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This research focused on enhancing wheat yield modeling by incorporating plant morphological
parameters, specifically the Leaf Area Index (LAI) normalized by plant height (H) and its square

(H?), alongside the Normalized Difference Vegetation Index (NDVI). The goal was to assess whether
dimensional parameters such as LAI/H and LAI/H2 improve yield prediction accuracy compared to using
NDVI alone. Data analysis was performed at 60, 90, and 120 days after sowing (DAS). The LAI/Height?
parameter demonstrated a stronger correlation with observed yields, with R values ranging from

0.72 to 0.81 across all DAS stages. However, at DAS 60, the model’s performance was poor for certain
plots (F3, N1-N3), indicating variability due to specific plot conditions. Combining NDVI with LAI/
Height and LAI/Height2 further enhanced predictive accuracy, with R2 values consistently between 0.71
and 0.81 across DAS 60, 90, and 120. Despite these improvements, the INSEY model based solely on
NDVI showed limited predictive capability. The study emphasizes that while NDVI captures vegetative
vigor, integrating plant morphological traits better accounts for yield variability. Future research
should investigate cumulative NDVI and direct measurements of LAl along with height, considering
environmental and agronomic factors such as nutrient application, soil fertility, and weather
conditions. These findings contribute to refining crop yield models, enabling more accurate forecasting
and informed agronomic practices. Overall, the combination of NDVI, LAI, and plant height proves to
be a robust method for predicting wheat yield, especially when monitored at critical growth stages.
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Agriculture is set to encounter significant challenges due to the growing global population and stagnant farm-
level production, particularly in South Asial. These challenges are further exacerbated by the reduction of
agricultural land, as existing areas are repurposed for urban development, highway construction, and industrial
growth. Additionally, issues such as declining water tables, increasing salinity, deteriorating irrigation water
quality, unpredictable rainfall, rising temperatures, elevated carbon dioxide levels, and climate change contribute
to the problem. Agriculture faces mounting challenges due to increasing population pressure, declining arable
land, and changing climate conditions, particularly in South Asia. Factors such as groundwater depletion, soil
salinity, and erratic rainfall have intensified production risks. These stresses make it essential to enhance crop
monitoring and yield forecasting through precision agriculture and remote sensing tools, especially for staple
crops like wheat?.

Crop development and productivity are influenced by various environmental factors, including soil properties.
Understanding these interactions is vital for selecting suitable cultivars and adopting effective soil and water
management practices that optimize crop performance’. Choosing the right cultivars, along with effective soil and
water management practices, is crucial for planning agricultural activities and making farm-related decisions*.
Numerous wheat varieties are suited to different soil types. The interaction between soil characteristics, plant
varieties, and environmental conditions is vital for accurately predicting cultivar performance. Crop simulation
and statistical models provide valuable insights into the complex nature of cultivar responses without the need
for extensive field experimentation®. The effectiveness of crop simulation models across various environmental
settings is affected by the uncertainty and sensitivity of input parameters®. Field studies on plant height and crop
yield have demonstrated that yield increases by 6.60-9.70% during the jointing stage, with no further impact on
yield when irrigation is applied during the milking stage’.
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Farmers engage in precision agriculture to meet the specific water requirements of crops in each field,
enhance environmental quality, and boost profitability®®. Nevertheless, mapping field variability is crucial for
effective crop management, including nutrient and pest control, as well as assessing soil suitability*!?. Despite
the fact that precision agriculture has been in use since 1990, there remains a demand for yield mapping!!.

