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Abstract Watermelon (Citrullus lanatus) fruit weight is a crucial indicator for assessing both yield and commercial value, and it is
subject to the combined influence of various environmental factors. To elucidate the regulatory mechanisms by which environmental
factors govern watermelon fruit weight formation, this study-grounded in the biological processes of fruit development —
systematically analyzed the impact patterns of key environmental variables (including temperature, light, water, and soil nutrients) on
fruit expansion and dry matter accumulation. Building upon this foundation, field experiments were conducted across multiple
environmental settings to acquire data on watermelon fruit weight and related growth parameters; subsequently, utilizing a
combination of statistical analysis and modeling techniques, a fruit weight formation model applicable to diverse cultivation
conditions was constructed. The model was further employed to simulate and validate watermelon fruit weights under various
ecological environments; the results demonstrated that the model possesses high predictive accuracy and stability, effectively
capturing the dynamic responses of fruit weight formation to fluctuations in environmental factors. Furthermore, through case studies,
the potential applications of the model in irrigation scheduling, fertilization management, and the optimization of
controlled-environment cultivation systems were explored. The findings of this study provide a theoretical basis and technical
support for achieving high-yield, high-quality watermelon cultivation, while also offering a valuable reference for the broader
application and extension of fruit development models within the field of horticultural crops.

Keywords Watermelon (Citrullus lanatus); Fruit weight formation; Environmental factors; Model construction; Fruit development

1 Introduction

Watermelon is a major horticultural crop worldwide, valued for its large, fleshy fruits and high consumer demand,
with millions of hectares under cultivation and China as the largest producer (Gao et al., 2023). Fruit size and
weight are central components of yield and directly influence growers’ income and market competitiveness.
Industry-oriented studies and cultivar evaluations routinely use average fruit weight, fruit size distribution, and
total yield as core performance indices, underlining fruit weight as a pivotal target for breeding, grafting, and
agronomic management in commercial production systems (Jordana et al., 2023).

Beyond simple count of fruits, multiple analyses show that increases in total yield often arise mainly from higher
average fruit weight rather than fruit number. Systematic review of grafted versus nongrafted watermelon
demonstrates that grafting can raise total yield and average fruit weight by more than 10%-20%, highlighting fruit
weight as the primary yield driver under diverse production conditions (Jordana et al., 2023). Field trials in
different regions and seasons similarly evaluate cultivars and management practices using fruit weight, length,
width, and fruit weight per plant, confirming their central role in rating economic performance and recommending
cultivars to growers (Kumari et al., 2025). Management strategies such as optimizing flower retention or adjusting
nitrogen and boron nutrition are explicitly aimed at maximizing individual fruit size and weight to achieve
superior yield and quality (Giiliit, 2021).

At the biological level, fruit weight formation is determined by coordinated phases of cell division and cell
expansion during early and mid-development. Early work on watermelon showed that after flowering, pollinated
and hormone-induced parthenocarpic fruits undergo active cell proliferation in pericarp and ovule tissues, whereas
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unpollinated fruits rapidly cease growth, linking successful fruit set and early cell division to subsequent fresh
weight accumulation. Broader studies in model species indicate that fruit development proceeds through fruit set,
a growth phase dominated by cell division and then expansion, and maturation/ripening, all tightly regulated by
phytohormones such as auxin and gibberellins (Fenn and Giovannoni, 2020). High-resolution analyses highlight
that fertilization and seed-derived signals trigger a transition to cell expansion that drives post-fertilization fruit
growth and final size, emphasizing that both cellular processes and hormonal regulation underpin fruit weight . In
cucurbits and other fleshy fruits, early developmental windows are considered “critical periods” in which
disturbances can irreversibly constrain final fruit size and yield potential (Gao et al., 2023).

Environmental factors strongly modulate these developmental processes, making research on their regulatory
roles essential for understanding and predicting watermelon fruit weight. Light conditions, for example, have been
shown to markedly alter fruit expansion: low-light or shading during 0-15 days after pollination reduces fruit size,
soluble sugars, and amino acids, and affects expression of thousands of genes related to metabolism and
transcriptional regulation in developing watermelon fruit. Greenhouse orientation and internal microclimate alter
solar radiation, temperature, transpiration, and leaf gas exchange around the fruiting zone, which in turn influence
fruit volume increase in seedless watermelon (Woo et al., 2022). Supplementary LED lighting and optimized
temperature or nutrient regimes around the fruit set region significantly increase fruit mass, size, flesh thickness,
and overall yield in plastic-house and winter or early-spring crops, highlighting light, temperature, and mineral
availability as key environmental levers for fruit weight formation (Chamchum et al., 2023). Weather studies at
field scale further show that precipitation and temperature patterns across seasons drive differences in yield and
fruit quality, with drier seasons often associated with higher productivity (Bai et al., 2020).

Despite this growing body of work on environmental impacts, quantitative models that explicitly link dynamic
environmental conditions to fruit weight formation in watermelon remain scarce. In other fruit and crop systems,
nonlinear growth functions, Bayesian sigmoidal models, and process-based simulation models (e.g., modified
WOFOST, SIMBA, or radial basis function neural networks) have been successfully used to describe fruit growth
dynamics and predict yields based on time, physiological status, and environmental drivers. Such models capture
characteristic sigmoidal or multi-phase growth curves and can integrate factors like temperature, radiation, and
plant age to forecast final fruit weight or total yield with high accuracy. However, comparable modeling efforts
tailored to watermelon, particularly under controlled-environment or protected cultivation where light,
temperature, and supplemental energy inputs are actively managed, are largely absent. Given the demonstrated
sensitivity of early fruit expansion and final fruit weight to radiation, temperature, and nutrient conditions in
watermelon, there is a clear need to develop and validate models that mechanistically and quantitatively link
environmental variables to fruit weight formation. Such models could support decision-making for greenhouse
design and orientation, supplemental lighting strategies, temperature control regimes, and fertilization programs,
enabling producers to optimize resource use while stabilizing or increasing yield and fruit quality under variable
climatic and market conditions.

2 Biological Basis of Watermelon Fruit Weight Formation

2.1 Stages of watermelon fruit development

Watermelon fruit development proceeds through fruit set, a rapid expansion phase, and maturation, each
characterized by distinct physiological and molecular changes. Early after pollination, rapid cell division in the
young ovary and fruitlets establishes the basic cell number and tissue pattern, a phase tightly coordinated with
ethylene- and hormone-related gene expression and high ethylene evolution in fruitlets (Anees et al., 2023).
Following this, fruit growth switches to a prolonged cell expansion phase in which vacuolated parenchyma cells
enlarge and accumulate sugars, pigments, and other solutes that drive osmotic water uptake and volume increase,
forming the bulk of fruit flesh mass.

The expansion and maturation stages are marked by coordinated changes in gene expression and metabolites that
define size, texture, color, and sweetness. Transcriptome and digital expression profiling across key
developmental stages show thousands of differentially expressed genes related to cell wall metabolism, sugar
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accumulation, carotenoid biosynthesis, and stress and hormone signaling, all modulated as fruits pass from
immature white to fully ripe red or over-ripe stages (Yu et al, 2022). Non-destructive and physiological
measurements further indicate that ripening involves progressive pigment and carotenoid changes at the surface
and within the flesh, along with hormone shifts typical of non-climacteric, ABA-and ethylene-modulated
maturation, which together stabilize final fruit size and weight (Dhanani et al., 2022).

2.2 Mechanisms by which watermelon flesh cell division and expansion contribute to fruit weight

Fruit weight is fundamentally determined by the final number and size of flesh cells. In watermelon, cell division
predominates during only the first several days after anthesis, followed by a long expansion phase in which
existing cells enlarge dramatically through vacuolation and wall remodeling. Anatomical studies comparing
pollinated, auxin-induced parthenocarpic, and unpollinated fruits show that early fruit growth depends on active
cell division in pericarp and ovule tissues; unpollinated ovaries, which lack sustained division, rapidly cease
growth, illustrating the centrality of early proliferative activity for subsequent fruit mass potential. After this brief
proliferative window, increases in pulp weight from about one week onward are largely ascribed to cellular
expansion, consistent with microscopic evidence that watermelon flesh cells become large and visually apparent
as fruits enlarge (Kojima et al., 2020).

Cell expansion is driven by coordinated changes in cell wall architecture, hormonal signals, and metabolic status.
Studies of firmness and texture reveal that differences in protopectin, cellulose, and hemicellulose contents,
together with cell number, packing, and wall thickness, underlie variation in tissue density and mechanical support
for expanding cells (Sun et al., 2020; Mashilo et al., 2022). Auxin- and Aux/[AA-mediated pathways modulate
cell enlargement and the balance between cell size and number: high expression or allelic variants of Aux/IAA are
linked to increased cell number, smaller cell size, and higher firmness, whereas reduced Aux/IAA activity is
associated with larger cells and softer flesh, indicating that auxin signaling tunes the cellular composition that
ultimately contributes to fruit volume and weight (Anees et al., 2023).

2.3 The impact of source-sink relationships in watermelon plants on fruit weight accumulation

Fruit growth depends on assimilate and water supply from vegetative organs, with the developing fruit acting as a
strong sink whose demand changes across development. Dynamic sap-flow monitoring along fruit stalks across
successive developmental stages shows that diurnal water distribution between leaves and fruit shifts markedly as
fruits expand, slow growth, and reach maturity. During early expansion, nighttime inflow to the fruit dominates,
correlating with rapid daily mass increase, whereas at later stages midday transpiration demand in leaves
competes more strongly, shortening net inflow periods and reducing net fruit growth, before inflow and outflow
balance at maturity when phenotype and weight stabilize (Zhang et al., 2024). Under low-light conditions,
reduced photosynthesis and altered carbon and nitrogen metabolism associate with smaller fruits, lower soluble
sugar and amino acid contents, and extensive transcriptional reprogramming, demonstrating that source capacity
strongly constrains sink development during the critical 0-15 days after pollination expansion window (Gao et al.,
2023).

Water supply and photosynthate partitioning also interact with environmental water availability and irrigation
management to determine final fruit size and yield. Experiments manipulating drip irrigation at different fractions
of crop water requirement across growth stages show that severe water deficits reduce total and marketable yield,
average fruit weight, and fruit number, with vegetative growth and active fruit development phases more sensitive
than the ripening phase. Deficit irrigation applied only during ripening has a comparatively smaller impact on
marketable fruit weight and improves water-use efficiency, implying that the sink strength of fruits is highest and
most vulnerable to water limitation during early and mid-development when rapid mass accumulation occurs.
Together, these findings indicate that fruit weight formation in watermelon emerges from an integrated
source-sink system, in which environmental factors such as light and water modulate assimilate production and
transport to the fruit, thereby shaping the trajectory of fruit growth and final weight.

3 Key Environmental Factors Influencing Watermelon Fruit Weight
Watermelon fruit weight is shaped by a complex interaction of temperature, light, water, and nutrient status that
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together regulate cell division, cell expansion, and carbohydrate supply to developing fruits. Studies in protected
and open-field systems show that modifying microclimate or resource availability around the fruiting zone can
substantially alter fruit volume, sugars, and final yield per plant. Temperature and light, in particular, determine
photosynthetic capacity and assimilate partitioning, while water and soil factors influence canopy function, root
activity, and stress responses that indirectly affect fruit growth rates (Woo et al., 2022). Understanding these key
environmental drivers is essential for building predictive models of fruit weight formation and for designing
precise cultivation strategies in climate-vulnerable production regions (Barros et al., 2024).

3.1 The impact of temperature variations on watermelon fruit expansion rate and final fruit weight

Targeted heating around the fruiting region clearly demonstrates that temperature during early enlargement can
accelerate fruit growth and increase final fruit weight. Raising the minimum temperature around fruit-bearing
shoots to 18 °C in early spring plastic-house production significantly increased fresh fruit weight per plant,
soluble solids, and fruit set rate, indicating enhanced sink activity and yield potential under suboptimal ambient
conditions. High night-time temperature around young fruits (approximately 6 °C above the control) similarly
increased fruit length, diameter, and weight by 16 days after anthesis through accelerated cell enlargement, even
though final size at harvest later converged with the control (Chamchum et al., 2023).

The timing of temperature elevation also influences internal quality and sugar accumulation associated with fruit
weight formation. Heating the fruit and nearby shoots during the early cell enlargement stage (5-20 days after
anthesis) increased sucrose phosphate synthase activity and led to higher sucrose content at maturity, particularly
in outer flesh tissues, suggesting that warm conditions can promote both structural growth and assimilate storage
capacity. When high-temperature treatments were imposed between 10 and 20 days after anthesis, cell
enlargement in the central region was stimulated and sugar contents at harvest generally increased; by contrast,
high temperatures applied only after 20 days enhanced cell expansion in peripheral tissues but reduced sugar
levels overall, indicating that late heat can impair optimal sugar accumulation while still altering fruit morphology.

3.2 The role of light conditions in the accumulation of watermelon photosynthetic products and fruit weight
formation

Light intensity and spectral composition strongly control photosynthetic production and distribution of assimilates
to fruits, thereby determining fruit size. In vertically trained, high-density systems, increasing shading with
planting density reduced per-plant solar radiation interception and whole-plant photosynthetic production, which
was closely correlated with reduced fruit size despite little change in soluble solids, highlighting light-driven
assimilate supply as a primary determinant of fruit weight. Experiments on greenhouse orientation showed that a
southeast-northwest single-span greenhouse received higher integrated solar radiation and higher leaf transpiration
near fruits than an east-west structure, and these microclimatic differences were associated with increased fruit
volume expansion in seedless watermelon (Figure 1) (Woo et al., 2022).

Artificial supplemental lighting further illustrates the role of light in driving both biomass production and
carbohydrate accumulation in fruits. In winter-grown watermelon, evening LED lighting at 900 umol m? s-!
significantly increased chlorophyll content, photosynthetic rate, fruit number, fruit weight, and flesh thickness,
leading to a 31% yield increase and higher fruit sugar content relative to natural-light controls (Hossain et al.,
2025). Similarly, plastic-house plants receiving 6-12 h of white LED light at night produced heavier fruits with
larger dimensions and thicker flesh than non-supplemented plants, confirming that extended photoperiod and
elevated photon flux enhance fruit growth by bolstering daily carbon gain and translocation to reproductive sinks

(Gao et al., 2023).

3.3 Regulatory mechanisms of water and soil nutrients on watermelon fruit weight formation

Water availability and root-soil interactions regulate canopy temperature, photosynthesis, and stress physiology,
which in turn shape fruit development and final weight. Experiments manipulating the wetted soil area under drip
irrigation (12%-22% of surface) in semi-arid Brazil showed that average leaf temperature remained below air
temperature and that fruit mass and BRIX were statistically similar across treatments, suggesting that a relatively

wide range of localized wetting can maintain physiological stability and high yield if overall water supply is
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adequate (Barros et al., 2024). Under drought, however, arbuscular mycorrhizal colonization improved root
development, protected chloroplast ultrastructure, and maintained higher photosynthetic efficiency, leading to
better water status and greater accumulation of soluble sugars and osmolytes, mechanisms that support sustained
assimilate delivery to developing fruits under water-limited conditions.
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Figure 1 Role of light intensity and spectral quality in regulating photosynthetic carbon assimilation and its allocation to watermelon
fruits. Increased light availability enhances assimilate supply and promotes fruit growth and weight formation

Soil nutrient status, particularly calcium and magnesium around the fruit set region, further modulates fruit growth
and quality. Heating treatments at 18 °C near the fruiting zone not only increased fruit weight and soluble solids
but were accompanied by elevated Ca?" and Mg?* concentrations in leaves adjacent to the fruit set node, implying
improved nutrient uptake and transport under optimized temperature, which likely stabilizes cell wall structure
and photosynthetic function during critical phases of fruit expansion. Supplemental LED lighting in winter crops
likewise increased Ca?" and Mg?" in leaves at the fruit set region, enhancing photosynthetic rates and supporting
consistent plant growth, which translated into larger fruit size, thicker flesh, and higher sugars, indicating tight
coupling between nutrient status, carbon assimilation, and fruit weight formation under low-light, cool-season
conditions (Hossain et al., 2025).

4 Data Acquisition and Experimental Design for Watermelon Fruit Weight Research

4.1 Design of watermelon field experiments

Field experiments on watermelon fruit weight are typically structured as factorial randomized or randomized
block designs to evaluate genetic and management factors simultaneously. Representative studies select two or
more commercial cultivars differing in fruit size class or adaptation, such as ‘Crimson Sweet’, ‘Sugar Baby’, or
locally important hybrids, and test them across multiple locations or seasons to account for environmental
variation. Treatments often include mulching materials, fertilizer regimes, or pruning and fruit-thinning levels,
arranged with three or more replications to enable analysis of variance and proper error estimation (Deka et al.,
2024). This design supports estimation of main and interaction effects on average fruit weight and yield
components, while maintaining uniform baseline agronomic practices such as irrigation and pest management
across plots (Yismaw et al., 2024).
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Planting density is a central experimental factor because it simultaneously affects resource competition, canopy
structure, and marketable fruit size. Trials commonly compare several inter- and intra-row spacings (for example,
3.0 x 0.8 m vs. 2.0 x 0.6 m, or 120 x 60 cm vs. denser arrangements) to quantify responses of fruit number,
average fruit weight, commercial fruit proportion, and total yield per hectare (Silva et al., 2021). In some studies,
plant density is integrated with training system (horizontal vs. vertical), stem number, or fruit-thinning treatments
to manipulate source-sink balance and define optimal load per plant for targeted fruit-size categories (Kim et al.,
2023). Such multifactor designs allow identification of densities that maximize total yield without excessively
shifting the population toward undersized or mini fruits, while preserving desirable quality traits such as soluble

solids content (Figure 2) (Tegen et al., 2021).
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Figure 2 Effect of planting density on the trade-off between fruit number and individual fruit weight in watermelon production
systems

4.2 Collection of data on watermelon fruit weight and related growth indicators

Fruit weight is usually recorded at harvest as single-fruit weight and/or average fruit weight per plant or per plot,
along with fruit number to derive total and marketable yields. Detailed datasets often include fruit length, fruit
diameter, average fruit weight, and total fruit yield, and distinguish between marketable and unmarketable fruits to
assess economic performance (Yismaw et al., 2024). Additional yield-related variables such as fruit set, fruit
retention, and yield per plant or per hectare are measured to characterize treatment effects on both productivity
and fruit-size distribution (Bora et al., 2024). When treatments involve fruit thinning or fruit load per stem,
measurements of fruit weight and number at different node positions or fruit counts per plant help quantify how
source-sink manipulation alters final fruit mass and commercial yield.

Quality-related indicators, especially soluble solids content (Brix), are commonly assessed to link fruit weight
responses with eating quality. Studies generally sample representative fruits from each plot, measure Brix with a
refractometer, and record traits such as rind firmness, pulp firmness, juice content, and sugar fractions (reducing,
non-reducing, and total sugars). Some trials analyze Brix alongside fruit length, diameter, and average weight to
identify trade-offs between density or fruit load and sweetness, while others focus on cultivar x mulch or growth
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regulator combinations to detect treatments that raise both yield and Brix (Correa et al., 2020; Raj et al., 2022).
Biomass-related traits such as shoot and fruit dry mass, harvest index, and partitioning between vegetative and
reproductive organs are collected in source-sink experiments to describe how pruning and fruit number modify
photoassimilate allocation and fruit size (Deka et al., 2024).

4.3 Processing and quality control of environmental monitoring data for watermelon

Environmental monitoring is crucial for interpreting treatment effects on fruit weight and for parameterizing
environmental-response models. In field and protected experiments, weather data (air temperature, radiation, and
sometimes humidity) are commonly obtained from nearby meteorological services or on-site stations to describe
seasonal conditions and compare sowing dates or density treatments under similar macroclimates (Gao et al.,
2023). Soil moisture is monitored directly in mulching or irrigation studies, where mulched plots generally
maintain higher moisture and reduced weed competition than bare-soil controls, supporting higher single-fruit
weight and total yield (Yismaw et al., 2024). In subsurface fertigation systems, spacing relative to the irrigation
source is explicitly tested, and treatment differences in plant growth and fruit weight are interpreted in light of soil
type and the distance from clay pot emitters (Sutarno et al., 2022).

Quality control of environmental data focuses on ensuring consistency, representativeness, and correct linkage to
plot-level observations. Experiments using mulches or subsurface irrigation typically collect repeated
measurements of soil moisture and sometimes weed biomass, enabling cross-checks between moisture trends and
yield responses across treatments (Sutarno et al., 2022; Yismaw et al., 2024). When studying seasonal or
sowing-date effects, growth and yield measurements at 60-120 days after sowing are evaluated together with
environmental records to identify the sowing window that aligns with favorable temperature and radiation,
resulting in superior fruit set, fruit weight, yield per hectare, and Brix (Kim et al., 2023; Bora et al., 2024). Such
careful integration of environmental and yield datasets underpins robust inferences about how temperature, light,
and moisture regimes drive variation in watermelon fruit weight and related quality traits.

5 Methods for Constructing Watermelon Fruit Weight Models

5.1 Model types applicable to watermelon fruit weight prediction

Empirical models predict fruit weight directly from observable traits or management factors without explicitly
representing underlying physiology. For watermelon and other spherical fruits, non-destructive image features
(segmented area, bounding box ratios) have been coupled with machine-learning regressors such as Random
Forest and Decision Trees to predict individual fruit weight with high accuracy, demonstrating the power of purely
data-driven approaches when sufficient labeled images are available (Ko¢ and Kayra, 2024). In agronomic
optimization, multiple linear or polynomial regression has been used to relate watermelon fruit weight to input
factors such as poultry, cow, and goat manure rates within a Simplex Lattice Design framework, yielding
statistically significant quadratic response surfaces for fruit weight and fruit number per plant (Sabouri et al.,
2025).

Mechanistic and process-based models, by contrast, attempt to represent fruit growth as the outcome of carbon
and water transport, cell expansion, and environmental drivers over time. Biophysical models of fruit such as the
virtual-fruit framework describe water and dry-matter flows via xylem and phloem, osmotic and turgor pressures,
and cell wall extension, and are capable of simulating seasonal and diurnal dynamics of fruit fresh and dry mass
under varying crop load and water status. More recent integrative models explicitly couple carbon and water
fluxes with hormonal regulation (e.g., abscisic acid) to simulate fruit mass and its response to heat, cold, and
drought, illustrating how mechanistic structures can capture environmental regulation and stress-induced delays in
growth in a way that empirical models cannot (Chung et al., 2025).

5.2 Selection of variables influencing watermelon fruit weight

A critical step in model construction is selecting environmental variables that strongly influence watermelon fruit

growth. For empirical prediction in other cucurbits, fruit age, harvest date, plant height, fruit length and width,

flesh thickness, cavity diameter, branch number, and leaf number have been used as ANN inputs, achieving high

determination coefficients for fruit weight, which suggests that morphological and phenological descriptors can
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serve as practical predictors when direct physiological measurements are not available (Erniati et al., 2023; Kog
and Kayra, 2024). In watermelon, light interception, total solar radiation per plant, and photosynthetic production
are closely correlated with fruit weight in vertically trained systems, indicating that radiation-related variables
(incident radiation, intercepted PAR, or canopy light-use indices) are key environmental drivers to incorporate in
fruit weight models (Gao et al., 2023).

Process-based models require additional internal state variables to link environment to growth. Biophysical fruit
models commonly track water content, dry matter, sugar concentrations in fruit and phloem, turgor pressure,
transpiration and respiration rates, and xylem-phloem flows, using hourly atmospheric inputs (temperature,
humidity) as boundary conditions. Integrated plant-fruit models further include indicators of source-sink balance,
such as sucrose concentration in the phloem, stem water potential, and measures of water and nitrogen status,
linking these to fruit mass via functions that modify assimilate supply or hydraulic conductance under stress
(Zhou et al., 2025).

