping data. Techniques such as concatenation, transformation, and model-based integration facilitate the effective merging of datasets” (Picard et al., 2021).
Step 6: Enviromic Analysis
Develop enviromic markers and conduct GxE studies for predictive modelling, integrating all database to assess environmental impacts on plant phenotypes (Resende et al., 2024).
6. GIS-GEI MODELLING 
It proposes a geospatial (Geographic Information System) Genetics–Environment Interaction (GIS–GEI) method in enviromics for the joint analysis of an experimental setting accounting for phenotypic, genotypic and envirotypic data based on advanced environmental interpolation techniques. It serves as a new approach for evaluating a phenotypic trait by converting the land area into a set of pixels in a geoprocessing framework, making full use of the envirotyping implementation for breeding purposes. 
The general idea of the method is to generate maps to be utilized within an optimal genotype recommendation framework. Thus, it is possible to identity geographic zones with high genetic correlation between them, i.e., a mega-environment (ME) in which genotype classifcation changes are minimized (Gauch and Zobel, 1997). Additionally, it provides maximization of selection accuracy by using GEI in the model, which often implies a substantial reduction of the residual variance.
The main advantages brought by this method are: 
· An improved matching of genotypes to their most appropriate sites (either tested or non-tested).
· A detailed zoning of breeding areas with high genetic correlation among sites within zones.
· The identification of the best sites to carry out experiments for further analysis based on regions that maximize trait heritability.
The analytical procedures used in GIS–GEI consists of two steps.
1. Development of the enviromic markers relating the trait with the environmental variables, from which an environmental index (EI) is built.
2. Genetic modelling, which consists in fitting reaction norm mixed models assuming the EI as explanatory variable. It also considers the estimation of genetic-environmental parameters such as trait heritability based on the enviromic markers.
6.1 Data Simulation and Building of the Environmental Index (EI)
6.1.1. Data Simulation 
“Two sequential algorithms were adopted in the simulation process. The first algorithm generates and characterizes the land area composition within a geoprocessing environment and formulate the envirotypic data, independently of genotypic and phenotypic information. The second algorithm is involved in creating trials and genotypes, with the simulation of plant phenotypes incorporating four sources of variation: genotypic values that are normally distributed with a specified mean and variance; an infinitesimal genotypic relationship that includes envirotypic data from the earlier simulation stage; a specific trial effect and a general random error” (Resende et al., 2021).
6.1.2. Envirotypic Algorithm
“A set of trials are randomly allocated to a square area covering the entire pixels. The overlapping rasters containing envirotypic information of a single environmental variable at their corresponding sites/pixels were simulated. Overlapping sites/pixels across all the rasters constitute an enviromic marker for the land area. In our simulation, the values attributed to the enviromic markers were merely random, but in practice they would correspond to the historical annual temperature, historical annual precipitation, any cultural treatments, terrain altitude, nutritional or physical soil characteristics, radiation, vegetation indices etc.” (Xu, 2016).
6.1.3. Genotypic And Phenotypic Algorithms
Values for a particular phenotype collected from the genotypes (coded as G001, G002 up to Gn) in multiple trials were simulated, mimicking a response trait, eg., agricultural yield. The envirotypes of the overlapping enviromic markers can influence (either positively or negatively) the phenotypic trait expression of a plant genotype at the particular site/pixel, with hypothetically known latent-effect magnitudes, similar to allele types of a molecular marker at a genomic locus.
6.1.4. Environmental Index (EI)
For computing the EI, the phenotypic mean from the trials with in an area is calculated and subsequently EI values were generated for the entire range of pixels using a random forest (RF) regression in R software (Liaw and Wiener, 2002). It establishes a relationship between the enviromic markers and the mean performance of the genotypes within trial for the evaluated trait. At the end, the RF models obtained from the phenotypic mean data were used to predict the EI across all pixels in the area, using kriging interpolation. Assume that if a specific site has a higher predicted phenotypic mean, it suggests that the genotype has greater local adaptive fitness or productivity there, which in turn indicates that the site is of better quality. Finally, the EI values were rescaled to a 0–1 interval, with 0 being the worst site, and 1 being the best one. The Environmental Index (EI) plays a crucial role in determining the envirotypes for every pixel in the area, which can then be utilized for making further breeding decisions. While calculating the EI, if it was observing greater overlapping between the EI of the whole area and EI of the trials, this seems that there is a positive correlation between the environment and the trait considered.
6.2 Genetic Modelling
“More specifically, the raw genetic effect of each genotype was considered as normally distributed with known trait mean and variance. In addition, the primary relationship between enviromic markers and the trait expression was modelled as linear, meaning that changes in the enviromic markers result in proportional changes in the trait expression. For example, if temperature increases by a certain amount, the trait (say, plant height) might increase or decrease in a predictable way” (Resende et al., 2021).
The simulation of GEI effects is performed based on a general first-order autoregressive model, to capture the spatial variation in genotypic interactions across sequential trials. This simulation defined the genotype’s behaviour across environments based on its previous values, with an unpredictable stochastic component (random noise) influencing the subsequent value. The process continued until all trials provided sufficient information to capture nonlinear predictable trends.
To represent the relationship between the evaluated trait and the Environmental Index (EI), the following linear model (for the case of a single trait) can be used (Resende et al., 2021).
y = 𝑿β + 𝒁g + 𝑾𝑡 + 𝜀,
where y is the vector of phenotypic observations; β is the vector of fixed effects; 𝑔 represents the random effects of genotypes with variance-covariance structure; 𝑡 represents the random effects of trials with variance-covariance structure; X, 𝒁 and W are the incidence matrices of 𝛽, g and t respectively. 𝜀 is the residual vector.
6.2.1. Broad-Sense Heritability 
GIS-GEI modelling determines the ideal locations for conducting experiments by identifying regions that maximize trait heritability for further analysis. Thus, it will help to deduct the relative genetic variance of genotypes across environments. Throughout the pixel of area considering the assumed range of EI (0 to 1) the range of broad sense heritabilities is estimated.  
6.2.2. Genetic correlation between different EI values
[bookmark: _Hlk208656770]To identify breeding zones with strong genetic correlations between genotypes and environmental interactions (EI), employ the Unweighted Pair Group Method with Arithmetic Mean (UPGMA), a widely used distance-based technique.
From the genotypes evaluated through GIS-GE, the first ranking genotypes at least at one pixel were selected. It is important to note that each pixel in the area has a particular genotypic ranking. For example, while removing the best one, the second-best genotypes should be there. Thus, different genotypic panels can be allocated to the area according to the different rankings of genotypes in the environmental gradient. 
If there is a higher genetic correlation (rg) within individual zones and lower among them, indicates the zones with fewer genotypic rank changes.
When observed, negative predicted yields in lower EI may indicate that the genotype would not survive in such environments, or would have exceedingly low yields. On the other hand, genotypes with positive predicted yields in extreme environments may indicate genotypes with high resilience potential.
7. Advantages of Enviromics 
· It helps for implementing a well-consolidated enviromes for each crop species, considering the all-possible typologies that some crop species might face.