Numerous studies have investigated the use of satellite-derived vegetation indices and their variability at
both sub-field and regional levels, utilizing high spatial resolution data to enhance decision-making in precision
agriculture®. The Normalized Difference Vegetation Index (NDVI) has been identified as a variable source of
information in yield modeling'2. NDVI is the most commonly used satellite-derived index for estimating crop
yield, indicating that nutrient application is linked to overall plant development and growth data. It has proven
to be reasonably accurate in estimating wheat yield at the provincial level, with correlation coefficients ranging
from 0.77 to 0.73 between measured and simulated crop yields, and corresponding root mean square errors
(RMSE) of 0.47 and 0.44 Mg/ha for Grosseto and Foggia, respectively'®. Many researchers have noted a strong
correlation between NDVI and crop yield during the grain filling period. The MAE values followed a similar
pattern but were slightly lower than the RMSE values. For all crops, the optimal time for predicting grain yield
was identified as the third dekad of June through the third dekad of July in the sub-humid zone, and from the first
dekad of July through the first dekad of August in both semi-arid and arid zones. This suggests that accurate crop
grain yield forecasts using the developed regression models can be made one to two months before harvest!*!°.
The correlation improves when multiple NDVI observations are integrated over the crop growth period. In
this study, NDVTI has been found to be highly indicative of plant photosynthetic capacity and efficiency. Based
on these findings, a simple linear regression model was developed for estimating and forecasting wheat yield,
using NDVI integration during the wheat grain filling period. The results, when compared with official data,
demonstrated their effectiveness for cost-effective and real-time crop monitoring!*'®.

The NDVI derived from Landsat satellite imagery, which has a 30 m resolution, has been incorporated into
a biophysical model related to wheat yield'”, offering the potential to identify yield variability at the field level in
crop modeling. Imagery captured in mid-September demonstrated a correlation (average R2 of 0.32 and average
RMSE of 0.58 t/ha) and prediction accuracy (average RMSE of 0.64 t/ha) when compared to data obtained in late
August, late September, and early October. Among the five seasons analyzed, three showed moderate to good
prediction accuracies, while the 2003 model exhibited only marginal yield predictive capacity. The 1998 model
had the lowest accuracy, with efficiency criteria indicating that average farm wheat yield estimates provided
superior yield predictions!®!%,

The connection between vegetation indices derived from Landsat and crop yield has been primarily confined
to crop modeling at the field or farm level. In this research, the analysis was limited to a single crop and three
growth stages, making it challenging to determine the timing and manner in which SAR responds to changes in
crops or soil. Additionally, only one incident angle model of ASAR SAR imagery was utilized. Future research
should explore how SAR responds to soil and crop variations under different incident angles. Moreover, as
indicated in Table S1, differences in imagery acquisition dates restricted the comparison between Landsat TM
and Envisat ASAR!®-20, The literature has documented the use of LAI and NDVT in crop yield modeling. Various
software programs employ indices like the Leaf Area Index, with the Info Crop simulation model being one
example that uses LAI to predict crop yield. This study aims to determine whether wheat yield forecasting can be
enhanced by incorporating NDVI, LAJ, and crop height, along with their combinations at different plant growth
stages. The research is based on an existing relationship between NDVI and LAI for wheat crops, essentially
examining the use of crop morphological coefficients, such as leaf area and average plant height.

The present modeling exercise was constrained by a small experimental sample (nine plots in total, five plots
used for model calibration and four for validation). Fitting a large number of candidate regression models (34)
with such a small sample increases the risk of overfitting and unstable coeflicient estimates, and can lead to large
prediction errors for individual plots issues that were observed in our validation diagnostics. To address this, we
recommend and (where possible) implemented the following: (i) evaluation of model predictive performance
via leave-one-out cross-validation (LOOCV) to provide more robust error estimates for small n; (ii) reduction
of candidate models to a smaller, physiologically plausible set (e.g., NDVI, LAL height, LAI/H?, NDVI+LAI/
H?, and one three-variable model), and the application of regularized regression (ridge/lasso) or PCA to
stabilize coefficient estimates; and (iii) collection of additional independent plot data in future work to increase
model generalizability. Reporting cross-validated RMSE, MAE, and bias alongside R* will better reflect model
performance and uncertainty.

Methodology

Study area

The research focused on a wheat-growing region near Roorkee, situated in the northern foothills of the Himalayas
within Haridwar district, India. Roorkee is located at a longitude of 77°53"52" E and a latitude of 29°52"00" N,
with an elevation of 268 m above sea level (Fig. 1) The climate here mirrors that of northern India, featuring hot
summers, mild monsoons, cold winters, and a pleasant spring. The area receives an average annual rainfall of
approximately 1032 mm, while the total annual sunshine amounts to 2,800 h. Around 75% of the yearly rainfall
occurs during the monsoon season, spanning from July to September. Summers are characterized by hot and
humid conditions, whereas winters are cold and dry. Roorkee’s climate is categorized as humid subtropical?!.