5.3 Establishment and mathematical expression of dynamic models for watermelon fruit weight

Dynamic modeling of watermelon fruit weight can draw from established formulations in fruit growth modeling.
Biophysical approaches treat the fruit as a compartment with state variables for water (w) and dry matter (s), and
describe fluxes of water and sugar between fruit, plant, and atmosphere using mass-balance differential equations;
sugar uptake is partitioned among mass flow, passive diffusion, and active transport, while cell wall expansion is
driven by turgor according to irreversible growth equations at the tissue scale. Such models express fresh mass as
the sum of water and dry matter, driven by environmental inputs (temperature, humidity) and plant water status,
thereby enabling simulation of diurnal swelling-shrinkage cycles and seasonal growth trajectories that could be
adapted to watermelon fruits.

More recent frameworks integrate cellular processes (cell division and expansion), resource limitation, and
hormone signaling into compact mathematical structures. A minimal cell-expansion-division model represents
temporal changes in cell number and mean cell mass under constraints of carbon and water supply, producing
emergent dynamics of total fruit mass and cell size distributions that match observations across genotypes and
environments (Miele et al., 2025). Likewise, process-based models that link carbon and water fluxes to
endogenous ABA include sub-models for sugar uptake, respiration, hydraulic conductance, and transpiration
modulated by ABA concentration, allowing simulation of fruit mass under variable temperature and water
availability (Chung et al., 2025). By calibrating such differential-equation systems with watermelon-specific
environmental data and fruit growth measurements, dynamic models can be formulated that quantitatively relate
environmental factors and physiological indicators to the time course of watermelon fruit weight.

6 Validation and Evaluation of Watermelon Fruit Weight Models

6.1 Evaluation of the fitting accuracy of watermelon fruit weight prediction models

Assessing model accuracy is central to evaluating watermelon fruit weight prediction, and most recent work relies
on statistical indices such as root mean squared error (RMSE) and coefficient of determination (R?). In a
non-destructive image-based system for spherical fruits, including watermelon, U-Net segmentation extracted
geometric ratios from images and several regression models were trained; performance was evaluated using MSE,
MAE, RMSE, and R?, allowing direct comparison of model fits across algorithms. For watermelon, Random
Forest and Decision Tree models showed the highest training success, achieving an R? of 0.9112 in the best case,
whereas linear and SGD models performed poorly, illustrating the value of non-linear models when fruit
appearance and weight relationships are complex (Kog¢ and Kayra, 2024).

Similar criteria are widely adopted in other fruit weight modeling studies and provide a benchmark for what
constitutes an acceptable fit. For example, a machine-learning framework for non-destructive plum fruit weight
estimation compared SVR, MLR, MLP, and Decision Tree models using RMSE and R? in both training and
testing, selecting the optimal structure based on lowest RMSE and highest R%. The best SVR model reached
training R? of 0.9369 with RMSE 0.4850 g and test R? of 0.9267, confirming that accurate fresh-weight models
can be obtained when evaluation is rigorously based on these metrics and when training-testing separation is
respected to avoid overfitting (Sabouri et al., 2025).
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6.2 Verification of the applicability of watermelon fruit weight models across different ecological
environments

Beyond goodness-of-fit within a single dataset, watermelon weight models must be evaluated for applicability
across environments, especially when environmental factors are explicit inputs. Work on the adaptive potential of
large watermelon collections illustrates that genotypes differ strongly in environmental plasticity for average
marketable fruit weight, quantified using regression coefficients of genotype response (bi) and stability parameters
such as Sgi and general adaptive capacity across multiple years and sites. These parameters effectively
characterize how robust fruit weight performance is to fluctuating conditions, providing a conceptual analogue for
assessing the environmental robustness of predictive models that incorporate fruit weight as an output trait
(Serhiienko et al., 2023).

Model applicability across environments can also be approached through genotypexenvironment or
drought-environment interaction analyses using multivariate tools. In muskmelon, AMMI and GGE biplot models
were applied to fruit weight data across irrigation regimes, treating each drought level as an environment and
identifying genotypes with stable fruit weight under mild to severe soil water depletion. The GGE biplot classified
irrigation regimes into a single mega-environment and distinguished genotypes with wide adaptability and
stability, demonstrating that statistical modeling of performance across contrasting water regimes can objectively
test whether a predictive framework (or genotype response surface) remains valid under varying ecological
conditions (Rad and Bakhshi, 2020).

6.3 Sensitivity and stability analysis of watermelon fruit weight models

Sensitivity and stability analyses clarify how strongly fruit weight predictions depend on specific inputs or
environmental drivers, and whether the model behaves reliably under stress or management changes. In a simplex
lattice design modeling watermelon fruit weight as a function of poultry, cow, and goat manures, second-order
mixture models were fitted and evaluated using analysis of variance; significant F-values and low p-values
indicated that the quadratic models were adequate for prediction and captured the effects and interactions of
nutrient components on fruit weight. Examining the estimated coefficients and interaction terms provided
practical insight into which manure sources most strongly influenced model outputs and under what combinations
the model predicted maximum fruit weight per plant.

Stability in the face of environmental variability is also addressed indirectly in studies that quantify genotype
stability and plasticity for average fruit weight across multi-year, multi-environment trials. Using parameters such
as genotype stability (Sgi), specific adaptive capacity, and plasticity coefficient (bi), large watermelon collections
were partitioned into intensive, medium, and highly plastic groups with respect to total and marketable yield and
average fruit weight, effectively ranking genotypes by how consistently they express fruit weight under changing
conditions. While these analyses focus on biological responses rather than explicit prediction models, the same
stability statistics and multi-environment frameworks can be incorporated into model validation protocols to test
whether watermelon fruit weight prediction models maintain performance across diverse ecological and
management scenarios (Serhiienko et al., 2023).

7 Case Study: Application of Watermelon Fruit Weight Prediction Based on Multiple
Environmental Conditions

7.1 Data sources from typical watermelon cultivation regions

Case studies on watermelon fruit weight modeling can draw on diverse cultivation systems, from rain-shelter or
greenhouse production to fully open-field systems. Under rain-shelter structures, fertigation trials with
water-soluble NPK generated detailed records of leaf traits, fruit weight and quality, enabling regression analyses
that identified 125% of the conventional NPK rate as optimal for fruit weight in protected conditions (Figure 3)
(Hafiz et al., 2024). In contrast, open-field experiments with soil-moisture-sensor-based drip irrigation under
different mulches in North Dakota produced multi-year datasets combining average fruit weight, diameter, and
quality traits with rainfall and irrigation records, providing a basis for environment-response modeling in a cool,
continental climate (Vaddevolu et al., 2021).

79


http://bioscipublisher.com/index.php/cmb

N\
Computational Molecular Biology 2026, Vol.16, No.2, 71-84
R A http://bioscipublisher.com/index.php/cmb

M~
PROTECTED CULTIVATION : OPEN-FIELD CULTIVATION . ﬂ“

.{A\ (Greenhouse / Rain-shelter) : (Open Field)
“HB - l‘l‘l‘l l

} n
Controlled — - "‘ Variable
Environment N & " Environment |

Drip irrigation & fertigation Uniform fruit Rainfed or variable irrigation
Stable temperature & humidity . - Fluctuating temperature & humidity
Pest & disease well managed ¥ 1 ’ Higher pest & disease pressure

Larger, uniform fruit size Variable fruit size

Higher and more stable yield Yield fluctuates across seasons

f’ \
A Cultivation system strongly influences environmental conditions, plant growth, and watermelon fruit weight. |

Figure 3 Comparison of protected cultivation and open-field systems used as data sources for watermelon fruit weight modeling
under contrasting environmental conditions

Additional environmental contrasts arise from agroforestry versus sole-cropping and from seasonal variation in
tropical open fields. In a semi-arid Chinese apple-watermelon agroforestry system, three irrigation quotas were
combined with two planting patterns, generating three-year time series for soil water content, photosynthesis, fruit
weight, and total yield under systematically different light and water regimes (Qiang et al., 2024). In tropical
Tanzania, cultivar trials across dry and wet seasons recorded vine growth and fruit weight under markedly
different rainfall and temperature conditions, showing that environmental seasonality significantly modifies yield
traits and thus should be reflected in regional fruit weight prediction datasets.

7.2 Analysis of prediction results from watermelon fruit weight models under different environmental
scenarios

Non-destructive, image-based models illustrate how fruit weight can be predicted across environments where
direct weighing is impractical. A U-Net segmentation plus machine-learning pipeline used simple geometric ratios
from fruit images to predict watermelon weight, achieving best training performance with Random Forest and
Decision Tree models (R? = 0.91), and highlighting that larger variation in fruit size and image occupation can
reduce accuracy relative to other fruits (Kog¢ and Kayra, 2024). An IoT system integrating soil moisture,
temperature, humidity, light, and CNN-based image analysis in melon-watermelon cultivation further reported
very high sensor reliability and fruit weight prediction accuracies from 99.25% to 99.93%, demonstrating the
potential of combining environmental sensing and imaging for real-time prediction under variable field conditions
(Sarosa et al., 2024).

Where explicit process-based crop models are used, environmental scenarios such as deficit irrigation and

mulching regimes can be evaluated through calibrated simulations. In Ethiopia, an AquaCrop application used soil

physical data, climate, and crop records from factorial combinations of water application (50% vs. 100%

soil-moisture depletion levels), mulching, and four watermelon varieties to predict yield responses; model

performance for mulching-deficit irrigation effects on productivity was acceptable, with RMSE 0.70,
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Nash-Sutcliffe efficiency 0.65 and R 0.80. These simulations captured changes in fruit size (diameter, length, and
average fruit weight) and yield under water-saving practices, supporting their use as scenario tools for fruit weight
formation under constrained irrigation (Gebeyhu and Markos, 2023).

7.3 Model-based optimization of watermelon cultivation management (irrigation, fertilization, and
temperature control)

Model outputs linked to irrigation strategies allow optimization of water allocation while maintaining fruit weight.
In Mediterranean open fields, staged deficit-irrigation experiments quantified how applying 75%-50% of crop
water requirement at vegetative, fruit development, or ripening stages reduces average fruit weight, fruit number,
and marketable yield, with ripening identified as the least sensitive stage to water shortage. Similarly,
Heliyon-based AquaCrop simulations for Ethiopian mulched systems showed that straw mulching plus 50%
deficit irrigation with suitable varieties (e.g., Green Pearl) maximized land and water productivity while
maintaining competitive average fruit weights, guiding irrigation scheduling and variety choice under scarcity
(Gebeyhu and Markos, 2023).

Fertilization and coupled water-nutrient management can also be optimized using regression and structural
approaches informed by model results in related cucurbits. Under rain-shelter watermelon, regression trendlines
indicated that a 25% increase above standard NPK (125%) maximized fruit weight and vegetative growth under
fertigation, suggesting that fertigation-based models should include fertilizer rate as a continuous decision variable
in protected systems (Hafiz et al., 2024). For melon, structural equation modeling under varied water and fertilizer
levels identified photosynthetic rate and total dry mass as key intermediates by which water and nutrient inputs
control yield and quality, implying that watermelon fruit weight optimization models should similarly treat growth
and photosynthesis as mediating variables when evaluating combined irrigation-fertilization strategies across arid
and semi-arid environments (Yang et al., 2023).

8 Discussion and Outlook

Most existing watermelon fruit weight models are empirical and developed under narrowly defined conditions,
limiting their transferability to other farms and seasons. For example, a tillage-based yield model was fitted using
soil physical properties and simple plant traits, achieving very high R? (0.98) but relying on linear and weakly
nonlinear relationships derived from only two seasons in a semi-arid Nigerian environment. Similarly, mixture
models relating poultry, cow, and goat manure rates to fruit weight produced statistically significant quadratic
equations, yet they describe only manure effects and do not explicitly account for weather, irrigation scheduling,
or pest pressure that commonly constrain yield in practice. Non-destructive image-based models reach high fitting
accuracy but also reveal important limitations. A U-Net plus machine-learning approach predicted watermelon
weight from image features with R?~0.91, but training relied on controlled image acquisition at fixed distances
and backgrounds, conditions that are rarely met in commercial fields or heterogeneous greenhouses. Furthermore,
the authors noted that prediction success is influenced by the diversity and complexity of products in the images,
implying that substantial recalibration or retraining would be required when moving from experimental datasets to
large-scale, multi-variety production systems.

Watermelon fruit weight responds to interacting environmental drivers rather than isolated factors, which
complicates modeling. A three-way factorial experiment in northern Tanzania showed that extra irrigation or
fertilizer alone did not increase fruit weight, while pollination strongly affected the probability of setting a second
marketable fruit and improved sugar content, with complex higher-order interactions among water, fertilizer, and
pollination on fruit initiation. Supplemental hand-pollination across 13 farms increased average fruit weight by 1.3
kg while responses to soil moisture varied with treatment, demonstrating that both biotic (pollinators) and abiotic
(soil carbon and water) factors jointly regulate fruit set, abortion, and final weight. Greenhouse experiments
further highlight strong water-nitrogen-CO; interactions on growth and yield. Under elevated CO>, increased
irrigation improved dry matter accumulation, photosynthesis, and yield, while higher CO> partly compensated for
low nitrogen, shifting optimal N rates relative to ambient CO> scenarios (Hong et al., 2022). The interaction of
irrigation and nitrogen significantly affected key physiological indicators such as net photosynthetic rate and
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transpiration, and integrated evaluation (TOPSIS) showed that comprehensive growth was positively correlated
with yield, implying that fruit weight models must incorporate coupled water-nutrient-CO» effects rather than
treating each driver independently.

Intelligent irrigation-fertigation systems and loT platforms offer promising tools to regulate environmental drivers
in real time and indirectly stabilize fruit weight. In greenhouse watermelon, an intelligent drip-fertigation system
used soil-moisture sensors and loT-based controllers to adjust irrigation limits and nutrient supply by growth stage,
reducing water, N, P,Os and K>O inputs by 33%-72% without compromising yield or fruit quality. Dry matter
accumulation and nutrient uptake followed logistic curves, and improving root traits under intelligent fertigation
enhanced water and nutrient acquisition, suggesting that such systems could be coupled with fruit weight models
to optimize source-sink balance during the fruit expansion phase. More integrated smart-farming architectures are
also emerging for melon and watermelon. An IoT system combining soil moisture, temperature, humidity, and
light sensors with CNN-based image analysis automatically regulated watering while predicting fruit weight with
accuracies above 99%, and achieved very high reliability of nutrient, pH, and moisture sensors. Broader reviews
of AI-IoT in precision agriculture emphasize that fusing remote sensing, high-throughput phenotyping, and
machine-learning analytics enables site-specific irrigation and fertilization, automated crop monitoring, and yield
forecasting, but also note challenges in data integration, scalability, and real-time decision support that must be
addressed before such systems can be widely deployed for watermelon fruit weight regulation.
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Abstract Rice yield formation is jointly influenced by temperature and water conditions; these two factors not only determine the
progression of rice growth and development but also directly impact photosynthesis, dry matter accumulation, and grain-filling
efficiency. With the intensification of global climate change and the increasingly prominent issue of agricultural water scarcity, the
development of rice yield formation models-based on the management of temperature and water-holds significant importance for
enhancing rice production efficiency and ensuring food security. This paper systematically reviews the physiological and ecological
foundations of rice yield formation, with a particular focus on analyzing the mechanisms by which temperature, water, and their
interactions influence rice growth and yield components. Furthermore, it compares and summarizes empirical statistical models,
process-based mechanistic models, and Al-driven predictive models, while exploring the application of model parameterization,
calibration, and validation methods in yield forecasting. Additionally, by incorporating typical management strategies-such as
alternate wetting and drying (AWD) irrigation-the paper analyzes rice yield simulation results under various hydrothermal conditions
and evaluates their practical value in agricultural applications. The findings indicate that rational temperature regulation and water
management can significantly enhance water-use efficiency and yield stability, and that the fusion of multi-source data coupled with
intelligent modeling will constitute a key direction for future research on rice yield modeling. This paper serves as a theoretical
reference and provides technical support for precision agriculture, the optimal allocation of water resources, and the management of
stable rice production within the context of climate change.

Keywords Rice yield model; Temperature regulation; Water management; Crop simulation; Precision agriculture

1 Introduction

Rice is a cornerstone of global food security, feeding more than half of the world’s population and supplying a
large share of calories in Asia and many low-income regions (Rezvi et al., 2022). However, climate change is
already exerting measurable impacts on rice production through shifts in temperature regimes and altered water
availability, contributing to observed yield declines in major producing and food-insecure areas (Algarni et al.,
2025). Maintaining and increasing rice yields under these pressures requires a quantitative understanding of how
grain yield is formed as a function of temperature and water dynamics across critical growth stages (Shrestha et al.,
2022). Process-based modeling that links environmental drivers with physiological processes offers a way to
anticipate risks, design adaptive management, and support policy decisions for sustainable rice systems (Farooq et
al., 2023).

Rising temperatures threaten rice grain yield through both chronic warming and short, extreme events, especially
around reproductive stages. High-temperature stress during booting and flowering increases spikelet sterility and
alters yield components, with yield per plant declining sharply as heat degree days accumulate at these stages.
Recent work also emphasizes that microclimate and organ temperature, rather than air temperature alone,
determine sterility risk, indicating that accurate prediction requires modeling canopy and panicle temperature
within the crop-water-atmosphere continuum. At the same time, irrigation water is becoming increasingly scarce,
and meta-analyses show that water-saving irrigation strategies such as alternate wetting and drying can
substantially reduce irrigation inputs and increase water productivity, although yield responses vary with climate
and soil conditions. Integrating these temperature and water processes in yield formation models is therefore
crucial for realistic projections under future climates.
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Process-based rice models such as ORYZA and APSIM-Oryza have been widely used to simulate phenology,
biomass accumulation, and grain yield across diverse environments and management scenarios. These
ecophysiological models dynamically represent photosynthesis, development, and soil water balance, and have
been extended to include responses to drought and salinity, achieving yield root mean square errors generally
within experimental uncertainty across stress gradients (Chang et al., 2023). More recently, mechanistic models of
grain filling have been developed that explicitly link leaf-level photosynthesis, whole-plant carbon-nitrogen
interactions, and panicle sink dynamics, reproducing observed yield formation under varied environmental and
genetic perturbations and identifying stability of grain filling rate as a key determinant of maximum yield.
Nonetheless, model evaluations indicate that conventional formulations often underperform when simulating yield
responses to low-temperature stress or high-temperature-induced sterility at multiple stages, highlighting the need
for improved temperature response functions that are stage-specific and variety-dependent (Shrestha et al., 2022;
Shi et al., 2024).

The objective of this study is to develop and evaluate a modeling framework for grain yield formation in rice that
explicitly couples temperature stress responses with water management effects across key developmental stages.
Building on established process-based models, the approach refines algorithms for spikelet fertility, grain number
per panicle, and grain filling under low and high temperatures, while incorporating contrasting irrigation regimes
representative of traditional flooding and water-saving practices. The scope of the study includes calibration and
validation using multi-environment experimental datasets, sensitivity analysis to identify dominant climatic and
management drivers, and scenario simulations to quantify yield risks and opportunities under projected warming
and alternative water regimes. By integrating temperature and water processes at the level of yield components,
the work aims to provide a more reliable tool for assessing adaptation strategies-such as adjusted planting dates,
stress-tolerant varieties, and optimized irrigation-for sustaining rice production and water productivity in a
changing climate.

2 Physiological Basis of Rice Yield Formation

2.1 Growth stages and yield components of rice

The rice growth cycle is commonly divided into vegetative, reproductive, and grain-filling (ripening) stages, each
with characteristic organs and yield-related processes. During vegetative growth, plant height, root development,
leaf area, and especially tillering determine the potential panicle number per unit area and thus set the primary
framework for yield. In the reproductive stage, panicle development, booting, and flowering occur; here the
number of spikelets per panicle is defined, and this stage is the most sensitive to biotic and abiotic stresses,
including temperature extremes.

Grain filling and ripening determine spikelet weight through endosperm development and carbohydrate deposition,
with asynchronous filling between superior and inferior spikelets often limiting full yield potential (Liu et al.,
2025). Yield analyses across diverse varieties show that total spikelet number (a function of panicle number and
spikelets per panicle) correlates strongly and positively with grain yield, while higher spikelet numbers can trade
off with filled grain percentage and grain weight if sink capacity exceeds source supply (Liu et al., 2024). Thus,
yield modeling must capture how growth stages sequentially define panicle number, spikelet number, spikelet
fertility, and grain weight.

2.2 Effects of temperature on rice physiology

Rice is highly sensitive to temperature, particularly during reproductive and grain-filling stages, where both high
day temperatures and high night temperatures reduce yield through impaired reproductive development and
altered carbon balance (El-Mageed et al., 2022; Shrestha et al., 2022). Heat stress at panicle initiation diminishes
spikelet number by attenuating secondary branch and floret differentiation and enhancing degradation, while later
heat episodes mainly affect spikelet fertility and grain weight, emphasizing the need for stage-resolved
temperature response functions in models.

At flowering and grain filling, high temperatures increase spikelet sterility and reduce grain weight via multiple
morpho-physiological pathways, including distortion of floral organs, reduced pollen viability, impaired anther
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dehiscence, and shortened grain-filling duration (Shrestha et al., 2022). Night-time warming further elevates
respiration, accelerates senescence, and contributes to yield penalties estimated at several percent per °C increase
above critical thresholds, with reported yield declines of about 4-5% per 1 °C rise beyond 27 °C and up to 41%
reduction by 2100 under projected high night temperatures (El-Mageed et al., 2022).

2.3 Effects of water management on rice growth

Water availability and irrigation strategies strongly influence both biomass production and yield components in
rice. Under drip irrigation and mulching, progressive water stress at tillering reduces chlorophyll content, leaf
photosynthesis, and final tiller number, leading to fewer effective panicles, lower seed-setting rate, and reduced
thousand-grain weight, although moderate stress can substantially increase water-use efficiency relative to
flooding (Xu et al., 2020). Field experiments with aerobic varieties show that mild water-saving irrigation (~20%
less water than conventional) can enhance antioxidant activity, maintain photosynthesis, increase harvest index,
and significantly improve grain yield and quality, indicating a non-linear response of growth and yield to water
deficit intensity (Gao et al., 2024).

Across broader environments, meta-analysis of water-saving irrigation practices (controlled, intermittent,
shallow-wet, AWD) reveals consistent increases in water productivity (4.7%-14.3%) relative to traditional
flooding, with variable effects on yield depending on system, soil, and climate. Alternate wetting and drying
regimes typically save 17%-34% of irrigation water and can increase or only slightly reduce yield, yielding higher
water productivity, while continuous flooding maximizes yield but at the cost of much greater water consumption
(Mboyerwa et al., 2021; Roushan et al., 2023). These quantitative relationships between water regime,
evapotranspiration, yield components, and water productivity form a critical foundation for modeling grain yield
under diverse water management scenarios.

3 Temperature and Water Interactions in Rice Production

3.1 Synergistic effects of temperature and soil moisture

Temperature and soil moisture interact strongly to determine rice yield, with compound extremes often causing
larger losses than either stress alone. A panel analysis of rainfed and irrigated rice in India (2000-2018) showed
that excessive heat markedly reduced yield, and that losses were greatest when high temperatures coincided with
low soil moisture; in contrast, high soil moisture partly offset heat damage, underscoring the importance of
managing root-zone water to buffer thermal stress (Mishra et al., 2024). A global empirical assessment similarly
found that models using root-zone soil moisture, rather than precipitation, explained much more interannual yield
variation and revealed that soil moisture and temperature contribute roughly equally to historical yield fluctuations,
highlighting the need to explicitly represent both drivers in yield formation models (Proctor et al., 2022).

These synergistic effects arise because water status controls canopy cooling, stomatal conductance, and thus plant
temperature under heat stress. Field experiments with super hybrid rice showed that as water supply was reduced
from shallow flooding to mild and severe water stress, canopy relative humidity and plant-atmosphere and
soil-atmosphere temperature differences declined, and grain yield fell by up to ~35%, with positive correlations
between temperature differentials and yield (Meng et al., 2020). Long-term field data from Taiwan indicated that
climate-change-induced increases in water-deficit stress, quantified via crop water status across growth stages,
have increasingly constrained rice growth in recent decades, particularly during developmental stages, confirming
that water deficits and warming jointly shape yield trajectories over time (Chen et al., 2023).