· The main advantages brought about by this method are an improved matching of genotypes to their most appropriate sites, the improved zoning of breeding areas with high genetic correlation and the indication of the best sites to carry out experiments for further analysis based on regions that maximize the heritability.


· Envirotyping methods offer a new category of markers for genetic research that are cost-effective, widely accessible and applicable across different species (Pinto et al., 2023).

· The flexibility of enviromic models enables adaptation to changing environmental conditions, making them particularly useful in the context of climate change.

· It provides novel insights and options for plant breeders, improving decision-making and adaptation strategies for developed germplasm.

· The use of advanced environmental sensors and remote sensing techniques reduces costs and increases the reliability of data collection in breeding programs.


· Integrating genomics, phenomics, and enviromics in plant breeding enhances the accuracy and efficiency of breeding pipelines, enabling the selection of better-adapted genotypes in a cost-effective manner. This integration supports the prediction of breeding values, reduces cycle time, and improves selection accuracy, particularly in the face of climate change and environmental stresses. Ultimately, it accelerates genetic gains and contributes to food and nutrition security (Crossa et al., 2021) 

· Remote sensing technology provides high-resolution imagery that captures detailed information about crop health, soil moisture, and environmental conditions, enabling precise monitoring of crop growth stages. Combining data from various sensors (e.g., optical, radar, and LiDAR) enhances the accuracy of yield predictions by providing a comprehensive view of the agricultural landscape and its conditions.