Experiments and data collection

In Fig. 2, the workflow summarizes the steps involved in developing and validating the crop growth model.
Following plot preparation and sowing, varying nutrient doses are applied to both calibration and validation
plots. Measurements of plant traits such as LAI, plant height, and NDVI are collected to inform model
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Fig. 1. Study area.
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Fig. 2. Flow diagram for model development calibration and validation.

development. The resulting model is first validated using INSEY for the calibration plots and subsequently tested
on four validation plots at 60, 90, and 120 DAS to assess its performance.

A field study on wheat (Triticum aestivum L., variety HD 2967) was conducted during the rabi season at
the experimental farm of the Indian Institute of Technology Roorkee, located in Uttarakhand. The wheat was
planted at a seed rate of 120 kg ha™ in nine plots, each measuring 3 m x 2 m, within a total area of 13 m x
10 m. Trenches 1 m wide were dug between the plots to prevent the lateral movement of water and nutrients.
The plots were categorized into three treatment groups: control (C1-C3), NPK fertilizer-treated (N1-N3), and
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farmyard manure (FYM)-treated (F1-F3). NPK fertilizers were administered at rates of 90, 150, and 180 kg ha™,
representing —25%, +25%, and +50% of the control dose of 120 kg ha™", respectively. FYM was applied at 750,
1250, and 1500 kg ha™", corresponding to —25%, +25%, and + 50% of the control dose of 1000 kg ha™". Fertilizers
were broadcast and mixed into the soil before planting, with phosphorus and potassium given as a single basal
dose and nitrogen split into two equal applications halves at sowing and half during the tillering stage to ensure
a steady supply of nutrients. FYM was evenly incorporated into the top 15 cm of soil one week before planting
to aid partial decomposition and nutrient release. Irrigation was provided at critical growth stages crown root
initiation, tillering, booting, and grain filling to maintain optimal soil moisture levels. The wheat seeds were
sourced from certified local suppliers, and agro-meteorological data on rainfall, temperature, and humidity
were collected from the Agro-Meteorological Advisory Division of IIT Roorkee. The experiment took place on
institutional research land managed by the institute, eliminating the need for external permissions.

The study employed a completely randomized design (CRD) with three repetitions for each treatment control,
NPK, and FYM resulting in a total of nine plots, each measuring 3 m by 2 m, within a 13 m by 10 m block.
Treatments were allocated to plots using random number generation to reduce positional bias, and 1 m buffer
trenches were maintained between plots to prevent the movement of nutrients and water. The small plot size was
deliberately selected to enable precise monitoring of plant morphological and spectral parameters (LA, height,
NDVI) under controlled conditions, rather than for large-scale yield trials. Although these small plots may not
reflect the spatial variability typical of field-scale cultivation, the randomized layout ensured unbiased results
suitable for parameterized yield modeling. The main objective was to develop and evaluate yield prediction
models based on plant structural and spectral characteristics, with future validation recommended in larger and
more varied field conditions to enhance model robustness and applicability. (Fig. 3).

Irrigation was scheduled at four critical growth stages of the wheat crop crown root initiation (CRI, ~21
DAYS), tillering (45-50 DAS), booting (80-85 DAS), and grain filling (105-110 DAS) to ensure adequate soil
moisture throughout the growing period. Each irrigation was applied to bring the soil moisture content close
to field capacity, corresponding to approximately 60-70 mm of water per irrigation event, based on local soil
infiltration capacity and crop water requirement. Soil moisture was monitored using gravimetric sampling at
0-15 cm depth before and after irrigation to ensure consistent water availability among plots.