3.2 Stress responses under extreme climate conditions

Extreme hot-dry or cold-wet events are projected to become more frequent and can sharply disrupt grain yield
formation. A global analysis for 1980-2009 showed that co-occurring extremely hot and dry events consistently
reduced yields of major crops, including rice, worldwide, with probabilities of such compound extremes
increasing over time (Heino et al., 2023). A review of compound heat and moisture extremes reported that hot
droughts since about 2000 have been linked to yield losses up to 30% in key breadbasket regions, and that
interactions among plant physiology, soil-plant-atmosphere water fluxes, and climate dynamics complicate
prediction of net yield impacts under future compound extremes (Lesk et al., 2022).
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Rice is particularly vulnerable when drought and temperature stress coincide at sensitive stages such as booting,
flowering, and grain filling. Field experiments imposing combined drought and heat during flowering and early
grain filling in contrasting cultivars recorded 20%-80% yield reductions, with cultivar-specific differences in
which stage was most vulnerable and strong increases in panicle tissue temperature due to reduced panicle
conductance under stress. Controlled-environment studies further demonstrated that simultaneous drought and
high temperature at early stages (seedling, tillering) can completely prevent panicle formation and thus eliminate
yield in susceptible cultivars, while tolerant genotypes maintain some productivity and show distinct patterns in
grain quality and health-promoting compounds under combined stress.

3.3 Regional differences in rice production systems

Temperature-water interactions, and thus yield responses, vary widely among regions and production systems. A
modeling study for Africa, covering irrigated and rainfed upland and lowland systems under multiple RCP
scenarios, projected that without adaptation, higher temperatures shorten crop duration and reduce yields by about
24% under RCP8.5 by 2070; with higher-temperature-sum varieties, some rainfed systems gained modestly, but
yields remained constrained by water availability, and irrigated dry-season rice in West Africa still faced large
losses driven by photosynthesis reductions at extreme heat. In China, a comprehensive review found that climate
change has shifted single and double rice belts northward, altered precipitation patterns, and increased the
frequency of droughts and floods, leading to regionally divergent impacts where warming can either increase
yields in cooler areas or reduce them in already warm zones through heat damage around flowering (Saud et al.,
2022).

Finer-scale analyses highlight that regional differences in climate, water resources, and management produce
contrasting yield trajectories and adaptation needs. Regional inequality assessments using ORYZA(v3) combined
with climate projections for China showed average yield declines of 3.7-16.4% across regions, with central,
eastern, and northwestern China most at risk under both rainfed and irrigated conditions, while northeastern and
some southern areas may benefit under low-emission scenarios due to more favorable temperatures and water
regimes (Zhan et al., 2023). At the farm scale in Indonesia, qualitative work revealed that upstream irrigated
farmers mainly perceive climate impacts through pest outbreaks and heat, whereas downstream farmers, despite
nominal irrigation access, experience climate change primarily as water shortages and rising temperatures, leading
them to adopt distinct, locally tailored adaptation strategies for managing water scarcity and heat risk (Arifah et al.,
2022).

4 Modeling Approaches for Rice Yield Formation

4.1 Empirical and statistical models

Empirical and statistical models relate rice yield directly to weather and agrometeorological indices, providing
relatively simple tools for forecasting at regional scales. Panel regression and time-series analysis across 15 major
rice-producing countries showed that increases in temperature tend to reduce production, while rainfall volume
strongly affects output, highlighting rice’s sensitivity to both warming and hydrological variability (Joseph et al.,
2023). At subnational scales, climate-index-based regression models using modified Hendrik and Scholl methods
successfully linked yields to maximum and minimum temperature, rainfall, humidity and other indices, with good
coefficients of determination and accurate forecasts for Maharashtra districts (Sasane, 2023).

Comparisons of alternative statistical formulations emphasize the importance of choosing appropriate regression
structures for non-linear climate-yield relationships. In Sri Lanka, multiple linear, power, robust and Gaussian
process regressions, together with several machine learning methods, were applied to three decades of climate and
yield data; Gaussian process regression achieved the lowest errors and highest correlation between observed and
simulated yields (Wickramasinghe et al., 2021). Similar work in Uttarakhand used stepwise linear regression,
LASSO, ridge and elastic net on seasonal weather variables, finding that penalized regressions such as LASSO
and elastic net generally outperformed ordinary multiple regression, especially when multicollinearity among
climate predictors was substantial (Setiya et al., 2023).
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4.2 Process-based crop simulation models

Process-based crop models simulate rice growth and yield by representing phenology, biomass accumulation, and
soil-water balance, offering mechanistic insight into temperature and water effects. The CERES-Rice model
embedded in DSSAT has been extensively evaluated across Asia, typically predicting phenology with normalized
RMSE of 1%-5% and grain yield with errors of 2%-5%, though performance often declines under severe water
stress (Goswami and Dutta, 2020). Simulations with ORYZA2000 and an empirical energy-equivalent (EEQ)
model showed yield declines of about 3.5%-7.6% per °C over a 4 °C range, but also demonstrated that simple
regressions on minimum temperature can misattribute yield losses when solar radiation and rainfall covary with
temperature (Sheehy et al., 2006).

Recent applications integrate detailed water management and greenhouse gas processes into process-based
frameworks. Coupling CSM-CERES-Rice with the DSSAT-GHG module in subtropical Brazil allowed
simultaneous evaluation of grain yield and methane emissions under continuous flooding, alternate wetting and
drying, and sprinkler irrigation, with grain yield biases below 600 kg/ha and good agreement for daily CH4 fluxes
after calibration of key soil parameters (Figure 1) (Da Silva et al., 2025). In China, a calibrated CERES-Rice
model was used with 60-year weather series to compare alternate wetting and drying, controlled drainage, and
combined irrigation-drainage schemes; alternate wetting and drying produced the highest yields, while controlled
irrigation-drainage treatments maximized irrigation and rainwater use efficiency, guiding optimization of
water-saving strategies (Gao et al., 2023).

DSSAT Platform
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Figure 1 Conceptual framework of the CERES-Rice model embedded in DSSAT, illustrating interactions among weather inputs,
soil-water balance, crop phenology, biomass accumulation, and grain yield formation

4.3 Machine learning and artificial intelligence approaches

Machine learning and deep learning methods provide flexible, data-driven alternatives for rice yield prediction
that can ingest large climate, soil, and remote-sensing datasets. A comparative study in Chhattisgarh tested
stepwise linear regression, penalized regressions, and artificial neural networks with 21 years of district-level
yield and weather data; neural networks achieved R? values up to 1.0 in calibration and validation for some
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districts, and ensemble methods such as random forest further improved performance over single models.
Likewise, integrating phenology, growing-season climate, and geographic information in China showed that
support vector machines, random forests, and backpropagation neural networks all outperformed multiple linear
regression, with phenological variables contributing importance comparable to climatic predictors (Guo et al.,
2020).

Deep learning and hybrid architectures have pushed yield prediction towards finer spatial and temporal scales. At
the county scale across China, models based on LASSO, random forest, and long short-term memory (LSTM)
networks were trained on satellite vegetation indices, meteorological indices, and soil properties; LSTM achieved
R? values of 0.77-0.87 and lower RMSEs than both random forest and LASSO, and combining solar-induced
chlorophyll fluorescence with EVI slightly enhanced performance by capturing drought and heat stress signals
(Cao et al., 2021). At pixel scale in South and North Korea, satellite-integrated crop model outputs were used as
training labels for a hybrid LSTM-1D-CNN network, which reached R=0.859 and identified water-related
indices and maximum temperature (North Korea) and vegetation and geographic variables (South Korea) as key
predictors, illustrating the potential of crop model-Al fusion for spatially explicit yield formation under
temperature and water variability (Jeong et al., 2021).

5 Key Variables and Parameterization in Yield Models

5.1 Temperature-related parameters

Temperature-related parameters in rice yield models describe how development rate and yield components
respond to thermal conditions across growth stages. A foundational approach uses cardinal temperatures-base,
optimum, and ceiling-to define a nonlinear response of development rate to temperature; the Beta-function
framework derives optimum temperature and maximum development rate from these three temperatures and
curvature coefficients, and has been shown to outperform simple thermal-time formulations in predicting
flowering time in rice. Empirical and mechanistic simulations further demonstrate that yield declines with
warming are moderate when temperature acts alone, but regression-based estimates may be biased if correlated
factors such as solar radiation and rainfall are not properly separated, underscoring the importance of
mechanistically grounded temperature functions in models.

Recent modeling work has refined temperature sensitivity at the level of yield components. Using a calibrated
CERES-Rice model over six climate regions in China, yield sensitivity to temperature was decomposed into
panicle number, filled grain number per panicle, and grain weight, revealing that negative yield responses were
mainly driven by reductions in filled grains per panicle and were more strongly linked to high-temperature degree
days than to growing degree days (Zhou et al., 2025). Other analyses show that conventional rice models often
under-represent damage from extreme high or low temperatures, motivating adjustment of base and optimal
temperatures or explicit heat-stress modules to improve simulation of growth duration and yield under warm or
cold conditions (Figure 2) (Li et al., 2020).

5.2 Water management parameters

Water management parameters in rice models control soil water balance, root-zone moisture, and associated
effects on evapotranspiration, biomass, and yield. In water-driven models such as AquaCrop, key parameters
include the normalized crop water productivity (WP), stage-specific basal and single crop coefficients (Kc), and
water-stress coefficients that reduce transpiration, canopy growth, and harvest index when soil water falls below
critical thresholds; for rice, calibrated WP around 19 g-m™ and harvest index near 0.47 have provided good
simulations of canopy cover, biomass, yield, and water balance under multiple irrigation regimes in arid and
sub-humid environments (Elsadek et al., 2023; Mostafa et al., 2023). A broader review of soil water balance
modeling highlights the need for careful parameterization of dual Kc (separating soil evaporation and crop
transpiration), soil water holding characteristics, and root-zone depth to derive realistic irrigation requirements
and to link water use to yield and water productivity indicators (Pereira et al., 2020).

Process-based rice models with explicit soil modules use management parameters to represent alternative
irrigation strategies such as continuous flooding, alternate wetting and drying (AWD), controlled irrigation, and
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different ponding depths. For example, a calibrated CERES-Rice model successfully reproduced grain yield,
evapotranspiration, irrigation volume, and leaf area index across AWD and controlled irrigation-drainage schemes,
then used long-term meteorological scenarios to compare water-saving and yield responses among treatments
(Gao et al., 2023). Similarly, AquaCrop-based simulations under drying-wetting cycles in paddy soils and
fixed-interval irrigation in direct-seeded rice quantified how changes in irrigation frequency alter
evapotranspiration, percolation, and soil moisture dynamics, revealing that current stress coefficients may
overestimate water deficit under certain conditions and should be revised for rice-specific hydrology (Elsadek et

al., 2023).
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Figure 2 presents the pathways through which high-temperature stress affects rice yield formation. Among the yield components,
reductions in filled grain number per panicle contribute most strongly to negative yield responses under warming conditions

5.3 Calibration and validation of models

Accurate representation of temperature and water effects in yield models depends on rigorous calibration and
validation of both genetic and environmental/management parameters. In DSSAT-CERES-Rice applications,
cultivar-specific coefficients (e.g., phenology, tillering, grain filling, spikelet number, temperature tolerance) are
estimated using multi-year field experiments with contrasting genotypes, establishment methods, and nitrogen
levels; evaluation against observed yields and phenology has shown low normalized RMSE and realistic
sensitivity to +£1 °C temperature changes, confirming that calibrated models can capture both baseline
performance and climate sensitivity (Islam and Hasan, 2021). For upland rice, detailed documentation of
coefficients such as P2R (photoperiod sensitivity), P5 (grain-filling duration), G1 (spikelet number), G3 (tillering),
and G4 (temperature tolerance) illustrates how parameter sets encode cultivar adaptation to different temperature
regimes and allow tested models to simulate flowering and maturity across controlled temperature treatments.

Validation must also address parameter uncertainty and model robustness across sites and years. A
cross-validation study with ORYZA (v3) generated multiple feasible parameter sets for a high-yielding variety
under limited data and showed that several sets produced satisfactory simulations of biomass components and
total aboveground biomass when tested with independent datasets, implying that non-uniqueness of calibrated
parameters should be explicitly recognized (Nurulhuda et al., 2022). At larger scales, DSSAT-based studies have
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calibrated models using gridded weather, management information, and representative genetic coefficients,
achieving district-level correlations above 0.7 and relative RMSE below 25% for most major rice-growing
districts, and demonstrating reasonable skill in reproducing yield anomalies in out-of-sample years-supporting
their use for near-real-time yield estimation and risk assessment (Arumugam et al., 2020).

6 Applications of Rice Yield Formation Models

6.1 Decision support for irrigation and fertilization

Rice yield formation models are increasingly used to optimize coupled water-nitrogen management, balancing
grain yield with resource efficiency and environmental impacts. Field experiments combined with regression
modeling show that irrigation regime and nitrogen rate jointly determine grain yield, total water productivity, and
nitrogen recovery efficiency, but that these objectives cannot be maximized simultaneously, motivating
multi-objective decision tools based on water-nitrogen-yield response surfaces (Cao et al., 2020). Multi-objective
quadratic models integrating water-nitrogen-yield and water-nitrogen-quality relationships further demonstrate
that optimal irrigation and nitrogen combinations differ among management scenarios, and that excessive inputs
can become counterproductive for both yield and grain quality.

Model-based seasonal and long-term scenario analyses allow irrigation and fertilization decisions to be tailored to
local climate risk. Using CSM-CERES-Rice within DSSAT, one study quantified how early direct seeding,
no-tillage, and moderate nitrogen rates simultaneously improved yield, irrigation efficiency, and reduced methane
emissions over 35 years, providing concrete guidance on planting date, tillage, and N rate selection (Figure 3)
(Darikandeh et al., 2025). Machine-learning decision models that couple ensemble yield prediction (e.g.,
extremely randomized trees) with swarm-intelligence optimization have also been proposed, enabling site-specific
recommendations of N-P-K base fertilizer that increase average rice yields by more than 13% while reducing the
need for extensive field experimentation (Gao et al., 2023).

A. Field experiment: AWD vs. Continuous Flooding (side-by-side design) B. Global meta-analysis of AWD vs. CF studies
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Figure 3 Experimental designs and analytical frameworks used to compare alternate wetting and drying (AWD) with continuous

flooding (CF) in rice production systems

6.2 Climate change adaptation and risk assessment

Process-based crop models calibrated for local cultivars are widely applied to assess climate change impacts and
identify adaptation levers. In Mediterranean Tiirkiye, DSSAT-CERES-Rice simulations under multiple GCMs and
RCPs showed that irrigated yields could increase slightly in late-century, whereas rainfed yields declined by
15%-25% due to higher temperatures, shorter growth duration, and soil-moisture stress, illustrating how
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yield-formation models support evaluation of irrigation as an adaptation option (Baydar, 2026). In Central Java,
coupling MarkSim-generated weather with CERES-Rice projected yield decreases in all seasons under
RCP2.6-8.5, with up to 11.8% reduction in the second dry season, and pointed to dynamic cropping calendars,
irrigation modernization, and integrated nutrient management as priority adaptations (Ansari et al., 2021).

Meta-analytic and multi-model frameworks extend these assessments to global and regional risk profiles. A global
meta-model derived from 8,703 process-model simulations showed that, under RCP4.5 without adaptation, major
crops including rice face mean yield losses of 6%-21%, but that cultivar choice for rice and irrigation method for
maize are among the most influential adaptive strategies, partially offsetting losses as warming intensifies
(Abramoff et al., 2023). A separate meta-analysis of 111 climate-rice modeling studies quantified that each 1°C
increase in mean temperature reduces rice yield by 3.85% on average, while elevated CO: and adaptive
management can compensate some losses, underscoring the role of yield models in probabilistic risk assessment
and in designing adaptation portfolios (Li et al., 2024).

6.3 Precision Agriculture and Digital Farming

Yield formation models are increasingly embedded in precision agriculture systems that combine remote sensing,
IoT, and Al to support within-field management. An integrated loT-based framework uses multispectral satellite
indices, machine-learning yield prediction (random forest R? = 0.96), and fuzzy-logic irrigation control to
recommend suitable crops and fertilizer, while a solar-powered irrigation system achieves about 61% water
savings compared with average logic, demonstrating how digital decision layers can operationalize model insights
on crop water and nutrient requirements (Saha et al., 2025). At a broader scale, reviews of remote-sensing
applications in precision agriculture highlight how satellite and UAV data, linked to crop growth and yield models,
are now used operationally for crop monitoring, irrigation scheduling, variable-rate nutrient application, and yield
prediction, supported by cloud computing and machine learning workflows (Sishodia et al., 2020).

Recent syntheses of IoT- and Al-enabled sensing technologies emphasize that dense soil-moisture, nutrient, and
plant-stress sensor networks, combined with models and ML (e.g., SVMs, CNNs, random forests), underpin
real-time optimization of irrigation, fertilization, and pest management across arable systems (Miller et al., 2025).
Complementary reviews of precision agriculture for yield prediction stress that hybrid systems merging deep
learning (e.g., Bi-LSTM) with multisource remote-sensing inputs can capture the combined effects of temperature,
water status, and other stresses on yield, pointing toward digital twins of rice cropping systems where grain yield
formation under variable temperature and water regimes is continuously simulated and updated from field data
(Saha et al., 2025).

7 Case Study: Modeling Rice Yield Under Alternate Wetting and Drying Irrigation

7.1 Experimental design and data collection

Field experiments comparing alternate wetting and drying (AWD) with continuous flooding (CF) typically use
side-by-side plots differing only in water regime, enabling quantification of yield and water responses across soils,
climates, and management practices. A global meta-analysis synthesized 56 such studies (528 paired comparisons)
and defined mild AWD using thresholds of soil water potential > -20 kPa or field water level not dropping below
15 cm, and severe AWD when soils dried beyond -20 kPa, with associated measurements of yield, water inputs,
and basic soil properties. More recent meta-analyses have expanded this database, assembling thousands of
observations worldwide and characterizing AWD treatments by water potential and water-level thresholds together
with soil organic carbon, pH, and nitrate to link yield outcomes with edaphic changes (Zhou et al., 2025).

Experimental designs used for model calibration and testing often include multiple irrigation schemes and long
weather records. In China, a two-year field trial with four irrigation and drainage treatments-AWD, controlled
drainage, and two controlled irrigation-drainage regimes-was established to calibrate CERES-Rice using detailed
measurements of grain yield, biomass, leaf area index, evapotranspiration, irrigation volume, and ponded water
depth. Long-term simulations then combined these calibrated parameters with 60 years of meteorological data
classified into wet, normal, and dry years to evaluate yield and water-use efficiency trade-offs among AWD and
alternative schemes (Gao et al., 2023).
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7.2 Model construction and simulation results

Case-study modeling of AWD typically couples a calibrated crop growth module with an explicit water-balance
representation of ponded depth, soil water status, and irrigation triggers. In a DSSAT-CERES-Rice application for
central China, cultivar coefficients were first calibrated under observed AWD and non-AWD regimes, achieving
normalized RMSE of 3%-10% for yield, biomass, evapotranspiration, irrigation, and leaf area index, indicating
reliable capture of growth and water use across treatments. The calibrated model was then driven with historical
climate sequences and AWD rules defined by reflooding thresholds, allowing simulation of grain yield and water
productivity under contrasting hydrological years and irrigation strategies (Gao et al., 2023).

To better represent AWD hydrology, an improved ORYZA2000 framework integrated a new water-balance
simulation tailored to intermittent flooding and drying, along with dynamic root-length growth and revised
water-stress algorithms. Applied to paddy fields under CF and AWD in two Chinese regions, the enhanced model
substantially improved the simulation of ponded water depth, irrigation and drainage volumes, evapotranspiration,
and percolation, with Nash-Sutcliffe efficiencies for ponded depth of 0.82-0.94 and relative errors for total
irrigation and drainage mostly within £10%. Yield prediction remained comparable to or slightly better than the
original version, demonstrating that explicit AWD parameterization can capture both water balance and yield
formation with good accuracy.

7.3 Implications for sustainable rice production

Model-supported analyses clarify under which conditions AWD can save water without compromising yield,
informing sustainable irrigation guidelines. Meta-analysis of 528 AWD-CF comparisons showed that, overall,
AWD reduced yields by 5.4%, but mild AWD regimes did not significantly decrease yield, whereas severe AWD
caused average losses of 22.6%, particularly in higher-pH and low-carbon soils. A broader synthesis of 3194
observations from 200 studies confirmed that AWD increased water-use efficiency by about 31% but imposed an
average 6% yield penalty, and identified optimal thresholds (soil water potential > -15 kPa, water depth < 18.5 cm)
and favorable soil conditions under which AWD can actually raise yields by up to 4-7% when combined with
appropriate nitrogen, straw, or biochar management.

Process-based simulations extend these insights to long-term climate variability and regional planning.
CERES-Rice modeling over 60 historical weather years showed that AWD often produced the highest yields
among several water-saving schemes across wet, normal, and dry years, though other controlled
irrigation-drainage strategies sometimes achieved greater irrigation and rainwater-use efficiency, suggesting
context-specific trade-offs between yield maximization and water conservation (Gao et al., 2023). Global analyses
indicate that implementing soil-water-potential-based AWD on suitable irrigated rice areas can increase water
productivity over large fractions of Asia, particularly in India, Bangladesh, and central China, demonstrating that
AWD-informed models can underpin strategies for sustainable intensification that jointly address food security
and freshwater scarcity (Bo et al., 2024).

8 Challenges, Future Perspectives, and Conclusions

Despite substantial advances, rice yield projections under future climate remain highly uncertain. A meta-analysis
of 111 studies showed large variability in simulated yield responses to changes in temperature, precipitation,
radiation, and CO,, reflecting differences in climate models, emission scenarios, and, critically, crop model
structure and parameterization. Similarly, a multi-model intercomparison of 13 rice models found that spread
among crop models exceeded that from 16 global climate models, and that individual models did not consistently
reproduce yields across very cool and very warm sites, indicating structural weaknesses in representing
temperature and CO> responses. Key physiological processes are still imperfectly captured. Sensitivity analysis of
the 13-model ensemble identified biomass formation and harvest index responses to warming and elevated CO; as
major sources of error, while most simulations assumed ideal water and nutrient management and ignored pests,
diseases, and sub-optimal farmer practices. Meta-regression work further demonstrated that yield responses
aggregate multiple interacting drivers (temperature, precipitation, CO2, management), and that the choice of study
sites, climate scenarios, and adaptation assumptions introduces additional unexplained variation into projected
yield changes.
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Future modeling must better integrate climate, hydrology, and crop growth, particularly in data-scarce,
climate-vulnerable regions. A review of climate-hydrological-crop modeling for Indonesian rice production
highlighted critical gaps in long-term observations, local cultivar data, and systematic calibration/validation, as
well as limited use of fully coupled multi-model frameworks. Bayesian multi-model ensemble methods applied to
Chinese rice regions showed that statistically combining multiple climate models can reduce bias in temperature,
radiation, and wind projections and provide more robust estimates of future yield, evapotranspiration, and
irrigation requirements. There is also strong scope for hybrid approaches linking process-based models with
machine learning and explainable Al. A recent study in China coupled DSSAT with random forests and SHAP
analysis to project rice yields under multiple SSP scenarios and to rank the relative influence of variables such as
growing degree days, shallow versus deep soil moisture, and precipitation regimes on yield. Global
meta-modeling across 8,703 process-model simulations similarly used machine learning to map yield change as a
function of climate and adaptation, revealing that for rice, cultivar choice is a dominant lever for avoiding large
losses, and demonstrating how statistical emulators can synthesize complex multi-model ensembles for risk
analysis.