8. CHALLENGES IN ENVIROMICS 
· The main challenge in the implementation of enviromics approaches is that only a few of the pixels representing a land area contain breeding trials having phenotypic and genotypic information. However, all pixels have environmental information since affordable meteorological stations have been increasingly installed in multiple and diverse locations, such that environmental data can be interpolated by kriging across any desired area (Oliver and Webster, 2015). 

· Cost for acquiring the remote sensors, which might be expensive for some public breeding programmes in certain regions of the world. In addition, if every field trial does not have the same core of sensors, there is a bias of using different equipment.
· Another important factor is that some equipment has the data resolution of minutes, hours, or days and it must be standardized for all experimental networks.

· Communication gap between biometrics and crop ecophysiologists.
· Lack of equipment 
9. FUTURE PROSPECTS
The increasing global demand for agricultural products highlights the urgent need for faster and more efficient crop improvement strategies. Recent advances in high-throughput technologies such as genomics, phenomics, enviromics, and other multi-omics fields have helped overcome earlier difficulties in collecting large amounts of data (Resende et al., 2021). Yet, working with such high-dimensional datasets remains a major challenge, where artificial intelligence offers promising solutions for managing and analysing this information effectively (Xu et al., 2022).
In recent years, enviromic markers have emerged as an important resource in plant breeding. Envirome-Wide Association Studies aim to broaden the analysis of environmental effects by examining multiple factors simultaneously, rather than limiting the focus on limited aspects (Piepho, 2022). In pursuit of this goal researchers are increasingly utilizing remote sensing and advanced satellite techniques to extract richer information from existing datasets (Newman & Furbank, 2021). Such approaches are expected to improve insights into crop–environment relationships, thereby enhancing breeding efficiency and optimizing resource use (Gevartosky et al., 2023).
Understanding the interaction between genetic and environmental factors is a key to optimize crop yield under diverse conditions (Crossa et al., 2021). Enviromics-based “virtual trials” offer a practical alternative to field experiments, achieving up to 90% of the predictive accuracy of traditional trials while eliminating costly steps such as soil preparation, fertilization, planting and phenotyping (Resende et al., 2024).
Agricultural productivity is increasingly threatened by climate change, with rising temperatures, elevated CO₂ concentrations and shifts in water availability exerting strong influences on crop performance. Differential responses of C₃ and C₄ crops to drought stress and increased CO₂ contribute to yield variability, with an estimated yield reduction of 7–23% in lower-latitude regions (Ciscar et al., 2019). Beyond this, climate change also drives complex alterations in nitrogen dynamics, soil organic matter, and nutritional quality of crops, underscoring the need for integrated analyses. A multidisciplinary framework that couples biophysical yield simulations with economic and environmental assessments is therefore essential for capturing these multifactorial interactions. 
Advances in envirotyping, combined with reliable climate prediction models, provide opportunities to design adaptive strategies to mitigate climate impacts. Furthermore, the integration of breeding trials and on-farm datasets with genotypic information in big-data frameworks allows for more precise dissection of G × E interactions.
[bookmark: _GoBack]The integration of genomics, phenomics and enviromics provides a comprehensive framework that can be tailored to available resources and program structures. When strategically combined, these approaches enable conventional phenotypic breeding to expand its scope and accelerate genetic gains through diverse opportunities (Crossa et al., 2021). Within this context, accurate characterization of crop environments is essential for germplasm evaluation and for aligning breeding targets with the relevant target population of environments (TPE) (Resende et al., 2021). Notably, embedding phenomics and enviromics within benchmark genomic pipelines enhances the precision and efficiency of genotype selection, allowing better adaptation to specific environments while reducing both costs and breeding cycle duration.

10. CONCLUSION
Although challenges remain, such as the need for more freely available, high-resolution satellite data and the widespread use of methods to integrate the data with genomics and phenomics data, it is clear that enviromics offers a new opportunity to enhance agricultural productivity and sustainability. There is a need to integrate low-resolution satellite data with high-resolution UAV data through imputation or AI to reduce the cost associated with obtaining high-resolution imagery at scale. Moreover, advanced AI models can improve several steps in enviromics, from data augmentation to data fusion, the use of complex models, and forecasting. Real progress in this domain will require close interdisciplinary collaboration among agronomists, plant physiologists, breeders, geoinformatics experts and computational scientists, thereby enabling the efficient utilization of envirotyping data for driving agricultural transformation in the 21st century.
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