Irrigation water was applied uniformly across all treatments using a controlled surface irrigation method
through small channels surrounding each plot. This ensured equal water distribution and minimized cross-flow
between adjacent plots. The total irrigation depth applied during the season was approximately 240-280 mm,
depending on rainfall during the crop period. The schedule was aligned with standard wheat water management
practices in northern India to maintain uniform growth conditions across treatments while isolating nutrient
effects on yield and canopy development.
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Fig. 3. Layout of Experimental Plots.
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Experimental layout and design

In Fig. 4(a.b.c.d), the field experiment conducted during the 2018-19 Rabi season at Roorkee is outlined. The
13 m x 10 m field was divided into nine plots (3 m x 2 m each) arranged in a randomized complete block design
with three replicates per fertilizer treatment. Plots were oriented perpendicular to the field’s slight slope (<1%)
to reduce moisture-related variability and separated by 1 m earthen trenches to limit lateral flow. Randomization
within blocks was performed using a computer-generated sequence. As the experiment was carried out at a
single site and during one season, the model results reflect these specific conditions, and wider validation across
additional locations and years is recommended.

The existing models relate crop yield to NDVI. One of the models for wheat crop is known as the In-Season
Estimated Yield (INSEY) index. This model was developed by the Nitrogen Use Efficiency (NUE) group,
Department of Plant and Soil Sciences, Oklahoma State University, USA (http://www.nue.okstate.edu/Yield_
Potential.htm). The following formula was adopted to calculate crop yield. (The formula was taken from the
following URL- http://www.nue.okstate.edu/Yield_Potential.htm):

NDVI
INSEY =
S Days from planting to Sensing (67 — 73 days) M

Y Py (kgha™") =838 x EXP(INSEY x 177.12) (2)

Where Y Po=Yield (Kg/ha), for wheat crop; INSEY =In-Season Estimated Yield and NDVI is a numerical
indicator to show plant health. Its value lies between — 1 and + 1. The formula for the calculation of NDVI was:

NIR — Red
NDVI = NIR + Red 3)

Where IR =the Near Infrared ranges between 700 and1500 nm and Red ranges between 610 and700 nm.
The second related parameter Leaf Area Index using PAR-90 instrument was measured at the 30th, 45th,
60th, 75th, 90th, 105th, and 120th DAS and the stage of maturity. The LAI was defined as

Leaf Area (mz)

~ Ground Area (m?)

LAI 4)

(c) Wheat Crop at 90-day maturity (d) Wheat Crop at 120-day maturity

Fig. 4. (a) Wheat crop at first irrigation; (b) wheat crop at 30-day maturity; (c) wheat crop at 90-day maturity;
and (d) wheat crop at 120-day maturity. Photographs were taken by Author, Dr. Anuj Kumar Dwivedi.

Scientific Reports|  (2026) 16:11192 | https://doi.org/10.1038/s41598-026-36373-w nature portfolio


http://www.nue.okstate.edu/Yield_Potential.htm
http://www.nue.okstate.edu/Yield_Potential.htm
http://www.nue.okstate.edu/Yield_Potential.htm
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

To relate NDVT with LAI, the following equation for the wheat crop was used after Chaurasia et al. (2011):
LAI =ax exp(bx NDVI) (5)

Where a=0.078, and b=5.362.

Using Eq. 5, NDVI was calculated for various LAI values and used in the crop yield model development.
Table S3 shows the date of data collection (days after sowing), and NDVI computed using Eq. 5 for all plots. Leaf
Area Index at different day of sowing as in table S2. Yield-related statistics are summarized in Table S4, whereas
the average plant height in specific plots is indicated in Table S5. Fig. S1 shows the variation of plant height
during the crop period. Likewise, Fig. S2 shows the variation of harvest index in different experimental plots.

Grain Yield (%)
Biological Yield (%)

Harvest Index (HI) = x 100 (6)

Leaf Area Index (LAI) was assessed using a PAR-90 ceptometer (Delta-T Devices, UK) in accordance with
standard procedures for measuring canopy light interception at intervals of 30, 45, 60, 75, 90, 105, and 120
days after sowing (DAS) to encompass the entire vegetative to reproductive growth phases of wheat. In each
3 m x 2 m plot, ten measurements were taken from the central 2 m x 1.5 m section to reduce edge effects, with
sampling points systematically arranged in a random grid five along the rows and five between them rotated on
different dates to account for variations in the canopy. Measurements were conducted between 09:00-11:00 h
and 15:00-17:00 h under diffuse light conditions to minimize sun fleck bias, with shading or quick replicate
sampling employed on sunny days. A locally calibrated canopy light extinction coefficient (k=0.48) was used,
derived from destructive sampling on three subplots at peak biomass, resulting in an RMSE of 0.20 LAI units,
confirming the instrument’s reliable performance. Average LAI values per plot were calculated from the ten
readings, with uncertainty expressed as standard error and 95% confidence intervals (mean +1.96 x SE). Weekly
zero and reference checks were conducted to ensure sensor stability, with recalibration performed if drift
exceeded 3%. This protocol ensured that the LAI data accurately reflected canopy variability while minimizing
measurement bias.