Rice yield formation under changing temperature and water regimes is governed by interacting physiological
processes and management decisions that are only partially resolved in current models. Meta-analyses show that
rising temperature and altered precipitation generally reduce rice yields, but that elevated CO, and adaptive
practices, including improved management, can offset part of these losses; however, the magnitude and direction
of impacts vary widely across models and regions. Probabilistic assessments and global meta-models further
indicate that without adaptation, most rice-growing areas face significant yield declines as global mean
temperature rises, while adaptation-particularly through cultivar choice and irrigation strategies-substantially
narrows projected losses. Going forward, credible prediction and decision support will require to reduce structural
and parametric uncertainty in ecophysiological models; embedding them in integrated climate-hydrological-crop
frameworks; and exploiting machine learning and ensemble techniques to quantify risk and design robust
adaptation portfolios. By explicitly representing temperature and water interactions, and by using improved data
and hybrid modeling strategies, next-generation rice yield models can more reliably guide climate-smart water
management, cultivar deployment, and policy for sustainable rice production under a warming and
water-constrained climate.
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Abstract Maize yield prediction plays an essential role in ensuring food security and promoting sustainable agricultural
management. This study explores a prediction framework based on soil nutrient characteristics and climate variables to improve the
accuracy and reliability of maize yield estimation. Key soil indicators, including nitrogen, phosphorus, potassium, organic matter, and
pH value, were combined with climate factors such as temperature, precipitation, and accumulated growing degree days. Multiple
prediction models, including traditional statistical approaches, machine learning algorithms, and deep learning methods, were
constructed and compared. The study further analyzed the interaction effects between soil and climate variables and evaluated model
performance using indicators such as RMSE, MAE, and R? . A regional case study was conducted to verify the applicability and
robustness of the proposed framework. The results demonstrate that integrating soil nutrient and climate data can significantly
enhance maize yield prediction accuracy and provide valuable support for precision agriculture, crop management, and agricultural
decision-making.

Keywords Maize yield prediction; Soil nutrients; Climate variables; Machine learning; Precision agriculture

1 Introduction

Global demand for maize is rising steadily as it underpins food, feed, and industrial supply chains, yet production
is increasingly constrained by climate variability and degraded soils. Temperature extremes, altered rainfall, and
declining soil fertility jointly threaten yield stability, especially in regions already facing food insecurity.
Improving the accuracy of maize yield prediction by explicitly linking soil nutrients with key climate variables is
therefore essential for optimizing fertilization, managing risk, and designing climate- smart production systems.
Maize yields respond strongly to interactions between climate conditions and soil nutrient status. Studies in
sub- Saharan Africa and China show that nitrogen (N), phosphorus (P), and potassium (K) inputs can buffer or
amplify the impacts of changing CO:, temperature, and rainfall on yield, and that soil indigenous nutrients
strongly modulate yield losses under warming (Falconnier et al., 2020. Long- term experiments further indicate
that soil fertility improvements (e.g., higher total and available N and P) enhance yield stability and sustainability,
while climate warming tends to reduce yields where soil fertility is low. At the same time, nutrient management
alone is insufficient; integrating soil, climate, and management information is needed to maintain productivity
under ongoing climate change (Ocwa et al., 2023). In this context, a predictive framework that couples soil
nutrient properties with climate variables can support more precise fertilizer recommendations, reduce
environmental risks, and improve resilience of maize-based systems.

Internationally, two main directions have emerged. First, process- based crop models are used to simulate maize
yield responses to climate scenarios and N management, revealing strong interactions between N inputs, soil N
dynamics, and climate drivers in both low-input and intensive systems (Falconnier et al., 2020). Second,
data-driven approaches, especially machine learning (ML) and deep learning (DL), increasingly predict crop
yields from large datasets combining soil, climate, and management information. Systematic reviews show that
temperature, rainfall, soil type, soil nutrients, and vegetation indices are among the most frequently used
predictors, and that algorithms such as Random Forest (RF), Support Vector Machines, Artificial Neural
Networks, CNNs, and LSTMs dominate recent work. For maize specifically, RF models trained on multi- year
field trials in Ghana identified soil properties (e.g., organic carbon, total N, exchangeable bases) and maximum
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temperature as the most important predictors of yield, surpassing purely climatic models and improving
understanding of nutrient-climate interactions (Asamoah et al., 2024). Related studies using RF and other ML
algorithms have shown that including both soil and weather variables substantially improves prediction of maize
yield under zero N fertilization and in drought-stressed environments. These advances highlight the potential of
combining soil nutrient information with climate variables in robust predictive frameworks, but also reveal gaps:
many models rely on limited nutrient descriptors, treat climate and soil separately, or focus on short time periods
and narrow environments.

Building on this progress, the present study focuses on prediction of maize yield based explicitly on soil nutrient
status and climate variables, aiming to better capture their joint effects. The main research contents are: (1)
construction of a comprehensive feature set describing soil nutrients (e.g., N, P, K, organic matter, pH and related
properties) and key climate factors (temperature, precipitation, radiation, humidity) relevant to maize growth; (2)
development and comparison of data- driven yield prediction models, with emphasis on ensemble methods such as
Random Forest and other ML/DL techniques that have shown strong performance in crop yield prediction; and (3)
quantitative analysis of variable importance and interaction patterns between soil nutrients and climate variables,
to identify critical drivers of yield variation and potential leverage points for management. The technical route
begins with data collection and preprocessing, including quality control and normalization of soil and climate data.
Next, the dataset is split into training and testing subsets, and multiple candidate models are trained, tuned, and
evaluated using metrics such as coefficient of determination (R?) and root mean square error (RMSE), following
best practices from recent ML yield- prediction studies. Finally, model interpretation techniques (e.g., variable
importance analysis and partial response analysis) are applied to quantify how specific combinations of soil
nutrients and climate variables influence predicted maize yield, providing both a practical prediction tool and
theoretical insight for nutrient management and climate adaptation strategies.

Across diverse environments, maize yield is jointly controlled by soil nutrient status and climate conditions, and
their interaction largely determines both productivity and stability. While process-based models and ML/DL
approaches have advanced yield prediction, there remains a need for models that explicitly integrate detailed soil
nutrient descriptors with key climate variables and provide interpretable guidance for management. This study
addresses that gap by constructing and evaluating data-driven maize yield prediction models grounded in
soil-climate interactions, aiming to support more precise fertilization, risk management, and climate- smart maize
production.

2 Analysis of Factors Influencing Maize Yield

2.1 Mechanism of soil nutrients on maize growth

Maize yield is jointly controlled by soil nutrient supply and climate conditions throughout the growing season.
Understanding how these drivers act individually and in combination is essential for reliable yield prediction and
targeted management. Adequate N, P, and K fertilization strongly enhances maize growth traits such as plant
height, leaf area, cob number, and grain weight, which together raise biomass accumulation and grain yield by
large margins compared with unfertilized controls (Kaleri et al., 2026). Long-term NPK application improves key
soil properties-including soil organic carbon and available N, P, and K-which in turn explain a larger share of
yield variation than phenological factors in the North China Plain (Wang et al., 2024).

Nutrient deficiency, especially of nitrogen and phosphorus, markedly reduces yield and dry matter accumulation
in maize-based systems (Sun et al., 2024). Under N, P, or K deficiency, maize root growth and activity are
inhibited, and hundreds of genes related to nutrient transport, hormones, and transcription factors are differentially
expressed, indicating complex molecular regulation of root adaptation to low nutrient supply (Nana et al., 2020).

2.2 Effects of climate factors on maize yield

Temperature, precipitation, drought, and vapor pressure deficit (VPD) strongly shape maize yield anomalies at

regional to global scales. Temperature-related extremes generally show stronger associations with yield deviations

than precipitation alone, although irrigation can partially buffer high-temperature damage (Figure 1) (Vogel et al.,

2019). In Northeast China, compound drought and heat cause greater yield loss than either stress alone, with
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warm-dry years producing the largest reductions and yield loss increasing with temperature and VPD but
decreasing with precipitation (Li et al., 2021).

Beyond extremes, the balance between atmospheric evaporative demand and soil moisture is critical. Including
interactions between VPD and root-zone soil moisture greatly improves statistical prediction of maize yield
anomalies, and estimates that ignore soil moisture can overstate climate-induced yield damage by about a factor of
two. Similar work in China shows that maize benefits only when atmospheric moisture demand and soil moisture
remain in relative balance; accounting for soil moisture halves projected yield losses compared with using
atmospheric demand alone (Zhao et al., 2023).
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Figure 1 Climate extreme drivers of maize yield anomalies at regional to global scales

2.3 Synergistic mechanism of soil and climate factors

Soil fertility and climate interact to determine both average yield and its stability over time. Long-term
experiments show that balanced NPK fertilization not only raises mean maize yield but also improves the stability
of relative yield anomalies, while models that combine climate variables with nutrient status explain far more
variation in yield anomalies than climate alone (Zhu et al., 2024). In diverse maize systems, soil moisture and
temperature jointly drive yield damage, and predictions that include both components outperform those relying
only on temperature and precipitation, underscoring the tight soil-climate coupling.

Nitrogen supply particularly modulates maize sensitivity to climate change. In low-input systems, higher N
fertilization increases the crop’s responsiveness to elevated CO:, higher temperatures, and altered rainfall, making
intensively managed maize more sensitive-and thus more climatically risky-than low-input maize (Falconnier et
al., 2020). At larger scales, management intensification (including improved nutrients and technologies) accounts
for most historical yield gains, but its benefits are increasingly constrained by warming and drought, meaning that
future intensification must explicitly incorporate climate adaptation to sustain yield trends (Medina and Tian,
2023).

Maize yield depends on sufficient N, P, and K to build a productive canopy and reproductive sink, while climate
factors-especially temperature extremes, drought, VPD, and soil moisture-govern year-to-year variability. Nutrient
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management alters both climate sensitivity and yield stability, so predictive models and management strategies
must jointly consider soil fertility and climate interactions rather than treating them in isolation.

3 Data Sources and Overview of the Study Area

3.1 Natural and agricultural conditions of the study area

The major maize-producing regions of northern and northeastern China are characterized by temperate monsoon
climates with distinct growing seasons, where temperature, precipitation, and sunshine jointly determine maize
climate suitability at different phenological stages (Wang et al., 2024). In the Northeast, relatively cooler
temperatures and variable rainfall make precipitation a key limiting factor, while temperature plays a stronger role
in the suitability index than in more southerly zones. In contrast, the Huang-Huai-Hai (3H) region has warmer
average temperatures and generally higher comprehensive climate suitability, although spatial differences in
precipitation and sunshine still create heterogeneous yield potentials. Across China’s broader maize belt,
temperature variability and climate perturbations can cause substantial yield losses, especially under warming, but
these impacts are spatially heterogeneous (Chen et al., 2024).

Soil conditions in the maize belt range from high-soil organic carbon (SOC) soils in parts of the Northeast to more
degraded or compacted soils in other regions, and these differences strongly affect yield responses to climate.
High SOC, favorable texture, and adequate field capacity enhance buffering capacity against adverse temperature
and moisture perturbations, stabilizing yields under climate variability (Feng et al., 2022). In contrast, soils with
higher bulk density, coarser texture, or lower water-holding capacity tend to amplify yield losses under warming,
underscoring the importance of soil improvement for resilient production. Regional tillage practices, such as deep
ploughing or conservation tillage, also interact with local climate: in cooler sites, practices that improve
early-season soil temperature and water availability promote maize emergence and growth, whereas in warmer,
windier areas, systems that enhance water retention and aeration can be more beneficial (Qian et al., 2025).

3.2 Data sources and acquisition methods

Maize yield data and associated environmental variables can be obtained from long-term field trials, experimental
stations, and statistical records, often at plot or county scales. Multi-year experiments in Northeast China and the
North China Plain provide detailed measurements of yield, phenology, and management, suitable for evaluating
soil-climate interactions and model performance. In some studies, plot-scale experiments under different
fertilization or tillage systems supply yield and soil measurements across contrasting climate conditions, enabling
analysis of management impacts on yield and soil properties (Meng et al., 2021; Qian et al., 2025). For broader
regional coverage, station networks combining agronomic records with local weather observations support
large-scale assessments of yield responses to climate variability and soil attributes.

Climate data are typically derived from ground-based automatic weather stations and gridded meteorological
datasets, providing variables such as temperature, precipitation, radiation, humidity, and derived indices (e.g., heat
degree days, consecutive dry days) during key growth stages (Dandrifosse et al., 2024; Wang et al., 2025).
Remote sensing products supply complementary environmental information, including vegetation indices, land
surface temperature, and solar-induced fluorescence that capture canopy status over time. Soil data come from
field sampling, regional soil surveys, and derived soil property databases, covering SOC, texture, bulk density,
water-holding capacity, and nutrient indicators. In advanced yield-prediction frameworks, these multi-source
datasets-yield, weather, soil, and remote sensing-are integrated into unified databases for machine learning or crop
model applications.

3.3 Data preprocessing and quality control

Prior to model construction, environmental and yield data require systematic preprocessing to ensure
completeness and consistency. Weather station data are screened for missing values, range violations, and
temporal or spatial inconsistencies, often using automated quality-control algorithms tailored to agricultural
decision needs. Such systems flag implausible measurements-e.g., unrealistic temperature sequences, saturated
relative humidity at too low values, or anomalous rainfall series-enabling early detection and correction or
removal of erroneous records. For gridded or satellite-based climate products, temporal aggregation (e.g., daily to
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monthly) and calculation of growing-season indices are performed to match crop growth stages and modeling
time steps. Yield and management records are checked for outliers, coding errors, and inconsistent units across
years and locations to avoid bias in training datasets (Archontoulis et al., 2020).

Remote sensing and soil datasets also undergo substantial preprocessing. For optical satellite data, procedures
include cloud and shadow masking, compositing, and noise reduction to generate consistent vegetation index and
land-surface-temperature time series suitable for yield prediction (Li et al., 2022). Novel image-cleaning
techniques, such as quartile-based filtering of local pixel neighborhoods, can reduce sensor noise and atmospheric
artifacts, improving the signal-to-noise ratio and enhancing model accuracy when combined with deep learning
approaches. Soil property and nutrient data from field sampling or databases are harmonized across sources,
interpolated or matched to field or grid units, and normalized or standardized for use in machine learning models
that combine soil, climate, and management predictors (Diaz-Gonzalez et al., 2022). Overall, rigorous
preprocessing and quality control across all data types are essential to ensure robust, interpretable relationships
between soil nutrients, climate variables, and maize yield.

4 Construction and Selection of Feature Variables

4.1 Construction of soil nutrient indicator system

A scientific soil nutrient indicator system should reflect both the supply of key macronutrients and the broader
edaphic conditions that control maize response. Long-term omission experiments identify available and total N, P,
and K, soil organic carbon, C:N and N:P ratios as primary determinants of yield and nutrient use efficiency,
showing that edaphic indicators explain more yield variation than phenological factors in maize systems (Wang et
al., 2024). Meta-analysis in northern China further supports including soil organic matter, total N, and available P
and K as core indicators, because these properties consistently increase under rational fertilization and are closely
aligned with yield gains and water use efficiency (Jiang et al., 2024).

For predictive modeling, soil indicators must also capture spatial heterogeneity and nutrient limitations. Maize
nutrient omission trials across 324 farmers’ fields in the Eastern Indo-Gangetic Plains showed that soil pH was the
most critical variable controlling relative N- and P-limited yields, while soil N and Zn strongly influenced
Zn-limited yield (Figure 2) (Ahmed et al., 2024). Post-harvest soil test value prediction equations for N, P, and K
demonstrate how pre-sowing soil tests, crop uptake, and fertilizer inputs can be combined to estimate dynamic soil
nutrient status, supporting targeted fertilizer recommendations for subsequent crops (Abdel-Salam et al., 2024).

4.2 Extraction of climate variable features

Climate feature construction should represent both mean conditions and stress events during sensitive growth
stages. Studies that assessed the relevance of climatic attributes for corn yield found that solar radiation,
precipitation, vapor pressure, and maximum and minimum temperature are among the most influential variables,
with radiation slightly exceeding precipitation in importance in Neotropical environments (Sierra-Forero et al.,
2024). Regional analyses that combine multiple climate time series with yield records confirm that temperature-
and water-related indicators together explain a large share of yield variability, especially when evaluated over the
growing season (Luthra et al., 2024).

Careful temporal aggregation and transformation of climate variables can greatly improve prediction. Monthly
vapor pressure deficit and precipitation expressed with spline functions produced the “best climate-only” model
for rainfed corn, with high out-of-sample R2, and adding satellite vegetation indices further enhanced performance
(Li et al., 2019). Similar work on climate-driven yield variability uses downscaled temperature, precipitation, and
shortwave radiation, plus extreme-climate indices, to quantify how mean growing-season warming, radiation
changes, and counts of hot or dry days affect maize yield projections (Chen et al., 2020).
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Figure 2 Spatial heterogeneity of soil nutrient limitations and their effects on maize yield

4.3 Feature selection and dimensionality reduction methods

High-dimensional soil-climate datasets require effective feature selection (FS) to avoid overfitting and reduce
computational cost. Reviews of machine-learning yield models emphasize that optimal feature sets, obtained by
FS, are essential because only a subset of soil, climate, and management variables truly drive prediction accuracy
(Hara et al., 2021). In a dedicated framework for yield prediction, a Relief-based FS step was combined with
linear discriminant analysis feature extraction, before applying machine-learning classifiers, which markedly
improved accuracy over models using all raw variables (Gupta et al., 2022).

Comparative studies of dimensionality reduction for crop yield forecasting show that combining FS and feature
extraction (FX) can outperform either alone. In rice yield models based on vegetation and temperature indices, a
hybrid approach (FSX) integrating FS with principal component-type FX improved RMSE by up to 60% relative
to using all features, and FSX-based models outperformed pure FS or FX in most regions (Pham et al., 2022).
More recent works in crop yield prediction apply hybrid FS pipelines (e.g., correlation-based filters, ANOVA,
ensemble FS) coupled with advanced learners such as XGBoost or optimized SVR, consistently reporting higher
predictive accuracy and lower error once redundant and noisy predictors are removed.

5 Methods for Prediction Model Construction

5.1 Traditional statistical modeling methods

Traditional statistical methods for yield prediction are mainly based on linear or polynomial relationships between
yield and a limited set of explanatory variables, often weather indices. Multiple linear regression and its variants
have long been used as benchmarks when comparing newer machine learning approaches for maize and other
crops, typically using growing-season temperature and precipitation plus a time trend to represent technological
progress (Leng and Hall, 2020). Extensions such as quadratic, interaction, and polynomial regression have also
been applied to maize and other cereals, and can achieve reasonable accuracy when relationships are
approximately linear and the number of predictors is small (Shastry et al., 2017).

More recent work has introduced penalized regression techniques (LASSO, Elastic Net, ridge), which perform
variable selection and effectively handle multicollinearity among many weather indices (Vashisth and Aravind,
2026). For maize in semi-arid New Delhi, Elastic Net outperformed stepwise multiple linear regression across
vegetative, flowering, and grain-filling stages, with the lowest RMSE and normalized RMSE, highlighting the
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value of shrinkage and regularization when many daily weather variables are used. Similar comparisons for rice
show that penalized regressions can rival or exceed traditional stepwise regression, though they may still lag
behind flexible non-linear models such as neural networks under highly complex climate-yield relationships
(Satpathi et al., 2023).

5.2 Machine learning modeling methods

Machine learning (ML) methods such as Random Forest (RF), Support Vector Regression, and boosted trees have
become central to crop yield prediction because they capture non-linear responses and interactions between soil,
climate, and management variables without strict parametric assumptions. For maize, RF has been shown to
outperform multiple linear regression at regional and global scales, reducing RMSE from 14-49% of mean yield
with linear models to 6-14% with RF, and better reproducing spatial patterns of yield (Jeong et al., 2016). In the
U.S. Midwest, a comparative study using Lasso, Support Vector Regressor, RF, and XGBoost with hundreds of
environmental features found that XGBoost was the most accurate and stable algorithm for county-level maize
yield prediction (Kang et al., 2020).

In some applications, ML models trained on relatively simple climate inputs also perform strongly. For Irish
potato and maize in Rwanda, Random Forest using only rainfall and temperature achieved R? values of 0.875 and
0.817, respectively, outperforming polynomial regression and Support Vector Regressor and providing practically
useful early-season predictions (Kuradusenge et al., 2023). ML has also been used to model silage maize yields
from NDVI time-series; boosted regression trees and RF achieved correlations above 0.87, and were less sensitive
to inconsistencies in satellite-derived vegetation profiles than conventional regressions (Aghighi et al., 2018).
These studies underline the versatility of ML methods for integrating climate, soil, and remote-sensing predictors
in maize yield models.

5.3 Deep learning and ensemble learning methods

Deep learning (DL) extends ML by learning complex, hierarchical representations from large, high-dimensional
datasets composed of weather, soil, genotype, and remote sensing inputs. A deep neural network trained on
thousands of maize hybrid trials across more than 2,000 locations substantially outperformed Lasso, shallow
neural networks, and regression trees, reaching an RMSE close to 11-12% of average yield while also supporting
feature selection to reduce input dimensionality with minimal accuracy loss (Khaki and Wang, 2019). However,
DL does not always dominate: in a U.S. Midwest maize study, LSTM and CNN architectures did not surpass
XGBoost, suggesting that tabular environmental datasets may not always benefit from image- or
sequence-oriented deep architectures (Kang et al., 2020).

Ensemble learning combines multiple base learners to improve robustness and accuracy. For corn in the U.S. Corn
Belt, CNN-DNN ensembles created via bagging and stacking outperformed ensembles of linear regression, Lasso,
RF, XGBoost, and LightGBM, explaining about 77% of spatio-temporal yield variation with an RMSE of 866
kg/ha (Shahhosseini et al., 2021). Hybrid and ensemble DL frameworks that fuse convolutional, recurrent, and
fully connected networks have also shown superior performance for crop yield prediction, with CNN-DNN or
CNN-RNN-LSTM structures often exceeding single DL or ML models and achieving R? values near or above
0.85 in case studies (Oikonomidis et al., 2022). Deep ensemble approaches thus offer a promising route for
integrating multi-source soil, climate, and remote-sensing data to achieve robust maize yield prediction under
variable environments.

6 Model Training and Evaluation System

6.1 Dataset partitioning and validation strategies

A reasonable partition of the maize yield dataset is the basis for constructing reliable prediction models. In most
supervised learning settings, data are divided into training, validation, and test subsets so that model fitting,
hyperparameter tuning, and final performance assessment can be clearly separated and avoid information leakage
(Bischl et al., 2021). When the number of yearly observations is small, directly reserving an independent test set
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becomes difficult, and specialized cross-validation (CV) schemes such as leave-one-out (LOO) or nested CV are
recommended to obtain unbiased generalization estimates (Dinh and Aires, 2022).

For crop yield prediction with strong spatial and temporal dependence, the choice of CV strategy affects both
apparent skill and interpretability. Studies using simulated or observed yields show that random CV can give
overly optimistic accuracy when neighboring samples are highly correlated, while spatial or cluster-based CV
provides more realistic estimates on held-out regions (Radocaj et al., 2025). Nested CV or nested leave-two-out
schemes further separate inner folds for model selection from outer folds for performance estimation, preventing
overly complex models from being chosen and improving transferability across years and locations (Sweet et al.,
2023).

6.2 Model parameter optimization methods

Hyperparameters of machine learning models, such as the number of trees in random forests or learning rates in
gradient boosting, strongly influence predictive performance and must be tuned systematically rather than by
ad-hoc trial-and-error (Bischl et al., 2021). Classical search strategies include grid search and random search,
which evaluate candidate configurations on resampling-based performance estimates, but they become inefficient
as the hyperparameter space grows.

More advanced approaches treat hyperparameter tuning as a black-box optimization problem and use probabilistic
surrogate models. Bayesian optimization with Gaussian processes or related surrogates iteratively proposes
promising configurations based on past evaluations and has been shown to find better settings than random search
under comparable budgets (Wu et al., 2019). In crop yield estimation, Bayesian optimization frameworks applied
to tree-based models such as LightGBM achieve high coefficients of determination and low mean squared error
across several agricultural datasets, demonstrating the gains from automated hyperparameter optimization.
Random forest-specific tuning via model-based optimization (e.g., tuning mtry, node size, sample size) can further
increase accuracy over default settings while controlling runtime (Probst et al., 2018).

6.3 Model evaluation indicator system

Because maize yield prediction is a regression problem, a comprehensive indicator system is needed to evaluate
both accuracy and explanatory power. Error-based metrics such as root mean square error (RMSE), mean absolute
error (MAE), and related deviations are widely used in crop model evaluation because they directly characterize
the magnitude of prediction errors in yield units (Yang et al., 2014). RMSE is particularly sensitive to large errors
and is appropriate when error distributions are approximately Gaussian, whereas MAE provides a more robust and
interpretable measure of average error and is less influenced by outliers (Chai and Draxler, 2014).

To complement absolute error measures, goodness-of-fit and efficiency statistics assess how much of the observed
variance is explained by the model. The coefficient of determination (R?) is often preferred as a standard metric in
regression because it relates performance to the variance of ground-truth yields and is more informative than
stand-alone error magnitudes in many applications (Chicco et al., 2021). In process-based crop modeling,
additional indices such as modeling efficiency (EF) and the index of agreement (d) are used alongside RMSE and
MAE to provide a balanced view of model bias, dispersion, and agreement with observations (Yang et al., 2014).
For maize yield prediction models based on soil nutrients and climate variables, combining R? (or EF) with RMSE
and MAE yields a robust evaluation framework that captures both accuracy and reliability across different
environments.

7 Case Study: Empirical Analysis of Regional Maize Yield Prediction

7.1 Study area and sample construction

In many recent maize yield prediction studies, the study area is defined to capture both environmental gradients
and management diversity so that models generalize beyond a single field or season. For example, plot-scale work
integrates multi-year trials under contrasting fertilizer systems, combining climate, soil, and satellite data to
represent heterogeneous growing conditions across years and treatments (Meng et al., 2021). Similar multi-farm
designs in Western Australia aggregate yield monitor data from thousands of hectares over several seasons, then
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collocate each observation with soil, terrain, and weather variables to form a dense spatio-temporal sample set
(Filippi et al., 2019).

Large-area studies, such as county-level maize analyses in the US Midwest or regional work in Northeast China,
construct samples by merging official yield statistics with gridded or station-based climate data, soil maps, and
multi-source satellite products (Figure 3) (Kang et al., 2020; Li et al., 2022). In Ghana, plot-level samples from
hundreds of maize field trials are georeferenced and linked to 0-30 cm soil properties, climate variables during the
planting season, and management practices, enabling model training across wide environmental and agronomic
ranges (Asamoah et al., 2024).

Corn Yield Prediction Sample Construction Process
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Figure 3 Workflow for integrating multi-source environmental and agricultural datasets into maize yield prediction samples
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7.2 Comparative Analysis Of Multi-Model Prediction Results

Comparative studies consistently show that model performance depends strongly on algorithm choice and input
richness. At the plot scale, combining vegetation indices, climate, soil, and fertilizer data, Random Forest and
Adaptive Boosting clearly outperform linear regression, SVM, GPR, and KNN, with R? often above 0.85 and
lowest RMSE values (Meng et al., 2021). In a Hungarian field using detailed spatio-temporal soil and micro-relief
measurements, XGBoost surpassed neural and kernel methods, reaching test accuracies above 95%, while
lattice-based smoothing further improved predictive AUC (Nyéki et al., 2021).

At regional scales, ensemble or tree-based machine learning models generally outperform both traditional
regression and deep learning architectures. In the US Midwest, XGBoost provided the most accurate and stable
county-level maize forecasts when hundreds of environmental features were used, while LSTM and CNN did not
show clear advantages (Kang et al., 2020). Across Northeast China, an ensemble of several ML methods
improved yield prediction over individual linear and ML models when integrating environmental and multi-sensor
satellite data, explaining more than 70% of maize yield variability (Li et al., 2022).

7.3 Result validation and agricultural application analysis

Robust validation is essential to ensure that multi-model predictions have practical value. Studies highlight that
naive random data splits can substantially overestimate predictive skill, especially when the goal is true
forecasting rather than interpolation within a season (Morales and Villalobos, 2023). More rigorous schemes, such
as nested k-fold cross-validation across years and fields, or leave-one-field/leave-one-year-out designs, better
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reflect operational performance and were used, for instance, in multi-farm machine-learning models and in
Ghanaian RF models for maize yield and agronomic efficiency (Filippi et al., 2019; Asamoabh et al., 2024).

When rigorously validated, yield prediction models support several agricultural applications. Plot-scale maize
models that accurately forecast yield under different fertilizer systems enable assessment of input strategies and
refinement of site-specific recommendations before harvest (Meng et al., 2021). Large-area models that integrate
climate, soil, and satellite indicators have been used for early-season yield forecasting, outperforming official
forecasts and providing actionable information for logistics, market planning, and food-security assessments (Li et
al., 2022). Such applications demonstrate how reliable maize yield prediction, grounded in soil-climate
interactions, can inform precision fertilization, risk management, and regional policy decisions.

8 Results Analysis and Discussion

8.1 Contribution analysis of soil nutrient variables

Feature-importance and interpretable ML studies highlight that specific soil nutrients can dominate maize yield
responses, even in data-rich settings. In a data-intensive farm management trial, Random Forest analysis showed
that urea application was consistently the most critical variable for explaining spatial yield variation, with soil
phosphorus, pH, clay content, sodium and plant population also among the leading contributors in different
seasons (Maseko et al., 2024). This indicates that both applied N and inherent soil fertility properties jointly
control yield in high-resolution, within-field prediction. Similar work in precision agriculture, using RF and other
models on over 145,000 corn and soybean yield observations, found that soil test P, K, Zn, soil organic matter and
cation exchange capacity were key predictors, underscoring the strong explanatory power of nutrient and related
soil indicators for yield variation at sub-field scales (Burdett and Wellen, 2022).

Under nutrient-limited conditions, omission trials combined with AutoML provide a more explicit decomposition
of nutrient contributions. In 324 nutrient omission plot trials across ten agroecological zones in the Eastern
Indo-Gangetic Plains, stack-ensemble and deep learning models predicted relative nutrient-limited yields with low
RMSE, and permutation importance identified soil pH as the dominant variable controlling N- and P-limited
yields (Ahmed et al., 2024). The same analysis showed that soil N and Zn strongly influenced Zn-limited yield,
while spatial trends in K-limited yield emerged along an east-west gradient, revealing distinct fertility constraints
for different nutrients. These findings suggest that soil nutrient variables-especially applied N, soil P, Zn, pH and
texture-related properties-provide high marginal gains in predictive power and are indispensable components of
maize yield models based on soil-climate interactions.

8.2 Influence weight analysis of climate variables

Across diverse modeling frameworks, climate variables frequently emerge as the largest single contributors to
interannual maize yield variability. A global meta-analysis using 68 simulation studies for wheat, maize and rice
showed that maximum temperature and precipitation significantly affected yield responses, with yields declining
by 4.21% per 1 °C increase in maximum temperature but increasing by 0.43% per 1% rise in precipitation (Qin et
al., 2023). This quantitative gradient highlights the high negative weight of heat stress and the compensating effect
of adequate rainfall in crop-climate response functions. At the global scale, mixed-effects models updating
projected yield responses under CMIP6 scenarios indicate that temperature-related stress is a dominant driver of
future maize yield losses, with projected global maize declines around 22% by late century under high emissions
if adaptation is limited (Li et al., 2025).

Machine-learning-based attribution provides more detailed rankings of individual climate indicators. A hybrid
GGCM-Random Forest framework for China’s maize belt found that chilling days, drought indicators and crop
pests/diseases were the main factors influencing projected maize yield changes, with relative importance
quantified via RF partial-dependence analysis (Li et al., 2023). In a separate process-based and ML study on
wheat under future climate scenarios, precipitation explained most yield variability in mid-century high-emission
conditions, whereas maximum temperature became the dominant limiting factor under later, more strongly
warmed scenarios (EI-Mahroug et al., 2025). For site-specific maize prediction with spatio-temporal XGBoost
models, precipitation during the juvenile growth phase (May) was identified as the single most important factor
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over five years, followed by soil pH, clay content, electrical conductivity and NDVI, again emphasizing the high
influence weight of water-related variables alongside key soil properties.

8.3 Discussion on model applicability and uncertainty

The applicability of soil-nutrient- and climate-based yield models depends critically on how uncertainty is handled
across space, time and scenario conditions. A recent meta-analysis of crop yield responses to projected climate
change combined mixed-effects modeling with block bootstrapping to partition uncertainty arising from model
structure, climate projections (CMIP6) and emissions pathways, showing that simple pooled OLS tends to
underestimate yield losses and under-represent uncertainty ranges (Li et al., 2025). Similarly, a crop-model and
ML ensemble for maize and soybean across China demonstrated that coupling GGCMs with Random Forest
greatly improved correlation (r up to 0.77 for maize) and reduced normalized RMSE, while variance
decomposition revealed that the dominant uncertainty source shifted from crop models in the baseline GGCM
runs to global climate models and then scenarios as projections extended further into the century (Li et al., 2023).
These results imply that model applicability under future climates requires explicit accounting for structural,
climate and scenario uncertainties rather than relying on single-model projections.

Transferability across domains and scales introduces additional uncertainty dimensions for data-driven yield
models. Domain-adaptation work on maize in the US Corn Belt, using DANN, KLIEP and RTNN, found that
models trained in temperate regions with medium-high growing degree days and moderate vapor pressure deficit
generalized well, whereas strong dependence on vegetation indices (GCI) reduced transferability when source and
target domains had limited overlap (Priyatikanto et al., 2023). Independent evaluations of cross-validation
strategies in UAV-based yield prediction further showed that random CV can substantially overestimate
performance when models are applied outside their training spatial domain, whereas spatial or leave-one-field-out
CV and simpler, regularized models gave more realistic extrapolation accuracy (Habibi et al., 2024). Together
with county-scale ensemble studies that link large prediction errors to low cropland ratios and extreme weather
events (Sajid et al., 2022), these findings stress that robust maize yield prediction demands careful validation
design, domain-aware training, and transparent uncertainty quantification before models are applied for
management or policy decisions in new regions or under novel climate conditions.

9 Conclusions and Future Research Directions

Existing studies confirm that integrating soil nutrients, soil physical properties, and climate variables can explain a
substantial share of maize yield variability across diverse agroecological zones. Soil indicators such as nitrogen
fertilizer rate, soil organic carbon, pH, bulk density, and exchangeable bases consistently emerge among the most
influential predictors, often exceeding the importance of individual climate variables for yield prediction in
tropical and semi-arid environments. At the same time, temperature, rainfall, and related weather indices remain
key drivers of interannual variation, especially when combined with management and genotype information in
large datasets. From a modeling perspective, tree-based and boosting algorithms (Random Forest, XGBoost,
Gradient Boosting) generally outperform linear methods and many deep architectures for maize yield prediction
using soil-climate feature sets. Meta-modeling of process-based simulations and large empirical trial datasets
shows that these methods can achieve relative errors around 10-15% when sufficient training samples and
well-designed features are available. Systematic reviews across maize and other crops further indicate that these
algorithms are among the most frequently adopted and robust options, particularly when coupled with feature
engineering and multimodal data integration.

High-accuracy soil-climate yield models provide actionable information for fertilizer management and nutrient
efficiency. In Ghana, Random Forest and XGBoost models trained on long-term maize trials successfully
predicted both yield and agronomic efficiency, highlighting nitrogen rate, rainfall, and key soil properties as
dominant management levers. Such models support the design of site-specific recommendations that can raise
productivity while reducing the environmental costs of blanket fertilizer application. Similar ML-process-model
hybrids  using  APSIM  outputs  demonstrate  that  meta-models can  rapidly  explore
genotype-environment-management scenarios for preseason planning. At larger scales, integrating soil maps,
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meteorological series, and satellite indicators enables early-season forecasts that outperform conventional
statistical baselines and even some official forecasts. County-level yield prediction in the U.S. Midwest has shown
that XGBoost models using hundreds of environmental features can provide reliable maize forecasts several
months before harvest, improving on models based only on basic weather or historical yields. Reviews of
precision agriculture emphasize that such predictive systems contribute to resource optimization, risk management,
and food-security planning by linking sensing technologies, big data platforms, and advanced analytics into
operational decision support tools.

Despite these advances, several limitations constrain the reliability and transferability of current soil-climate yield
models. Studies comparing algorithms against simple baselines show that, under realistic forecasting setups using
ordered train-test splits, ML models sometimes offer only modest gains over farm-level average yields, especially
when weather forecast errors are ignored. Systematic reviews also highlight persistent challenges with obtaining
high-quality, harmonized datasets on soil nutrients, management, and high-resolution yields, which can limit
model generalization across regions and seasons. In addition, many models are trained and validated under
random data partitioning, leading to over-optimistic performance estimates for true out-of-sample prediction.
Future research directions point toward hybrid, transferable, and explainable frameworks. Hybrid models that
couple process-based crop simulators with ML or deep learning have improved accuracy and reduced uncertainty
in semi-arid maize systems, particularly when fusing remote sensing, climate, and soil information. Domain
adaptation and transfer-learning approaches, including partial adversarial networks, are beginning to address
domain shifts between ecological zones and could substantially improve cross-regional maize yield prediction.
Reviews stress the need for standardized data protocols, interpretable architectures (e.g., SHAP- or XAl-enhanced
models), and scalable, crop-agnostic pipelines so that soil nutrient and climate-based yield prediction can be
robustly embedded in precision agriculture and sustainability strategies.
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Abstract Wheat yield formation is a complex physiological process jointly regulated by genetic traits, environmental conditions,
and agricultural management practices. This study systematically investigates the effects of different management strategies on wheat
yield components, including spike number, grains per spike, and thousand-grain weight. By integrating multiple management
scenarios such as fertilization intensity, irrigation regimes, and planting density adjustments, the responses of yield formation
processes were analyzed in terms of growth dynamics, component interactions, and regional variability. The results indicate that
fertilization primarily influences spike development and grain setting, while water availability significantly regulates biomass
accumulation and yield stability. Planting density further modulates population structure, leading to trade-offs among yield
components. Significant coupling relationships were observed among spike number, grain number, and grain weight, suggesting a
coordinated but competitive allocation mechanism. Statistical modeling revealed that management practices exert both direct and
indirect effects on final yield through yield component mediation. Moreover, regional analysis highlights that climatic and soil
conditions amplify or constrain management effectiveness. The findings provide a comprehensive understanding of how integrated
agronomic practices shape wheat yield formation and offer theoretical support for optimizing high-yield and stable production
systems under diverse agroecological conditions.

Keywords Wheat yield components; Management practices; Fertilization; Irrigation; Yield modeling

1 Introduction

Wheat is a major source of calories and protein worldwide, and further yield gains are essential to meet rising
demand for food and feed. Grain yield in wheat is a complex quantitative trait shaped by genotype, environment,
and their interaction, making direct selection on yield alone inefficient. A clearer understanding of yield
components and how they respond to management practices is therefore critical for designing agronomic
strategies and statistical models that improve both yield level and stability. This paper, “Statistical Analysis of
Yield Components in Wheat under Different Management Practices,” is positioned within this context. Wheat
yield is typically decomposed into spike number per unit area, grain number per spike, and thousand-grain weight,
with additional supporting traits such as biological yield and harvest index (Dolijanovi¢ et al., 2025). Numerous
correlation and path-analysis studies show that grain yield is positively associated with spikes per area, grains per
spike, and thousand-grain (or kernel) weight, as well as biological yield and harvest index (Choudhary et al.,
2025). Path coefficient analyses repeatedly identify biological yield, grains per spike, and harvest index as having
strong direct effects on grain yield, indicating their value as selection or diagnostic traits. Large multi-environment
analyses further confirm that grains per unit area, determined by spike number and grains per spike, is the yield
component most tightly linked to final yield (Slafer et al., 2022).

Agricultural management practices-especially fertilization, irrigation, tillage, sowing arrangement, and organic
amendments-modify resource availability and crop environment, thereby altering yield components rather than
yield directly. Meta-analyses and long-term trials show that integrating nitrogen management with irrigation,
tillage, and organic inputs can increase wheat yield, nitrogen-use efficiency, and water-use efficiency relative to
single-factor optimization. Conventional or well-structured tillage systems often improve grain weight per spike,
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thousand-grain weight, grain uniformity, and protein content compared with reduced or no-tillage systems, partly
via effects on soil structure, weed pressure, and nutrient dynamics (Ahmadi et al., 2024). Sowing method and
organic nutrient management (e.g., raised beds, split farmyard manure with liquid organics) can also enhance
spike number, grain yield, and soil biological activity (Sharma et al., 2024). Fertilizer form and biostimulants (e.g.,
phosphorus, humic acids, mycorrhizae) further influence grains per spike, thousand-grain weight, biological yield,
and harvest index, demonstrating multiple pathways from management to yield components and then to total grain
yield.

Despite abundant evidence on individual factors, comparatively fewer studies jointly quantify how different
management practices reshape the correlation structure and direct versus indirect effects among yield components.
This motivates a statistical analysis of yield components in wheat under contrasting management regimes. The
central research questions can be framed as: (i) How do key yield components (spikes per area, grains per spike,
thousand-grain weight, biological yield, harvest index) respond to different management practices? (ii) How do
management-induced changes in these components translate, via correlation and path relationships, into changes
in grain yield? (iii) Do specific management practices strengthen the contribution of particular components (e.g.,
grains per spike or harvest index) to yield?

Based on prior correlation and path-analysis work, the study can hypothesize that: (1) management practices that
enhance biological yield, spike number, grains per spike, and harvest index will significantly increase grain yield,
(2) the relative importance of numerical components (spikes per area, grains per spike, thousand-grain weight) in
determining yield will differ across management regimes; and (3) integrated or optimized management will not
only raise yield but also modify the strength and direction of correlations among yield components, revealing
management-specific yield-formation pathways. Statistical tools such as correlation, path analysis, and
multivariate methods offer an appropriate framework to test these hypotheses and to identify the most responsive
and yield-determining components under different management practices.

2 Regulatory Effects of Different Management Practices on Wheat Growth and Development
2.1 Effects of fertilization intensity on vegetative and reproductive growth

Nitrogen fertilization strongly modifies the hierarchy and plasticity of wheat yield components, with early-formed
traits such as tiller and spike number responding differently from later traits like grain number and grain weight
(Paolo et al., 2022). Increasing N rate up to about 150-300 kg-N-ha™! enhances grain number, grain weight, straw
biomass, and plant height, although responses are curvilinear and context dependent (Yokamo et al., 2023). The
timing of N also matters: delaying N from early tillering to stem elongation or later tends to reduce total yield but
can increase grain weight, reflecting a trade-off between grain number and grain size.

Vegetative photosynthetic capacity and biomass accumulation are also sensitive to N intensity. Moderate to high N
rates increase leaf area index, chlorophyll content, and flag-leaf photosynthesis, which in turn support higher total
dry matter and reproductive organ biomass (Noor et al., 2023). Under partial shading, appropriate N can
compensate for reduced light by boosting photosynthetic efficiency and dry matter transfer to ears, but under
heavy shading, the regulatory effect of N on vegetative growth and yield formation becomes limited (Hongzhi et
al., 2021). Meta-analysis shows that N use efficiency declines at high N and on fertile soils, implying that
excessive fertilization may increase biomass but not proportionally increase grain yield.

2.2 Impacts of water availability on population structure regulation

Water supply around jointing and heading governs tiller survival and spike formation, thereby shaping population
structure. Supplemental irrigation that wets the soil to 0-20 cm at jointing reduces tiller mortality, increases
productive spike number, and improves leaf photosynthesis of both main stems and tillers, while deeper irrigation
layers mainly increase transpiration and reduce water-use efficiency without clear yield gains (Shang et al., 2020).
Deficit irrigation schemes that combine moderate water inputs with suitable planting patterns can raise tiller
number, spikelets per spike, grains per spike, and radiation use efficiency, particularly when water is applied at
both jointing and heading (Zhou et al., 2020).
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Water availability also interacts with density and N to determine canopy architecture and uniformity. Under
limited irrigation, increasing seeding density can maintain grain yield while markedly improving water
productivity by boosting spike number per unit area and canopy apparent photosynthesis in upper layers (Figure 1)
(Gao et al., 2021). Optimal combinations of irrigation and N (e.g., irrigation at jointing and anthesis with
moderate N) increase spike number, grains per spike, leaf area index, and canopy photosynthesis, while a
well-distributed root system supports better extraction of soil water and coordinates root-shoot balance (Wang et
al., 2025). Conversely, overly sparse or heterogeneous water distribution in drip systems can create non-uniform
subpopulations with reduced leaf area, biomass, and panicle number in disadvantaged rows, lowering overall yield
(Jing et al., 2023).

shallow irrigation ————>»

spike number —— >

/

photosynthetic activity —»

Te Tt o.t.. el _-.t. -+ transpiration

- -~ o noyield
deep irrigation . ’ improvement . - |/

: spikelets per spike L
£ e T 0 - radiation use
—_— : /
deficit irrigation efficiency

Figure 1 Mechanistic effects of irrigation depth and timing on tiller survival, spike formation, and yield component development in
wheat

2.3 Response mechanisms of planting density and crop competition

Planting density regulates the balance between individual plant growth and population yield through intraspecific
competition. As density increases, competition intensity rises, leading to reduced tillering, individual biomass, and
grain number per plant, but greater spike number per area and, up to an optimum, higher population yield. In
high-resource environments, winter wheat can reach near-maximum yields at surprisingly low plant densities,
indicating strong compensatory capacity via tillering and spike fertility when competition is relaxed (Lollato et al.,
2024). Reviews and field trials show that excessive seeding ultimately depresses yield components and grain yield
due to self-thinning and resource limitation, underscoring the need for an optimum rather than maximal density
(Arshad et al., 2025).

Competition also drives physiological and structural adjustments. High density often increases shoot elongation
while reducing leaf mass per area, tiller number, and per-stem biomass, reflecting shade-avoidance and resource
partitioning among competing plants. Breeding trajectories show decreasing shoot competitiveness indices over
time, consistent with selecting genotypes that cooperate better at high density by limiting aggressive competitive
traits (Manntschke et al., 2025). Experiments combining density with N show that raising density while
moderating N can favor superior tillers, optimize spike number, and improve nitrogen-use efficiency, whereas
very high N at high density mainly inflates vegetative growth and reduces partial factor productivity (Yang et al.,
2019). Together, these mechanisms illustrate that planting density, competition, and genotype jointly determine
how yield components respond under intensive management.

3 Dynamic Patterns of Wheat Yield Component Formation

3.1 Temporal characteristics of spike number formation

Spike number in wheat is largely determined by the production and survival of tillers over a defined
developmental window from early vegetative stages to anthesis. Studies show that most fertile spikes originate
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from tillers initiated early (from three-leaf stage to jointing), whereas late-initiated tillers produce few kernels and
contribute minimally to yield (Tilley et al., 2019). The timing of tiller initiation and cessation, together with tiller
mortality between jointing and anthesis, governs final spike density and explains large genotypic differences in
spike number. Genetic variation in traits such as tillering onset, duration, and survival indicates substantial scope
to manipulate these temporal patterns for yield improvement (Xie et al., 2015).