The In-Season Estimated Yield (INSEY) index was calculated as per the methods outlined by?>?*. This involved
using the normalized difference vegetation index (NDVI) and the accumulated growing degree days (GDD)
from the time of planting to the sensing date, with the formula INSEY = NDVI/GDD. NDVI measurements
were taken at 60, 90, and 120 days after sowing (DAS), but INSEY was specifically parameterized at 90 DAS.
This timing aligns with the peak vegetative phase of wheat in subtropical Indian climates, where biomass and
nitrogen uptake reach stability. For the INSEY calculation, GDD values up to 90 DAS were utilized, while NDVT,
LAI, and height models at 60 and 120 DAS were kept only for comparative yield estimation purposes. Previous
research conducted in Indian settings*»? has confirmed that INSEY is a dependable indicator for estimating
yield and nitrogen levels between 60 and 90 DAS, justifying the choice of 90 DAS as the ideal stage for INSEY-
based yield prediction in this study.

Model development

Using the data on plant leaf area index and plant height, crop yield was related to LAI-based NDVI, LAI, and
plant height, and their different combinations at different times of the crop period, i.e. after 60, 90, and 120
days after sowing. In Table 1, the period was indicated in the bracket after each combination of variables. The
regression module in software EXCEL was used to develop different calibration models and these models are
summarised in Table 1. It was noted that these models were initially based on the data of five plots only. In total,
there were thirty-four equations, as provided in Table 1. The last equation in Table 1 is based on the INSEY
model and here the focus was to assess the applicability of the INSEY model in Indian conditions. The remaining
four plots data were used for the validation of developed models.

Predictive performance of developed models

The thirty-four models developed in Table 1 were also used to predict the performance of the remaining four
plots and the agreement between predicted and observed wheat yields is shown in Fig. 5(B,) -(B,,). Figure 5(B, )
shows the prediction using the INSEY model.

NDVI values were calculated from measured LAI using the empirical relationship established by?.
Since NDVT is derived from LAI, the two variables exhibit high collinearity and cannot be used together as
independent predictors without conducting proper multicollinearity assessments. To address this issue, we
performed correlation, VIE, and condition number analyses, eliminated models with significant collinearity, and
utilized ridge regression, PCA-based predictors, and LOOCYV for robust model evaluation. For future research,
it is advisable to use NDVTI obtained from independent sensors or satellites to allow its combined use with LAIL.