Temporal dynamics of tillering interact with canopy signals and resource competition. Low red:far-red light ratios
arising as canopies close tend to accelerate the end of tillering and promote tiller abortion, thereby fixing spike
number earlier in genotypes that are more sensitive to shading (Xie et al., 2015). Management and environment
modify these dynamics by altering water status, radiation interception, and assimilate availability during the
tillering window. Under post-jointing drought, ear-bearing capacity and seed setting of specific tiller positions are
highly sensitive to the exact spike developmental stage at which stress occurs, with tillers at intermediate positions
showing the greatest reductions in kernels per spike and grain yield per spike (Lin et al., 2020). These findings
highlight that both the calendar time and developmental time at which stresses or inputs occur are critical in
determining final spike number.

3.2 Limiting factors in grain number formation

Grain number per unit area is jointly determined by spike number and grains per spike, and both components
follow a similar pattern of over-production of reproductive structures followed by intense abortion. Detailed
observations of tiller and floret primordia show that survival, rather than initiation, is the primary driver of
variation in spike number per area and grains per spike, especially during the late reproductive phase when
degeneration is most intense (Bicego et al., 2024). Resource availability around stem elongation and heading
strongly affects the survival of initiated tillers and florets, making grain number highly plastic in response to
shading, thinning, and other changes in assimilate supply.

Within spikes, floret fertility and grain set are constrained by floral degradation and developmental timing. In
hexaploid wheat, visible floral degradation from green-anther stage to anthesis strongly influences maximum
floret primordia, fertile florets, and final grain number per spikelet, while detillering delays this degradation and
increases the number of fertile florets and grains. The spatial gradient along the spike also reflects developmental
limitations; basal spikelets are developmentally delayed and therefore exhibit higher floret abortion and more
rudimentary spikelets, even when assimilate distribution along the spike is relatively uniform (Backhaus et al.,
2023). Ovary size at anthesis emerges as a key integrative trait: larger ovaries, especially in distal florets, are
associated with higher floret and grain survival, linking pre-anthesis growth with post-anthesis grain set (Guo et
al., 2016).

3.3 Environmental response mechanisms of thousand-grain weight formation

Thousand-grain weight (TGW) is mainly determined during the grain filling period through the interplay between
grain filling rate and duration. Field experiments manipulating post-anthesis night temperature show that warming
of about 4 °C from 10 days after anthesis to maturity shortens the effective grain filling period, reducing TGW by
roughly 3% per degree while leaving grain filling rate largely unchanged (Garcia et al., 2016). Similar work under
controlled heat stress indicates that high temperatures hasten physiological maturity and decrease final grain
weight, with genotypic differences in heat tolerance closely associated with the capacity to sustain a high grain
filling rate (Dias and Lidon, 2009). These responses reflect sink-limited grain growth where accelerated
development truncates the time over which potential grain size can be realized.

Broader analyses of climate-related factors confirm that elevated temperature and drought generally reduce grain
yield of C3 cereals by depressing TGW. Meta-analysis shows that thousand-grain weight is particularly sensitive
to warming, whereas drought and heat together can substantially reduce grain filling and starch accumulation even
when grain number is less affected (Mariem et al., 2021). At the crop scale, variation in TGW can be explained by
differences in post-anthesis thermal regime and radiation, as well as water availability that maintains
photosynthesis and nitrogen metabolism during grain filling (Ru et al., 2023). New remote-sensing approaches,
such as UAV-based estimation of grain filling rate and TGW from canopy traits, emphasize that TGW integrates
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environmental effects on leaf area, chlorophyll, and biomass during the filling period and can therefore serve as a
sensitive indicator of how management practices buffer or amplify climatic stresses.

4 Yield Variations Driven by Management Practices

4.1 Yield responses under different fertilization strategies

Nitrogen rate and timing strongly regulate wheat yield by altering spike number, grain number, and grain weight.
Split spring N in winter wheat mainly increased spikes-m™2, with yields peaking when 100 kg-N-ha™' was applied
early (BBCH 22-25) and 40 kg-ha™ at stem elongation, reflecting the importance of early N for productive shoot
survival (Lachutta and Jankowski, 2024). Across small grains, grain number per unit area is the key driver of yield,
and high N (e.g., 100 kg-N) markedly increases grain number and grain yield, although trade-offs with grain
weight can occur (Mirosavljevi¢ et al., 2025).

Yield responses to N show clear optima rather than linear increases. In semiarid Loess Plateau conditions, higher
N rates (e.g., 210 kg-ha™') maximized yield in wet years, while intermediate N (150 kg-ha™) was optimal in
normal or dry years, indicating precipitation-dependent N demand (Ren et al., 2021). Detailed dose-response
studies further show that 210-240 kg-N-ha™ can maximize spike number, grains per ear, thousand-grain weight
and grain yield, whereas excessive N (300 kg-ha™') reduces spike grains and does not improve yield (Qu et al.,
2025).

4.2 Yield differences under varying irrigation conditions

Irrigation strategy and amount substantially modify yield level and resource efficiency. Under sprinkler irrigation,
full conventional irrigation (CI100) gave the highest grain yield, while a slight reduction (CI75) maintained high
yield and increased water use efficiency, indicating that moderate deficit can save water with limited yield loss
(Alghory and Yazar, 2018). In drip-fertigated systems, deficit irrigation at 75% ETc combined with moderate N
(170 kg-ha™?) produced the highest yields and water- and N-use efficiency, with most of the yield gain attributed to
N but a sizeable portion to irrigation (Lu et al., 2021).

Timing of supplemental irrigation is also critical. In North China Plain field trials, irrigation at jointing and
anthesis optimized root distribution, post-anthesis dry matter accumulation, and grain filling, increasing grain
yield and water use efficiency compared with no irrigation or excessive frequency (Figure 2) (Feng et al., 2023).
In Mediterranean durum wheat, two irrigations at flowering and grain filling raised grain yield by about 19-46%
and increased thousand-kernel weight relative to rainfed conditions, demonstrating strong benefits of relieving
post-flowering drought (Mohammadi, 2024).

75% ETc Deficit Irrigation + 170 kg N ha™"
(Moderate Nitrogen)

O ;"I/ i Water Use Contribution
CI100 ‘\\ '/" — Efficiency (%) Proportlon (%)
(Full Irrigation) ‘\:\‘\\\Uﬁ/
Irrigation amount —
cl75 — > Yield — Water efﬁcnency @
e S / A
A / R~ Drip

(Mild Deficit Irrigation)

e CI100: Highest Yield e 75% ETc + 170 kg N:
e CI75: Maintains Yield, Improves Highest Yield, Optimal
Water Use Efficiency Water-Nitrogen Use Efficiency

Figure 2 Comparative effects of sprinkler irrigation and drip-fertigated deficit irrigation on wheat grain yield and resource-use

efficiency
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4.3 Integrated effects of planting density and sowing date adjustment

Planting density and sowing date jointly shape yield by balancing spike number, grains per spike, and grain
weight. In northeastern Poland, increasing sowing density from 200 to 400 live grains m2 raised spikes-m2 and
grain yield, while delaying sowing by 14-28 days slightly reduced grains per spike but increased thousand-grain
weight, with maximum yields achieved under mid-September to early October sowing and higher densities
(Lachutta and Jankowski, 2024). A broader multi-genotype study found sowing date had a stronger impact on
yield components than plant density, though density strongly correlated with heading time and tillering pattern
(Kiss et al., 2018).

Fine-tuning density with N and sowing time can mitigate yield loss in sub-optimal windows. Under rice-wheat
rotation, late sowing reduced spikes and kernels, but higher planting densities combined with a 25% N increase
(300 kg-N-ha™') restored yield, with optimal densities depending on whether sowing was delayed 10 or 20 days
(Tian et al., 2024). Other semi-winter wheat trials report that sowing around early-mid October at densities near
450 x 10* plants ha™ maximizes yield, with higher densities mainly increasing spike number and lower densities
favoring thousand-grain weight (Chen et al., 2021).

5 Coupling Relationships among Yield Components

5.1 Trade-off between spike number and grains per spike

The relationship between spike number per unit area and grains per spike is typically antagonistic, reflecting
resource limitations during pre-anthesis development. Large multi-environment analyses show that increases in
grains per-m? are usually achieved either via more spikes per-m? or more grains per spike, but simultaneous
maximization of both components is rare (Xie and Sparkes, 2021). Compensation between these two routes
appears as a hierarchy of plasticity, where spike number acts as a coarse regulator of grains per-m? and grains per
spike fine-tune the response when resources or genotypes change.

Long-term trial data in winter wheat confirm that the strongest negative correlation among yield components often
occurs between spike number and grains per spike, illustrating a robust trade-off in many environments. Yet
cultivars differ in how strictly they follow this relationship; some lines deviate positively, combining relatively
high spike number with high grains per spike and thus partially escaping compensation (Mandea et al., 2019).
Recent work on grain number plasticity further suggests that overlapping developmental periods for tiller and
floret mortality can generate feedback between spike number and grains per spike, so that resource shifts during
stem elongation alter both components simultaneously (Bicego et al., 2024).

5.2 Synergistic and compensatory effects between grain number and grain weight

Across studies, grain yield is more tightly related to grains per-m? than to average grain weight, and negative
correlations between grain number components and thousand-grain weight (TGW) are frequently reported.
Genome-wide association in tetraploid wheat indicates that many loci for kernel number per spike (KNS) and
TGW show opposing phenotypic effects, so gains in one component are often partially offset by losses in the other
(Mangini et al., 2018). This genetic antagonism underpins the classic trade-off where increases in grain number
reduce average grain size, limiting yield progress.

Nonetheless, both physiological and genetic evidence show that the trade-off is not absolute and can be mitigated.
Doubled haploid populations derived from parents contrasting in grain number and weight have produced
transgressive segregants with high grain number and relatively large grains, achieving very high yields and
reducing the usual compensation. At the molecular level, some manipulations of expansin expression increased
grain size without reducing grain number, boosting yield per spike and demonstrating that targeted modification of
grain growth can overcome the typical negative association between grain number and grain weight in specific
backgrounds (Calderini et al., 2020; Vicentin et al., 2024).

5.3 Mechanisms of multi-factor interactions affecting final yield
Final yield reflects not only pairwise trade-offs among components but also multi-factor interactions among
management variables such as nitrogen, water, and density. Drip-fertigation experiments show that irrigation and
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nitrogen affect yield mainly through indirect effects on spike density, grains per spike, and TGW, with structural
equation modeling confirming that both inputs operate via these components rather than directly on yield (Lu et
al., 2021). Optimal combinations (e.g., deficit irrigation with moderate N) maximized grain yield and
water-nitrogen use efficiency by increasing spike number and grains per spike while avoiding excessive
reductions in grain weight.

More complex factorial trials combining planting pattern, supplementary irrigation, and plant density demonstrate
significant three-way interactions on grain yield and resource-use efficiencies. Ridge-furrow planting with plastic
mulch, moderate density, and limited supplemental irrigation increased grain yield and water productivity by
improving soil water use, effective panicle number, and population N uptake, while maintaining a favorable
balance between spike number and spike size (Dai et al.,, 2023). Other studies highlight that optimal
density-nitrogen-water regimes improve spike number in upper and middle canopy layers and population
uniformity, thereby enhancing biomass accumulation and yield at the population scale despite reduced per-stem
grain weight at very high densities (Gao et al., 2025). These findings indicate that carefully tuned multi-factor
management can exploit component plasticity, reduce deleterious trade-offs, and shift yield formation toward
more synergistic combinations of grain number and grain weight.

6 Statistical Models and Yield Driving Mechanisms

6.1 Statistical characteristics of relationships between management practices and yield

Across contrasting environments, management practices such as nitrogen rate and irrigation schedule alter wheat
yield primarily through effects on spike number, grain number per spike and grain weight. Under drought in Saudi
Arabia, multivariate procedures identified spikes-m™, 100-grain weight, grain weight per spike and biological
yield as the most influential variables for grain yield, highlighting how stress conditions sharpen the importance of
key yield components (Leilah and Al-Khateeb, 2005). Under semi-arid conditions, variance analysis and
regression likewise emphasized number of grains spike™, spikes'm™ and thousand-kernel weight as main
contributors to yield differences among durum genotypes (Frih et al., 2021).

Management-focused meta-analyses and field trials provide quantitative benchmarks for nitrogen-water
interactions. A global synthesis showed that nitrogen addition increased wheat grain yield by about 15%, with
100-200 kg-N-ha™ generally optimal for yield, protein and water productivity, and responses modulated by soil
texture and climate. In the North China Plain, combined meta-analysis and short-term field experiments indicated
that higher nitrogen rates with deficit irrigation improved yield, nitrogen use efficiency and water use efficiency,
with an optimal 7:3 inorganic-organic fertilizer ratio under moderate irrigation.

6.2 Regression-based analysis of yield component drivers

Classical and stepwise regression consistently converge on a small set of yield drivers. Under drought, multiple
linear and stepwise regressions showed that models including spikes'm™, grain number spike™ and 100-grain
weight explained up to ~93% of grain yield variation, underlining their dominant predictive value (Fouad, 2018).
A semi-arid durum study similarly found that grains spike™, spikes-m™ and thousand-kernel weight significantly
explained yield variation in multiple and stepwise regression frameworks (Frih et al., 2021).

Recent work extends regression to farm-level management datasets. Using 22 agronomic and management traits
from 90 farms, stepwise regression in Fars province selected nine variables-principally spikes-m™, grains spike™
and thousand-grain weight, but also spike and awn traits, herbicide use, maturity time and soil salinity-as a
parsimonious set, with partial least squares regression achieving R? = 0.85 using only these inputs (Behpouri et al.,
2023). Under late-sown conditions, another regression study showed that seven traits (biological yield, harvest
index, grain weight per spike, flag leaf length, main spike weight, spikelets per spike and grain appearance)
explained ~98% of yield variability, underscoring the value of integrating both structural and physiological traits
in yield forecasting (Solanki et al., 2024).

6.3 Multivariate integrated models and contribution decomposition
Multivariate approaches such as path analysis, factor analysis and PCA decompose direct and indirect
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contributions of components to yield. In bread wheat, path analysis frequently reveals strong direct effects of
spike weight and thousand-kernel weight on grain yield, with grain filling rate and spike number exerting
important indirect effects, suggesting these as efficient selection and management targets (Matkovi¢-Stojsin et al.,
2018; Elmassry and Shal, 2020). Another path-analytic study found that spikelet number and thousand-seed
weight, followed by grain size and grain number spike™, had the largest direct impacts on yield, while
multicollinearity diagnostics confirmed that treating all traits as first-order predictors was statistically valid.

Integrated multivariate models have also been used under specific management and climate scenarios. Under
drought, combining factor analysis, regression, PCA and clustering confirmed that spikes-m2, 100-grain weight,
grain weight per spike and biological yield form a core determinant set for yield, with these variables loading
heavily on principal components associated with productivity (Leilah and Al-Khateeb, 2005). In a Mediterranean
irrigation-nitrogen trial, factor analysis grouped variables into yield/water use, yield components and quality
factors, while stepwise multivariate regression showed that water footprint indices could be well predicted from
NDVI measured at key growth stages, linking spectral signals to integrated yield and resource-use outcomes under
different irrigation and nitrogen strategies (Tomaz et al., 2021).

7 Regional Variation in Yield Response Characteristics

7.1 Differences in management responses across climatic zones

Wheat yield responses to management vary strongly among climatic zones because temperature, precipitation, and
radiation contribute differently to yield variation across regions. In China, combined changes in mean temperature,
precipitation, and solar radiation explain substantial regional differences in yield, with radiation and precipitation
often being the dominant drivers and their joint effects exceeding those of any single factor (Han et al., 2023).
Similar regional patterns emerge when extreme temperature indicators are used: extreme growing-degree days and
other thermal indices cause larger proportional yield losses in northern and spring-wheat regions than in southern
winter-wheat zones, even when precipitation increases (Han et al., 2025).

Management practices modify these climate-driven patterns and partially buffer yield gaps. In Mediterranean and
MENA agro-ecological zones, simulations show that optimal supplemental irrigation and nitrogen rates, together
with adjusted sowing dates, can raise attainable yields by 30-50% and improve water productivity by up to 70%,
despite projected 18-30% climate-induced yield declines (Tita et al., 2025). On-farm analyses in the U.S. central
Great Plains further reveal that regional clustering by climate is needed, because fertilizer management (N, P, S),
fungicide use, and cultivar choice interact with local weather to determine realized yield and yield gaps (Jaenisch
etal., 2021).

7.2 Regulatory effects of soil types on yield formation

Soil physical and chemical properties exert strong regulatory effects on wheat yield components and yield gaps.
At field scale, small-scale variation in soil texture and organic carbon in both topsoil and subsoil explains nearly
half of the spatial variability in grain yield and key components such as tiller density, with higher clay in topsoil
enhancing yield but higher clay in subsoil reducing it (GroB et al., 2023). Across arid and semi-arid fields, soil
organic carbon, total nitrogen, and available potassium are positively associated with grain number, spike traits,
plant height, and both economic and biological yields, indicating that improved physicochemical status narrows
yield gaps (Bagheripour et al., 2024).

Management inputs that change soil structure and organic matter further regulate yield formation. A global
meta-analysis shows that increasing soil organic carbon up to about 2% is generally associated with higher wheat
yields, with diminishing returns beyond this threshold and substantial potential to reduce nitrogen fertilizer needs
where SOC is currently low (Oldfield et al., 2018). At plot scale, adding organic residues such as composted
bagasse, manure, or straw improves aggregate stability, infiltration, and bulk density, leading to progressive
increases in grain and stubble yields as application rates rise (Barzegar et al., 2002).

7.3 Stability comparison under varying hydrothermal conditions
Hydrothermal variability-interacting heat and water conditions-strongly shapes yield stability, with marked

121


http://bioscipublisher.com/index.php/cmb

—
-

\
Computational Molecular Biology 2026, Vol.16, No.2, 114-128

BioSei Publishers http://bioscipublisher.com/index.php/cmb

genotype x environment interactions. Multi-environment trials under irrigated, drought, and heat-stress conditions
show significant variance for genotype, environment, and their interaction, and AMMI/GGE analyses identify
specific genotypes that win in irrigated, drought, or heat environments, as well as a subset that combines high
mean yield with broad stability across all stress scenarios (Ram et al., 2020). Similar AMMI/GGE analyses in
irrigated versus terminal heat-stress environments indicate that some elite lines are specifically adapted to heat,
while others show both above-average yield and high stability across contrasting moisture and temperature
regimes.

Beyond individual trials, site conditions determine the magnitude of hydrothermal yield penalties. In Germany,
combined heat-drought indices during the reproductive phase have the highest explanatory power for yield loss,
with poor sites (low soil quality, lower precipitation) suffering two- to three-fold larger reductions than
high-quality, high-rainfall locations under comparable stress (Riedesel et al., 2024). Meta-environment analyses of
bread and durum wheat under normal, heat, and drought conditions also reveal complex genotype responses in
quality traits and micronutrients, yet identify genotypes that maintain yield and nutritional stability across stress
environments.

Across climatic zones, management responses in wheat are tightly conditioned by regional temperature, radiation,
and precipitation regimes, with optimized water-nutrient-sowing strategies substantially narrowing yield gaps.
Soil type and its physicochemical status regulate yield formation by controlling yield components and mediating
the benefits of management inputs and organic amendments. Under varying hydrothermal conditions, both
genotype choice and site quality govern yield stability, emphasizing the need to combine statistical GXE analysis
with site-specific soil and climate information when designing management practices.

8 Case Study: Comparative Analysis of Typical Management Systems on Yield Structure

8.1 Characteristics of high-input intensive management systems

High-input intensive wheat systems are typically defined by full irrigation and relatively high nitrogen (N) rates,
designed to maximize grain yield, grain protein and water productivity. Global and regional meta-analyses show
that N addition generally increases grain yield by about 15% and water productivity by around 10%, with optimal
responses often at 100-200 kg-N-ha™! under humid or irrigated conditions (Wang et al., 2023). In arid zones with
drip or micro-sprinkler irrigation, full evapotranspiration replacement combined with high N rates (e.g., 238
kg-N-ha™) increased grain yield, biological yield and seed index, and raised crop water productivity by more than
20% relative to lower N inputs (Figure 3) (Abdelrhman et al., 2025).

Environmental Consequence Pathways of Excessive Irrigation
and High Nitrogen Input in Wheat-Maize Rotation Systems
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Figure 3 Environmental consequence pathways of excessive irrigation and nitrogen inputs in wheat-based cropping systems,
highlighting leaching, groundwater depletion and greenhouse gas emissions
122


http://bioscipublisher.com/index.php/cmb

—
-

\
Computational Molecular Biology 2026, Vol.16, No.2, 114-128

BioSei Publisher- http://bioscipublisher.com/index.php/cmb

However, intensive management also increases risks of groundwater depletion, nitrate leaching and greenhouse
gas emissions if water and N exceed crop demand. In a long-term simulation-experiment framework, excess
irrigation and N in wheat-maize rotations led to higher deep percolation and N leaching, requiring careful tuning
of irrigation timing and total N to maintain yield while limiting losses (Xu et al., 2020). A global synthesis
likewise highlighted that higher N doses, especially beyond 200 kg-ha™, may reduce nitrogen use efficiency and
aggravate environmental burdens, underscoring the need to balance productivity against resource and
environmental costs in high-input systems (Wang et al., 2023).

8.2 Comparative analysis of water-saving and reduced-fertilizer production systems

Numerous field trials show that moderate reductions in irrigation and N can sustain or even enhance yield while
improving resource use efficiency. Under spring wheat in Northwest China, reducing irrigation from 750 to 600
mm and N from 300 to 225 kg-ha™! maintained dry-matter yield and increased grain yield by 12.9% in one year,
while markedly improving water and N use efficiency and economic returns compared with farmers’ higher-input
practice (Kamran et al., 2023). Similarly, in a drip-irrigated system, deficit irrigation at 75% ETc combined with
170 kg-N-ha™ achieved the highest grain yield and water- and nitrogen-use efficiencies, with structural equation
modeling indicating that N contributed over 65% of the yield gain relative to rainfed, unfertilized controls (Lu et
al., 2021).

At system scale, alternative water-fertilizer-saving patterns can match conventional yields with lower inputs. In a
four-year wheat-maize study in the North China Plain, supplemental drip irrigation at key stages plus 60% of
recommended N (272 kg-ha™ yr') produced similar double-crop yields and net income to traditional surface
irrigation with 453 kg-N-ha™ yr!, while increasing WUE, N use efficiency and reducing N loss (Li et al., 2023). A
regional meta-analysis for the North China Plain further showed that deficit irrigation combined with optimized N
splitting and partial organic substitution improved yield, N use efficiency and water use efficiency, with an
optimal 7:3 inorganic-organic ratio under moderate irrigation (Wang et al., 2025).

8.3 Regional validation of ecologically adaptive cropping systems

Ecologically adaptive systems integrate crop diversification, conservation practices and input optimization to
enhance yield stability and ecosystem services across regions. A review of eco-friendly wheat practices reported
that low-input and organic systems generally reduce average yields relative to conventional, yet can deliver
competitive and stable production when tailored to cultivar traits, soil agrochemistry and climate, especially under
conservation tillage and diversified rotations (Rebouh et al., 2023). Long-term comparisons in Europe and North
America illustrate this gradient: conventional systems averaged 6.96 t ha™' with 163 kg mineral N, versus 5.94 t
ha™ under low-input and 4.15 t ha™ under organic management, highlighting a clear yield-input trade-off that
must be regionally calibrated.

More integrative regional assessments identify “positive deviant” systems that already combine high productivity
with reduced environmental footprints. In wheat-maize double cropping on the North China Plain, 16% of
surveyed farms were Pareto-optimal across seven sustainability indicators; these systems achieved 17% higher
dietary energy output and 49% higher gross margins while lowering groundwater depletion, N loss and
greenhouse gas emissions by roughly one-third to one-half compared with other farms (Liang et al., 2022). Key
distinguishing practices included lower N in wheat, fewer irrigations, partial manure substitution and reduced
pesticide use, demonstrating that regionally validated, ecologically adaptive prototypes can emerge from existing
farmer practice rather than purely experimental designs.

9 Optimization Strategies and Regulatory Mechanisms for High-Yield Wheat Management

Studies on nitrogen timing and level show that yield components are highly plastic and can be steered through
targeted fertilization regimes. Early and higher N inputs mainly increase grain number via more spikes, spikelets
per spike and grains per spikelet, whereas delayed N tends to reduce grain number but increases grain weight,
creating a managed trade-off between sink size and grain filling. The very large plasticity of grains per spike and
grain number compared with grain weight suggests that management should first secure a high grain number and

then avoid excessive late N that only increases grain size at the expense of total yield. Component-level analyses
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under different water-N and cultivation modes further clarify thresholds for optimizing spike number and grains
per spike. In the Huang-Huai Plain, yields below about 7.5 t ha™ depend on jointly increasing spike number and
grains per spike, while higher yields rely mainly on further increasing grains per spike through rapid pre-anthesis
dry-matter accumulation. Both spike and non-spike dry matter and nitrogen before anthesis show strong positive
relationships with grains per spike, whereas excessive N allocation to spikes reduces grain number, indicating that
balanced N distribution between spike and vegetative organs is critical for optimizing the main yield component.

Water-nitrogen combinations create strong synergies in both production and resource-use traits. On the North
China Plain, factorial irrigation-N experiments showed that both inputs increased total water use, but also
intensified water consumption during grain filling and enhanced soil water use, with a clear positive synergy
between crop water productivity and nitrogen-use efficiency across treatments. Decomposing nitrogen-use
efficiency revealed that this synergy was driven mainly by higher nitrogen uptake efficiency rather than utilization
efficiency, particularly where irrigation increased both pre- and post-anthesis N assimilation into grain. Similar
interaction mechanisms appear under more complex management matrices that include planting pattern and
density. In a semi-humid but drought-prone region, ridge-furrow planting with plastic film, moderate
supplementary irrigation, and medium plant density significantly improved grain yield, water productivity,
agronomic N-use efficiency and net income compared with flat planting or sub-optimal densities. These effects
arose from interactive gains in soil water consumption, population N uptake and effective panicle number per unit
area, demonstrating that coordinated adjustment of canopy structure and soil water capture can synchronize water
and N supply with the formation of spikes and grains.

Long-term integrated management strategies illustrate how multiple levers can be combined into robust high-yield
systems. In North China, integrated soil and crop system management that delayed sowing, increased seeding rate
and optimized fertilization and irrigation achieved yields within about 4-5% of an input-intensive “high-yield”
treatment, while markedly increasing nitrogen-use efficiency, water productivity and N balance. A related strategy
using higher seeding rate, slightly delayed sowing and re-timed N topdressing similarly produced yields close to
the maximum treatment but with much higher NUE and net profit, indicating that coordinated adjustment of
sowing date, plant density and N partitioning can support both high yield and economic efficiency. At regional and
systems scales, integrated crop management (ICM) and eco-friendly practices provide a broader template for
stable high production. Global evidence shows that ICM can raise wheat yields by roughly 16-30% through
site-specific nutrient management, conservation tillage, and complementary pest and disease control, while
reducing excessive N use and environmental risk. Reviews of eco-friendly wheat systems further emphasize that
stable high yields require normative strategies that jointly consider cultivar traits, crop rotation, reduced tillage,
biological protection and soil agrochemical status, so that management buffers climatic variability while
sustaining yield components across seasons.
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Abstract Temperature is one of the most critical environmental factors affecting the growth, development, and productivity of
greenhouse tomatoes. This paper systematically reviews and analyzes the relationship between temperature dynamics and tomato
yield formation under protected cultivation conditions. The study summarizes the physiological mechanisms through which
temperature regulates photosynthesis, respiration, flowering, fruit set, and stress responses during different growth stages. In addition,
the characteristics of greenhouse microclimates and the interactions between temperature, humidity, light, and CO2  are discussed.
Various modeling approaches, including statistical regression models, process-based crop models, and machine learning algorithms,
are evaluated for their ability to predict tomato yield under variable temperature conditions. The paper also examines methods for
model calibration, validation, and performance assessment using multi-season datasets. Several case studies are presented to
demonstrate the practical applications of temperature-yield models in greenhouse management and precision agriculture. Finally, the
challenges, limitations, and future prospects of intelligent temperature regulation and climate-adaptive modeling are highlighted to
support sustainable greenhouse tomato production.

Keywords Greenhouse tomato; Temperature dynamics; Yield prediction; Crop growth model; Precision agriculture

1 Introduction

Greenhouse tomato production has become essential for ensuring stable, year-round supply while making efficient
use of land, water, and energy. Within these protected systems, temperature is a primary driver of plant
development, resource use, and ultimately yield, and its role is intensifying under climate change and more
frequent heat extremes (Kiirklii et al., 2025). Elevated temperatures and longer hot seasons already reduce yield,
force higher cooling and irrigation demands, and complicate climate control in commercial greenhouses. At the
same time, the greenhouse structure creates opportunities to actively manage temperature and to exploit its
buffering capacity, provided that quantitative relationships between temperature regimes and tomato yield are well
understood (Flores-Veldzquez et al.,, 2022). Developing models that link temperature dynamics to yield is
therefore important for climate-resilient design, control, and strategic planning in greenhouse tomato systems.

Over the past decades, numerous experimental and monitoring studies have examined tomato responses to
greenhouse temperature. Work in high-tech and plastic houses shows that small but persistent temperature
differences within a single compartment (on the order of 3 °C in daily averages) can significantly alter stem
growth, fruit growth, and truss mass, even when bulk climate appears uniform (Salagovi¢ et al., 2024.
Experiments manipulating air or soil temperature demonstrate substantial effects on photosynthesis, dry-matter
accumulation, quality traits, and yield, with warmer root zones or air generally increasing yield and water
productivity up to an optimum, beyond which heat stress causes losses (Efeta et al., 2025). Heat-stress trials
further reveal strong genotype-dependent yield declines and quality changes, underscoring the importance of
temperature thresholds and exposure duration around flowering and fruit set. Recent climate-change-oriented
studies highlight that extreme high temperatures in commercial greenhouses already cause substantial yield losses
(often >10%) and sharply increase resource use, confirming temperature as a critical vulnerability factor in
modern soilless systems.
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On the modeling side, several frameworks explicitly integrate temperature into greenhouse tomato yield
prediction. Dynamic crop models such as TOMGRO represent organ initiation and growth via
temperature-responsive source-sink processes, calibrated under controlled temperature, CO- and light conditions,
and have been proposed as tools for environment control decisions (Higashide, 2022). Yield models developed for
model-based greenhouse design implement literature-based temperature effects on yield and reproduce responses
under both near-optimal and sub-optimal regimes, including extreme diurnal oscillations in contrasting climates.
Spatially explicit approaches combining geostatistics with crop growth models show that ignoring
intra-greenhouse temperature heterogeneity can bias simulated development rates and yield, particularly between
central zones and sidewalls. More recently, integrated climate-and-yield models for specific greenhouse types,
such as Chinese solar greenhouses, have been validated against multi-site experiments and used to explore design
and operational scenarios, again emphasizing indoor air temperature as a key determinant of predicted yield (Zhou
et al., 2025).

Against this background, the present study focuses on modeling the relationship between temperature and tomato
yield in greenhouse systems. The first objective is to quantify how different descriptors of temperature
regimes-such as daily mean, diurnal amplitude, spatial gradients, and the frequency and duration of supra-optimal
events-affect yield and its components under realistic microclimate variability. The second objective is to
incorporate these relationships into a modeling framework suitable for coupling with greenhouse climate models
and control strategies, building on existing dynamic and design-oriented yield models while simplifying where
necessary for operational use. The central hypotheses are that: (i) tomato yield in greenhouses is a non-linear
function of both average temperature and exposure to critical heat or cold thresholds at sensitive stages; (ii)
explicit representation of intra-greenhouse temperature variation improves yield prediction compared with models
using only bulk climate; and (iii) a temperature-focused yield model can support evaluation of design options and
climate-control strategies under current and future climate conditions.

2 Physiological Basis of Temperature Effects on Tomato Growth and Yield
2.1 Temperature regulation of photosynthesis and respiration

Tomato photosynthesis operates optimally within a moderate temperature range; deviations in either direction
impair carbon gain and growth. Greenhouse and field studies show that high air temperatures, especially above
about 38-40 °C, reduce net photosynthetic rate, stomatal conductance and ultimately fruit yield, reflecting damage
to both CO: assimilation and water relations over time (Figure 1) (Liu et al.,, 2023). Sub-high temperature
combined with high light (35 °C, 1000 pmol-m™-s7") sharply decreased net photosynthetic rate, Rubisco activity,
PSII and PSI quantum yields, while increasing non-regulated energy dissipation and ROS accumulation,
indicating irreversible photoinhibition of both photosystems when thermal and light loads coincide (Talukder et al.,
2025).

Lower temperatures also limit photosynthesis by depressing chlorophyll content, electron transport and
chlorophyll fluorescence parameters, resulting in reduced dry matter accumulation and yield (Zhang et al., 2023).
Under sub-optimal day/night regimes around 15/10 °C, sensitive cultivars show greater reductions in fresh weight,
chlorophyll content, Fv/Fm and electron transport rate than tolerant ones, whereas tolerant genotypes maintain
higher soluble sugars and proline, supporting photochemistry and osmotic balance. Soil temperature interacts with
shoot processes: moderate soil warming to about 26 °C increased leaf assimilation rate, chlorophyll, dry matter
and yield in greenhouses, while also stimulating soil respiration and microbial biomass, suggesting coordinated
temperature effects on root function and canopy photosynthesis.

Respiration is likewise temperature sensitive, affecting carbon use efficiency and growth. Analyses of tomato

under high temperature indicate that respiration rates and growth rates shift together, with elevated temperatures

increasing metabolic rates but also reducing metabolic efficiency and substrate carbon use (Alsamir et al., 2020).

Nighttime respiratory costs interact with daytime photosynthesis to determine net biomass gain, and high night

temperatures have been highlighted as critical constraints in warm greenhouse climates (Sato et al., 2006).

Evaluations in solar greenhouses show that water-use efficiency at the leaf level is highest at 20-30 °C, beyond
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which heat shock reduces photosynthesis more than transpiration, lowering carbon gain per unit water and
contributing to yield losses under hot conditions.
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Figure 1 Conceptual diagram illustrating the effects of low and high temperature stress on tomato photosynthesis, photochemical
efficiency, and yield formation

2.2 Effects of day/night temperature on flowering and fruit set

Tomato reproductive development is particularly sensitive to relatively small increases in mean day/night
temperature. When day/night temperatures rose moderately from 28/22 °C to 32/26 °C, vegetative growth and
photosynthesis remained largely unchanged, but fruit set, pollen viability and pollen release declined markedly,
demonstrating that reproductive processes fail before canopy carbon assimilation under moderate heat (Sato et al.,
2006). In controlled phytotron experiments across 20/24 to 27/37 °C night/day regimes, flowering and fruiting
were normal at cooler treatments, but fruit set dropped sharply at 24/32 °C and nearly disappeared at 27/37 °C in
most genotypes, underscoring the narrow thermal window for successful fertilization (Yadav et al., 2014).

Night temperature emerges as a key determinant of reproductive success. Work separating day and night effects
shows that high night temperature (>26 °C) at flowering is more detrimental to fruit set than a similar increase in
day temperature, even when day temperature is already high. Earlier controlled-environment studies with 26 °C
days and 18-26 °C nights reported that total and normal pollen production, seed content, and flower and fruit
numbers on the first cluster were all higher at 18-22 °C nights than at 24-26 °C, although pollen germination in
vitro could be favored at warmer nights, highlighting a complex trade-off between pollen formation and
performance. Under fluctuating ambient day/night conditions in hydroponic summer production, early and late
summer regimes with lower mean temperatures produced more flower clusters, fruits and higher yields than
mid-summer regimes with warmer nights, again indicating that modest nocturnal warming can substantially
depress reproductive efficiency and yield.

2.3 Heat and low-temperature stress mechanisms in greenhouse tomatoes

High temperatures in greenhouses trigger a cascade of morphological, physiological and reproductive
disturbances that reduce yield and fruit quality. Reviews of tomato heat stress describe substantial flower abortion,
up to about 80 % loss under severe episodes, along with impaired pollen viability and root growth, which together
reduce fruit set and marketable yield (Alsamir et al., 2020). Experimental comparisons of high-temperature and
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control greenhouses show decreased stem diameter, plant height and fresh weight, elevated electrolyte leakage,
lower relative water content, reduced photosynthetic efficiency and increased malondialdehyde, together with
accumulation of phenolics, flavonoids and lycopene, consistent with membrane damage and activation of
antioxidant defenses under chronic heat (Sellami and Kooli, 2026).

At the reproductive level, moderate but sustained temperature elevation during a critical pre-anthesis window
disrupts specific metabolic processes in the androecium. Under 32 °C/26 °C, androecial glucose and fructose
decline while sucrose increases, coinciding with reduced acid invertase transcript abundance, altered sugar
metabolism and sharply reduced fruit set despite unchanged pollen production. Proline transporter expression on
the microspore surface also falls under these conditions, suggesting impaired osmoprotection and turgor
regulation in developing pollen. Conversely, screening of contrasting genotypes under high temperature in
greenhouses reveals that tolerant cultivars can maintain fruit weight or even improve fruit hardness, whereas
susceptible ones show large decreases in fruit size components, highlighting genotypic differences in maintaining
reproductive function and fruit quality under heat (Rajametov et al., 2021).

Low temperature stress in greenhouse tomatoes also induces multi-level responses affecting both vegetative and
reproductive stages. Reviews of cold responses report delayed flowering, enhanced pollen sterility and strong
reductions in fruit set and yield, alongside decreased photosynthetic capacity due to impaired gas exchange,
pigment content and chloroplast function (Yadav et al., 2021). Detailed analyses of sub-optimal day/night
temperatures show that sensitive cultivars display greater declines in Fv/Fm, photochemical quenching and
biomass than tolerant ones, while tolerant genotypes maintain higher levels of osmolytes such as soluble sugars
and proline that support ROS scavenging and membrane stability. At the root level, exposure to low root-zone
temperature (around 10 °C) reduces root activity, water and nutrient supply to shoots, lowers photosynthesis and
chlorophyll fluorescence, and triggers accumulation of hydrogen peroxide, malondialdehyde and proline; only
partial recovery occurs after re-warming, indicating lasting damage to the photosynthetic apparatus and growth
potential (Zhang et al., 2023). Collectively, these mechanisms explain why both heat and cold episodes in
greenhouses can depress tomato yield and underscore the importance of modelling temperature effects across this
full stress spectrum.

3 Greenhouse Environmental Characteristics and Temperature Dynamics
3.1 Temperature distribution and microclimate formation in facilities

Air temperature in greenhouses is far from uniform, even when a single central sensor suggests a stable “bulk”
climate. Multi-year monitoring in commercial tomato greenhouses has revealed horizontal gradients of up to
about 3 °C in daily average temperature and 0.6 kPa in vapour pressure deficit (VPD), driven by structure, airflow
patterns, and crop canopy (Salagovi¢ et al., 2024). These small but persistent differences translated into
measurable variability in stem growth, fruit growth rate, and truss mass between locations, indicating that
microclimate heterogeneity can meaningfully affect yield. Similar work in single- and multi-span houses reported
horizontal temperature differences on the order of 1 °C between center and sides, confirming that assumptions of
homogeneous air conditions are unrealistic for modern structures and should be revisited in energy and climate
calculations (Ogunlowo et al., 2021).

Vertical stratification further complicates the thermal environment, particularly in tall or large-span facilities. A
combined experimental-numerical study in a plastic greenhouse found that air near the roof could be more than
13 °C warmer than air lower in the crop zone at midday, with much smaller differences in the morning (Li et al.,
2024). Computational fluid dynamics simulations that explicitly account for crop transpiration and optical effects
show that plant canopies can increase temperature standard deviation by more than 30% compared with
bare-structure assumptions, and that the hottest air often resides just below the roof where solar gains concentrate
(Xu et al., 2022). Field studies in low-automation Mediterranean tomato houses report horizontal differences up to
7 °C-10 °C at certain times, highlighting how limited ventilation and solar load interact to create spatially complex
microclimates that challenge single-point monitoring strategies.
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3.2 Interaction between temperature, humidity, CO:, and radiation

Temperature in greenhouses co-varies tightly with relative humidity and VPD, shaping plant responses more than
any single variable alone. Microclimate monitoring in commercial tomato systems showed that zones with slightly
higher temperatures tended also to exhibit higher VPD, and these combined conditions influenced local growth
and fruit development more strongly than either driver considered independently. A detailed sensor-network study
using an loT-based “optimality degree” index quantified how diurnal swings in temperature of nearly 15 °C
between day and night were accompanied by large changes in RH and VPD, often driving the climate outside
tomato comfort ranges for substantial portions of the day (Rezvani et al., 2020). In warm seasons, natural
ventilation alone was insufficient to prevent thermal inversion, leading to high humidity and sub-optimal VPD at
night even as daytime conditions became too hot and dry, underscoring the need to manage temperature and
humidity jointly rather than in isolation.

Radiation and CO: further modulate how temperature and humidity translate into crop performance. Reviews of
greenhouse horticulture under climate change in the Mediterranean emphasize that rising temperature, declining
RH, increasing VPD and modified solar radiation typically act together, often pushing microclimates beyond
optimal thresholds for photosynthesis, transpiration, and reproductive development (Fanourakis et al., 2025). In
such conditions, high radiation loads during heat events can exacerbate canopy temperature and water demand,
while CO: enrichment or shading and cooling strategies may partially offset stress but also alter energy and water
use. Process-based and data-driven crop models increasingly incorporate temperature, humidity (via stomatal
conductance or VPD), CO: and shortwave radiation as coupled drivers, demonstrating that realistic prediction of
biomass or yield requires capturing interactions among all four rather than simple temperature sums alone (Sun et
al., 2025).

3.3 Seasonal and regional variations in greenhouse temperature regimes

Seasonal shifts in outside climate strongly reshape greenhouse temperature regimes and their suitability for tomato
production. Long-term microclimate monitoring in tomato greenhouses has shown distinct spring-summer-autumn
patterns, with larger intra-house gradients and more frequent exceedance of high-temperature thresholds during
summer, even when the annual mean appears acceptable. An IoT-based assessment in Iran quantified “optimality
degrees” for temperature, RH and VPD and found that winter months achieved higher overall optimality, largely
because heating systems maintained conditions near target ranges, whereas in summer the lack of automated
cooling produced long periods with daytime temperatures above 34 °C and night temperatures below 17 °C,
unsuitable for tomato growth (Figure 2) (Rezvani et al., 2020). Numerical analyses of soilless glasshouses in
North Africa similarly demonstrated strong seasonal effects on indoor profiles, with differences in roof-level
temperatures between crop and no-crop scenarios narrowing but not eliminating the impact of external seasonal
forcing (Abid et al., 2024).

Regional climate also determines baseline greenhouse temperature challenges and thus the design of appropriate
control strategies. A systematic review across climatic zones reported that optimal tomato production in
Mediterranean and arid regions typically requires carefully controlled ranges around 18-25 °C, with rising
ambient temperatures reducing yields by more than half in some simulations when air temperatures approach
35 °C (Nitu et al., 2025). Survey-based evidence from high-tech soilless tomato greenhouses in Tiirkiye showed
that extreme heat events during one season led to yield losses averaging 12.5%, alongside substantial increases in
water, fogging, fertilizer and electricity use, and widespread reports of difficulty in climate control (Kiirklii et al.,
2025). In colder regions, solar or soft-shell greenhouses can increase average indoor temperatures by 10 °C-15 °C
above outdoors during winter, greatly reducing low-temperature stress but at the cost of pronounced diurnal
swings that must be managed to avoid humidity problems and localized stress hotspots. Across structures, seasons
and regions, greenhouse temperature dynamics emerge from interacting structural, radiative and airflow processes,
tightly coupled with humidity, CO: and radiation. Spatial heterogeneity and seasonal-regional contrasts are large
enough to influence tomato growth and yield, indicating that both empirical analysis and modeling of
temperature-yield relationships must explicitly represent microclimate patterns rather than rely on single-point or
season-average conditions.
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Figure 2 Seasonal variation in greenhouse tomato microclimate conditions, including temperature, relative humidity, and vapor

pressure deficit across spring, summer, autumn, and winter periods

4 Tomato Yield Formation and Temperature Sensitivity

4.1 Yield components of greenhouse tomato

Tomato yield in greenhouse systems is determined by the interaction of fruit number, fruit size, and fruit dry
matter content, all of which are sensitive to temperature. Yield components such as flower number, fruit set, and
number of fruits per plant have been repeatedly proposed as primary markers of performance under heat, because
they directly reflect reproductive success under stressful thermal regimes (Ghabileh et al., 2024). In many
screening and physiological studies, genotypes that sustain higher fruit set and fruit number under high
temperature also maintain higher overall yield, indicating that temperature sensitivity of these components largely
controls production potential (Ro et al., 2021).

Fruit size and mass are additional key components shaping final yield. High temperature in greenhouses
commonly reduces fruit weight, diameter, and firmness, with reported declines in susceptible cultivars of more
than 30% in fruit weight compared with normal temperature conditions (Rajametov et al., 2021). Experimental
increases of mean temperature by only a few degrees during fruit development have also been shown to reduce
fruit size and alter sugar-acid balance, demonstrating that relatively small thermal shifts can reshape both
quantitative and qualitative yield traits. At the same time, modeling and dry-matter studies in greenhouse tomato
indicate that high yields are associated with improved total dry-matter production and efficient partitioning to
fruits, suggesting that temperature effects on canopy photosynthesis and source-sink balance feed through to both
fruit number and fruit size.

4.2 Critical temperature thresholds during different growth stages

Temperature thresholds governing tomato yield are strongly stage-dependent, with the reproductive phase
showing the greatest sensitivity. Reviews of heat stress in tomato identify upper threshold temperatures around
30 °C-35 °C as critical for many processes, noting that temperatures above about 35 °C can inhibit seed
germination, vegetative growth, flowering time and fruit set (Lee et al., 2022). In commercial protected cultivation
in hot Mediterranean summers, mean daily temperatures of 25 °C-26 °C already appear to represent an upper limit
for proper fruit set and yield, with even modest reductions of 1 °C-1.5 °C and higher humidity improving pollen

viability and fruit set rates (Harel et al., 2014).
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Flowering and early fruit set are especially vulnerable to exceedance of these thresholds. Controlled and field
experiments consistently show that prolonged daytime or nighttime temperatures above about 32 °C/20 °C
(day/night) during the reproductive phase reduce fruit set and fruit weight, leading to significant yield losses
(Miller et al., 2021). Studies of pollen performance under episodes of 30 °C-34 °C or short heat shocks around
anthesis report sharp declines in pollen viability, germination, and tube growth, which then translate into lower
seed set and smaller fruit mass (Zepeda et al., 2026). Conversely, work on optimal ranges and growth-stage
specific limits indicates that night temperatures above roughly 21 °C can already discriminate heat-tolerant from
heat-sensitive cultivars, emphasizing that even moderate nocturnal warming beyond cultivar-specific thresholds
during flowering can markedly depress yield formation.

4.3 Relationship between temperature accumulation and yield stability

Beyond instantaneous thresholds, tomato yield stability in greenhouses reflects the cumulative exposure to
supra-optimal or sub-optimal temperatures over the season. Long-term heat stress experiments under greenhouse
conditions show that yield loss increases with the duration of exposure: cherry tomato accessions subjected to
elevated day set-points for more than 50 days exhibited progressive reductions in harvest index and fruit yield,
with some genotypes losing over 40% of yield relative to controls (Park et al., 2023). Recent modeling work
combining greenhouse climate projections with morphological yield models similarly demonstrates that future
scenarios with 1-8 °C warming and longer hot seasons can decrease yield in heat-sensitive accessions while
slightly increasing or stabilizing yield in more heat-resilient ones, highlighting the role of accumulated heat load
in determining long-term yield trajectories (Kim et al., 2025).

Temperature accumulation interacts with developmental timing to shape yield stability. A mechanistic model of
seed set and fruit mass that incorporates short periods of low (14 °C) and high (30 °C-34 °C) temperature shows
that both the level and duration of deviation from the optimum critically affect pollen quality, seed set, and
resulting fruit mass, with repeated or longer stress episodes causing cumulative reductions in fruit number and
size on a truss (Zepeda et al., 2026). Multi-environment trials comparing performance under optimal field,
high-temperature field, and high-temperature greenhouse conditions further confirm that yield stability differs
strongly among genotypes: some maintain relatively constant fruit set and yield across environments, while others
exhibit steep declines under repeated high-temperature episodes (Ro et al., 2021). Together, these findings support
the use of temperature sums or heat-stress indices over sensitive stages as key predictors of yield stability in
greenhouse tomato production.

5 Data Acquisition and Experimental Design
5.1 Experimental materials, greenhouse conditions, and cultivation management

Greenhouse tomato studies typically specify cultivar choice, planting density, and structural characteristics to
ensure reproducibility and to contextualize yield responses. Experiments on cherry tomato ‘Cheramy F1’ in winter
greenhouses used a randomized complete block design with split plots, three rows and three replications, with
three plants sampled per row, capturing variability over two consecutive seasons (Arshad et al., 2024). Within this
structure, the internal climate ranged from about 8-41 °C across vegetative and fruiting stages, with CO- between
roughly 386-510 ppm and light intensity from about 95-240 W m™2, providing a broad envelope of temperature
regimes for modeling. Other greenhouse trials with large-fruited cultivars have similarly defined plot structure
through factorial or split-split plot designs, for example combining cultivar, grafting and plant density (3.5 vs. 5.5
plants m™) in hydroponic organic systems to test management interactions under hot, humid conditions (Dash et
al., 2023).

Representative experimental work also reports greenhouse size, location, and baseline climate. A Ghanaian study

used a 270 m? greenhouse at a defined latitude, planting tomato ‘Anna F1’ in a 3x3 factorial of spacing and

topping treatments, with temperature and relative humidity maintained between 24 °C-32 °C and 63%-80% during

the experiment. Orientation and row spacing have been explicitly treated as design variables in Chinese solar

greenhouses, where north-south versus east-west orientations and 1.4-1.8 m row spacings were compared to

analyze effects on canopy light interception, growth, and yield (Li et al., 2024). Fertilization and soil or substrate
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management regimes are usually standardized within each trial; for example, integrated fertilization-tillage
experiments in greenhouses applied defined NPK formulations and organic amendments across rotary tillage and
plowing systems, and quantified biometric and yield traits under each treatment (Avasiloaiei et al., 2025).
Together, such designs provide a template for specifying cultivars, structure, and management in
temperature-yield modeling studies.

5.2 Temperature monitoring technologies and sensor deployment

Capturing temperature-yield relationships requires dense, reliable microclimate measurements rather than
single-point records. Multi-year monitoring in commercial tomato greenhouses deployed multiple
temperature-humidity sensors within the crop canopy, revealing spatial gradients up to about 3 °C in daily mean
temperature and 0.6 kPa in vapour pressure deficit between locations, and linking these to local differences in
stem and fruit growth (Salagovi¢ et al., 2024). Sensor networks are increasingly wireless: several studies describe
custom wireless nodes or IoT platforms integrating temperature, relative humidity and sometimes CO- and light
sensors, distributed at multiple horizontal positions and heights to resolve microclimate structure (Kolapkar and
Sayyad, 2021). Such systems reduce cabling, facilitate relocation of nodes, and have been shown to detect
microclimate layers between lower and upper canopy, as well as climate disturbances near walls or vents.

Recent work has combined distributed sensing with data fusion and model-based indices. In an Iranian
commercial tomato greenhouse, a grid of 20 LoRaWAN wireless sensor nodes was installed on two horizontal
planes at different heights, while an external weather station recorded outdoor conditions. Sensor calibration and
validation were conducted offline in MATLAB/Simulink, and microclimate data were translated into an
“optimality degree” index between 0 and 1 for temperature, RH and VPD, enabling direct assessment of how far
local conditions deviated from crop comfort zones. Other wireless monitoring systems integrated fruit diameter
sensors with 802.15.4-based temperature and radiation nodes and transmitted data via GPRS, achieving mean
absolute temperature differences of only about 0.6 °C compared with wired systems, and data loss below 1%.
Complementary approaches, such as compliant “plant wearables” measuring temperature and humidity directly on
leaf surfaces, illustrate emerging options for ultra-localized microclimate characterization within greenhouse crops
(Nassar et al., 2018).

5.3 Yield data collection and statistical preprocessing methods

Tomato yield data in greenhouse experiments are generally collected at plant or area level using standardized
protocols, then subjected to statistical analysis and, in modeling studies, further preprocessing. Many agronomic
trials quantify number of fruits per plant, individual fruit weight and total yield (e.g., t-ha™ or g-plant™) at one or
more harvests, often alongside traits such as fruit size, firmness, soluble solids, and dry matter (Avasiloaiei et al.,
2025; Ugbe et al., 2025). In cultivar or spacing-topping trials under greenhouse conditions, randomized or
randomized complete block designs with three or more replications are analyzed using analysis of variance, with
significance judged at p < 0.05 and treatment means separated by least significant difference or similar procedures.
Microclimate-growth studies add growth rates of stems and fruits or truss mass at harvest, relating these to local
temperature and VPD conditions over defined periods.

For data-driven modeling of temperature-yield relationships, more elaborate preprocessing is required.
Yield-prediction studies using artificial neural networks and other machine-learning methods typically assemble
datasets that combine environmental descriptors, management variables, and yield as inputs and outputs, then
partition data into training and validation sets (Peng et al., 2023). A recent solar-greenhouse study compiled 390
datasets across multiple regions, each including planting density, organic and inorganic N, P, K rates, and effective
accumulated temperature, with greenhouse tomato yield as the response; these variables were scaled and classified
into different soil fertility levels before being used in neural-network models. In UAV-based yield prediction,
ultra-high-resolution imagery was processed into hundreds of plant-level variables (e.g., means and higher-order
statistics of vegetation indices), then reduced using feature-selection algorithms before model fitting (Tatsumi et
al., 2021). Across these approaches, standard error metrics such as mean squared error, mean absolute error and
coefficient of determination are calculated to evaluate predictive performance and to support sensitivity analysis
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of which environmental and management factors, including temperature descriptors, most strongly influence
modeled greenhouse tomato yield.

6 Modeling Approaches for Temperature-Yield Relationships
6.1 Statistical regression models for yield prediction

Statistical regression remains a fundamental approach to quantifying relationships between temperature variables
and tomato yield or its components in controlled environments. In greenhouse cherry tomato under prolonged heat
stress, polynomial regression was used to relate external weather (solar radiation, maximum and minimum
temperature) to in-house temperature and humidity, forming a climate sub-model that then fed a growth-yield
model comparing heat-resilient and heat-sensitive accessions (Kim et al.,, 2025). This type of regression
framework allows explicit estimation of how projected temperature increases of 1 °C-8 °C and longer hot seasons
modify yield, and highlights contrasting harvest index responses between genotypes under future climate
scenarios.

Regression has also been embedded in broader yield-prediction pipelines as a relatively transparent, data-efficient
alternative to complex Al models. In industrial tomato, a platform evaluated multiple algorithms and ultimately
selected Ridge regression to predict open-field yield from hybrid and in-season environmental data, achieving
prediction errors acceptable to producers and demonstrating that linear penalized models can capture much of the
climate-yield signal when sufficient multisite data are available (Kasimatis et al., 2025). Polynomial and
multivariate linear regression have similarly been used to approximate nonlinear links between external climate
and greenhouse temperature and humidity, with R? values above 0.8-0.9 for maximum and minimum temperature,
providing statistically robust climate inputs for subsequent tomato yield modeling under both control and heat
conditions.

6.2 Process-based crop growth models

Process-based crop models represent temperature effects mechanistically through development rates,
photosynthesis, and dry-matter partitioning. The TOMGRO model, a dynamic, source-sink framework based on
differential equations, simulates initiation, expansion and senescence of leaves, stems and fruits in response to
greenhouse temperature, CO: and light; calibration in controlled environments showed that TOMGRO can
accurately reproduce observed differences in growth and yield under contrasting temperature regimes, making it
suitable for environment-control decisions. Extensions and related models such as TOMSIM and Vanthoor’s
greenhouse climate-yield model further decompose temperature impacts on processes including truss appearance
rate, fruit growth period and dry-matter partitioning, and have been validated across locations with near-optimal
and non-optimal temperature and radiation conditions (Figure 3) (Gong et al., 2021).

Cardinal-temperature-driven models refine these process representations by explicitly encoding temperature
thresholds for phenology and yield formation. The CROPGRO-Tomato model was improved by updating species
coefficients for cardinal temperatures governing pre- and post-anthesis development, leaf appearance,
photosynthesis, fruit set and fruit growth, based on recent controlled-temperature experiments (Boote et al., 2012).
Recalibration and evaluation against multi-site field data substantially reduced RMSE for leaf area index, fruit
number, biomass and fruit dry weight, resulting in Willmott d indices above 0.92 and enabling more reliable
prediction of tomato growth and yield responses to temperature change. More recently, an integrated greenhouse
yield prediction model combined TOMGRO and Vanthoor structures, using sensitivity analysis and Bayesian
optimization to adapt parameters to specific facilities; when tested against four years of greenhouse data, the
integrated model produced much lower RMSE than either parent model, indicating that hybridization of
process-based schemes can improve robustness under varying temperature regimes (Lin et al., 2019).

6.3 Machine learning and artificial intelligence approaches

Machine learning and Al approaches increasingly complement or replace traditional models for predicting tomato
yield or temperature-driven intermediates. A systematic review of tomato-yield ML models found that about
two-thirds of best-performing approaches were deep-learning based, with LSTM, generic artificial neural
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networks and support vector regression most frequently used when combining climate, soil, plant growth,
fertilization and irrigation variables; random forest regression was particularly effective when using
image-derived vegetation indices (Odah et al., 2025). In greenhouse applications, an ANN model trained on
farm-level energy and input data outperformed multiple linear regression for predicting tomato yield, and
sensitivity analysis identified key production factors, illustrating how neural networks can capture nonlinear
interactions among management and environment beyond simple temperature terms (Belouz et al., 2022).
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Figure 3 Framework of the TOMGRO process-based tomato growth model showing environmental inputs, source-sink interactions,
and yield prediction outputs under greenhouse conditions

Recent studies focus more directly on greenhouse climate-yield linkages and short-term forecasting. A hybrid
deep-learning framework combining temporal convolutional networks and recurrent neural networks was
developed to predict tomato yield from time series of greenhouse microclimate variables (temperature, COx,
humidity deficit, radiation) and historical yields, outperforming traditional ML and other deep architectures in
RMSE across multiple commercial datasets (Gong et al., 2021). Another RNN-LSTM-based system predicted
in-house temperature from external climate, then converted predicted temperatures to growing degree days and
drove sigmoid growth models for leaf area index, fruit fresh weight and dry matter, achieving R? above 0.80 even
when using forecasted rather than observed temperatures (Lin et al., 2024). Model-fusion strategies now integrate
biophysical models such as reduced TOMGRO with CNN-RNN predictors, with neural-network fusion delivering
higher yield-prediction accuracy than either component alone when applied to multi-year greenhouse temperature
and CO: records.

7 Model Calibration, Validation, and Performance Evaluation
7.1 Parameter optimization and model calibration

Calibration of tomato temperature-yield models generally focuses on a limited set of influential physiological or

empirical parameters, while less sensitive parameters are fixed from literature or prior studies. An integrated

greenhouse tomato yield model combining TOMGRO and Vanthoor used an extended Fourier amplitude

sensitivity test (EFAST) to classify parameters into optimized, fixed and ignored groups, thereby reducing
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dimensionality before calibration (Lin et al., 2019). The remaining parameters were then optimized with Bayesian
optimization using multi-year greenhouse data, resulting in an RMSE of 2.60 for yield compared with values
above 17 for the individual component models, indicating a much closer match between simulated and observed
yields.

Dynamic process-based models follow similar workflows but employ different optimization tools. The
DSSAT-CROPGRO-Tomato model calibrated its genetic and management parameters with the GLUE framework,
achieving average relative errors around 3%-5% for phenology, plant height and yield dry weight under varying
water and nitrogen supplies (Shan et al., 2025). For the HORTSYST model, global sensitivity analysis with
Sobol’s method first identified nine key parameters controlling photo-thermal time, dry matter production and
transpiration; these were then calibrated with a differential evolution algorithm, yielding RMSE values close to
zero for leaf area index, nitrogen uptake and dry matter in two greenhouse seasons (Martinez-Ruiz et al., 2021). In
reduced TOMGRO, three evolutionary algorithms-genetic algorithm, particle swarm optimization and differential
evolution-were compared for calibrating 14 key parameters using multi-year greenhouse datasets; performance
was judged from RMSE, relative RMSE and MAE between measured and simulated mature fruit dry matter
(Gong et al., 2021).

7.2 Validation using multi-season and multi-region datasets

Robust temperature-yield models must be validated beyond the calibration environment, using independent
seasons and, when possible, contrasting regions. The integrated TOMGRO-Vanthoor yield model was verified
against four years of greenhouse data, showing consistently high performance across variable environmental
conditions, which supports its intended generality under changing greenhouse climates (Lin et al., 2019).
AquaCrop was calibrated and validated for greenhouse tomato under full and deficit irrigation; the model
reproduced fresh yield, biomass and water productivity for both treatments, and was then used with 30 years of
historical weather data to simulate yield responses to external temperature changes, effectively extending
validation across multiple climatic years (Locatelli et al., 2024).

Model-based greenhouse design work with the Vanthoor yield model explicitly demonstrated cross-region validity.
After implementing temperature effects from a broad literature survey, the model was validated for four
temperature regimes in the Netherlands and southern Spain, reproducing yields under both near-optimal and
sub-optimal climates with varying light and CO.. Data-driven yield prediction approaches also rely on
multi-environment datasets: a neural-network model for solar greenhouse tomato was trained on 390 experiments
from different Chinese regions and soil fertility levels, then evaluated separately within low, medium and high
fertility classes to test its generalization across management and climatic gradients (Peng et al., 2023). For
dynamic growth models such as HortSyst, autumn-winter and spring-summer greenhouse seasons were simulated,
and good agreement for dry matter, nitrogen uptake and transpiration across both seasons indicated that calibrated
parameters retained validity under distinct seasonal temperature regimes.

7.3 Evaluation indicators: RMSE, R?, MAE, and model robustness

Quantitative evaluation of tomato temperature-yield models commonly relies on root mean square error (RMSE),
mean (absolute) error, and coefficient of determination (R?), often complemented by model efficiency or bias. In
the integrated yield prediction model, RMSE for yield dropped from above 17 in TOMGRO and Vanthoor to 2.60
in the integrated version, reflecting a substantial improvement in predictive accuracy (Lin et al., 2019).
HORTSYST calibration reported RMSE values for leaf area index, nitrogen uptake, dry matter and transpiration
that were close to zero, together with high modeling efficiency, indicating that residuals were small relative to
observed variability over two crop seasons. In greenhouse AquaCrop applications, RMSE and normalized RMSE
were used to evaluate calibration and validation for fresh yield and biomass under full and deficit irrigation, with
acceptable errors supporting subsequent use for long-term temperature impact assessment (Locatelli et al., 2024).

Machine-learning models for greenhouse processes and yield frequently add MAE and R? to characterize accuracy
and robustness. A CatBoost-based model for tomato transpiration achieved R? = 0.92 over the whole growth stage,
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while its RMSE and MAE were reduced by more than 70% relative to a traditional crop-coefficient approach, and
further partitioning by growth stage decreased RMSE by up to 97% at night during fruiting, illustrating gains in
stability under different regimes (Tong et al., 2023). A neural-network yield model for solar greenhouse tomato
across fertility levels reported that an improved particle-swarm-optimized network produced the smallest MSE
and MAE and the largest R? (up to about 0.94), outperforming baseline networks under low, medium, and high
fertility and thus demonstrating robustness across diverse environmental and management contexts (Peng et al.,
2023). Broader crop-yield and evapotranspiration studies similarly adopt RMSE, MAE and R? as core indicators,
emphasizing their usefulness for comparing alternative algorithms and for assessing generalization to unseen
seasons or regions.

8 Case Studies of Greenhouse Tomato Temperature-Yield Modeling
8.1 Case study in solar greenhouses under winter cultivation

Winter tomato production in northern China has been used to demonstrate how temperature-yield relationships
can be modeled in solar greenhouses. In soft-shell solar greenhouses, dynamic monitoring of light, temperature,
and humidity for six cherry and three large-fruited cultivars was combined with yield and quality measurements to
build correlation and partial least-squares path models linking microclimate to cluster yield and Brix (Liu et al.,
2025). These analyses showed that soft-shell structures raised average daily temperature by 10 °C-15 °C and
reduced low-temperature stress duration by 25%, with cherry tomato yield proving more temperature-sensitive
than large-fruited types.

A complementary modeling approach integrated a mechanistic climate model with a tomato yield module
specifically for Chinese solar greenhouses. This open-source model was calibrated and validated against three
experiments, including two commercial winter production greenhouses, and achieved an RMSE of about 1.6 °C
for indoor air temperature and 0.61-0.71 kg-m™ for yield, while sensitivity analysis highlighted air-exchange
parameters and optimal leaf area index as key determinants of simulated winter yield (Zhou et al., 2025). Active
solar heating systems provide another winter case: in paired Canarian greenhouses, an active solar heating
installation improved nocturnal thermal conditions and increased total tomato yield by 55% during the cold season,
illustrating the strong leverage of improved temperature profiles on winter productivity (Bazgaou et al., 2021).

8.2 Case study in plastic tunnel systems under high-temperature stress

Plastic and walk-in tunnel systems in warm climates offer clear examples of modeling and managing
high-temperature impacts on tomato yield. In southern China, daily maximum temperature and mean relative
humidity inside plastic greenhouses were simulated using an extreme learning machine to identify
high-temperature-high-humidity (HTHH) events, and response surfaces were then used to relate event frequency
and return period to tomato physiological losses, showing that flower bud differentiation was the most
temperature-sensitive stage (Zhang et al., 2022). The analysis revealed that HTHH events mainly occurred from
June to September and that high temperature played a larger role than humidity in reducing growth indicators,
providing a quantitative basis for risk assessment and regional layout of plastic-house tomato.

Experimental work in arid regions has focused on modifying tunnel microclimates and quantifying associated
yield responses. In late-summer trials comparing a shaded net tunnel, a net tunnel with fogging, and a plastic
tunnel with evaporative cooling, all powered by solar energy, cooled tunnels significantly improved leaf area,
chlorophyll content, cell membrane stability, and relative water content, while reducing physiological disorders
such as sunscald and blossom-end rot (Sharaf-Eldin et al., 2023). These microclimate changes translated into
about 31.5% higher marketable yield with evaporative cooling and 28.8% with fogging relative to open field,
demonstrating how engineered temperature reductions within plastic systems can be directly linked to yield gains.

8.3 Comparative case study of intelligent greenhouse temperature control strategies

Recent case studies in intelligent greenhouses explicitly couple temperature control strategies with crop and profit
models. In the second “Autonomous Greenhouse Challenge”, five Al-supported teams remotely operated
high-tech cherry tomato compartments for six months, using sensor data and algorithms to determine temperature,
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humidity, and CO: setpoints; all Al teams outperformed a reference human grower in net profit, with some teams
applying higher early-season and end-season temperatures to accelerate development and ripening while still
achieving better heat-use efficiency (Hemming et al., 2020). Analysis with a virtual greenhouse “digital twin”
linked these distinct temperature trajectories to differences in yield and resource use, offering a comparative
benchmark for data-driven climate strategies.

Model-based optimal control studies provide an additional perspective on intelligent temperature-yield
management. A PSO-based model predictive control framework combined a greenhouse climate model with a
biophysical yield model and optimized heating, ventilation, and lighting setpoints to maximize yield while
minimizing energy costs, outperforming traditional control and genetic-algorithm-based MPC in both yield and
energy efficiency in a tomato case study (Gong et al., 2023). At year-round scale, a rule-based MPC using external
weather and month-averaged tomato prices to select temperature setpoints was compared with on/off control and
open field; simulations for Beijing showed that only strategies jointly optimizing yield and energy cost achieved
satisfactory profit, highlighting how economic and biophysical models must be integrated when evaluating
intelligent temperature control options (Xu et al., 2024).

9 Discussion, Applications, and Future Perspectives

Existing temperature-yield models for greenhouse tomato are powerful decision-support tools but still face
notable limitations and uncertainties. Process-based models often rely on a relatively small set of experiments for
parameterization and may not fully capture the variability in low-technology or highly heterogeneous greenhouses,
where temperature extremes and spatial microclimate variation are common. Global sensitivity and uncertainty
analyses have shown that yield predictions can be highly sensitive to a few temperature-related parameters, such
as thresholds for fruit abortion or growth inhibition, meaning that modest parameter errors can translate into large
yield errors when conditions move outside the “ideal” range. Many models assume relatively uniform
microclimate and well-controlled systems, so their validity can degrade in real commercial settings with imperfect
heating and cooling, where optimality degrees for temperature and VPD fluctuate widely between seasons and
locations. Furthermore, hybrid approaches that enhance process-based models with deep learning can boost
accuracy, but they introduce their own sources of uncertainty related to training data representativeness, sensor
noise, and potential overfitting, making model transfer to new greenhouses or future climates less certain unless
explicitly tested.

Despite these limitations, temperature-yield models are increasingly embedded in precision agriculture and smart
greenhouse platforms to support real-time management. Decision-support systems using crop water productivity
models such as AquaCrop already leverage external temperature and long historical weather records to estimate
greenhouse tomato yields and optimize irrigation under future climate scenarios. lIoT-based microclimate
monitoring frameworks quantify “optimality degrees” or comfort ratios for temperature, humidity and VPD,
translating dense sensor data into simple indices that link directly to yield risk and guide heating and cooling
strategies. Smart greenhouse platforms go further by combining wireless sensor networks, fuzzy or model-based
controllers, and cloud dashboards, enabling automated ventilation, shading and irrigation tuned to maintain
temperatures within crop-specific ranges. Integrated digital solutions that add machine learning yield predictors,
disease recognition, and even fruit expansion analysis use historical temperature-humidity-yield relationships to
recommend set-points and interventions, improving resource efficiency and stabilizing production. As these
systems mature, temperature-yield models shift from purely research tools to operational components of climate
control, irrigation scheduling, and energy optimization in commercial tomato production.

Future work on modeling temperature-yield relationships will likely be driven by convergence of digital twins,
dense IoT sensing, and climate-adaptive algorithms. Greenhouse digital twins are beginning to integrate sensor
networks, multivariate yield-forecasting models, and edge computing to provide continuous predictions of final
yield based on evolving temperature and other climate variables, allowing growers to test “what-if” scenarios for
alternative control strategies before applying them in the real house. Broader reviews of agricultural digital twins
and smart farming envision virtual replicas that fuse crop models, weather forecasts, soil sensors, and aerial
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imagery, creating platforms where temperature-yield modules for tomato become part of a larger cyber-physical
production system. Knowledge-based data-driven approaches that couple calibrated process-based models with
deep learning show one promising route: process models preserve interpretability and physiological realism, while
neural networks and particle filtering correct systematic errors and adapt to new microclimates or management
regimes. At the same time, IoT reviews highlight persistent challenges around sensor accuracy, interoperability,
and deployment cost, suggesting that future climate-adaptive modeling must explicitly handle data quality,
uncertainty propagation, and robust control under extreme events. In this context, next-generation
temperature-yield models will need to be both explainable and self-updating, closing the loop between sensing,
prediction, and actuation to support resilient, low-carbon greenhouse tomato systems under a changing climate.
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