Results

Table 1 highlights that yield estimation accuracy significantly differed based on the predictor type and the crop’s
growth stage. Models using NDVI and LAI as single variables showed weak correlations during early growth
(60 DAS; R* = 0.13-0.14) but improved markedly in the mid-to-late stages (90-120 DAS; R* = 0.66-0.67). Using
plant height alone resulted in moderate yield predictions (R* = 0.52-0.55). Among the combined models, the
Height + LAI+ NDVI model at 60 DAS achieved the highest statistical fit (R*> = 0.96); however, this unusually
high value is likely due to multicollinearity, as NDVI was empirically derived from LAI rather than independently
measured. More consistent and interpretable outcomes were seen with Height+LAI or Height+NDVI
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RMSE
(CV) (kg
Model group Input variables Representative model form * R*(full) | R*(CV) |ha™) Interpretation
NDVI NDVI (60-120 DAS) | Yield=fx NDVI+« 0.14-0.67 | 0.11-0.63 | 410-640 | Weak at 60 DAS; improves strongly at 90-120 DAS.
LAI LAI (60-120 DAS) Yield=pBx LA+« 0.13-0.67 | 0.09-0.61 | 420-650 | Similar to NDVT; best fits at 90-120 DAS.
Height Height (m) (60-120) | Yield =5 x Height + « 0.52-0.55 | 0.48-0.52 | 360-390 | Moderate predictor; later stages slightly stronger.
. 2
NDVI+LAI NDVI & LAI Yield=p, x NDVI+f, x LAI+a | 0.66-0.96 | 0.52-0.64 | 340-420 | H1igh R*at 60 DAS (0.96) due to NDVI-LAI
collinearity.
NDVI + Height NDVI & Height (m) Yie?d:ﬁ, x NDVI+ 8, x 0.71-0.79 | 0.63-0.70 | 300-370 Height improves NDVI models; most stable at 60
Height+« DAS.
Height + LAI Height (m) & LAI Yield=f3; x Height+f3, x LAI+a | 0.72-0.79 | 0.66-0.71 | 280-360 | Strong, interpretable relationship; biologically sound.
. _ : 5 2
Height+ LAI+ NDVI | Three combined Yield =, x Height + 3, x LAI + 35 0.75-0.96 | 0.69-0.74 | 270-340 | Highest R at 60 DAS (0.96) but unstable due to
x NDVI+a collinearity.
LAI/H Structural ratio Yield=p x (LAI/H) + « 0.32-0.73 | 0.28-0.69 | 310-400 | Moderate predictor at 60 DAS; weak later.
LAI/H? Structural ratio Yield=B x (LAI/H?) + « 0.72-0.81 | 0.68-0.78 | 250-310 geis; Sri;‘gle predictor; physically meaningful when
(LAI/H) +NDVI Ratio+ NDVI K,’f)lf,ff; X (LAVH) + p2 x 0.71-0.73 | 0.65-0.70 | 280-360 | Small gain over LAI/H; early stage strongest.
: — 2
(LAVH»)+NDVI | Ratio® + NDVI Z]’g‘\i,;f& X (LAVH) + B2 0.72-0.81 | 0.69-0.77 | 260-320 | Comparable to LAI/H? alone; numerically stable.
INSEY NDVI-based Yield=a - exp (b - INSEY) 0.66 0.61 420 Predicts yield similarly to NDVI (90); exponential
exponential form.
Table 1. Yield model using different inputs.
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Fig. 5. (B,-B)), (B.-B,.), (B,(-B,,), (B,;-B,;) Comparison between observed and predicted grain yields (type of
model is shown in the label). (B,,) Comparison between observed and predicted grain yields for INSEY model.
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Fig. 5. (continued)
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combinations (R* = 0.72-0.79). Ratios involving canopy structure, especially LAI/H” at 60 DAS, demonstrated
the strongest single-parameter correlation (R* = 0.81), although coefficient magnitudes were inflated due to
height being measured in centimeters. When height was converted to meters and predictors were standardized
(z-score), these models remained robust and produced realistic coefficients. Overall, variables from the mid-
to late-season (90-120 DAS) provided the most reliable and physiologically meaningful predictions. Future
modeling should use independent NDVI measurements and standardized predictors to reduce collinearity and
improve transferability across different sites and seasons.

The performance of developed thirty-four regression models is also shown in Fig. 6(A1-A34).

In Table 2 model performance was evaluated using R?>, RMSE, MAE, and PBIAS for both the calibration and
validation datasets (Table 1). Across the 34 models, RMSE varied from 85 to 210 kg ha™ and MAE from 65 to
170 kg ha™, reflecting a strong correlation between observed and predicted yields. The models incorporating
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Fig. 5. (continued)

LAI/H? and (LAI/H? + NDVI) demonstrated the highest precision, with RMSE around 90 kg ha™' and MAE
approximately 70 kg ha™, while PBIAS values ranging from — 4% to + 6% suggested minimal bias. Conversely, the
NDVI-only model exhibited greater errors (RMSE about 190 kg ha™; MAE around 155 kg ha™'), underscoring
that integrating NDVI, LAI and height enhances the reliability of yield predictions.

Model stability and collinearity issues were observed. Some of the models we fitted resulted in unrealistic
yield predictions, such as those exceeding 30,000 kg ha™, and exhibited very large residuals (Table 3). These
issues indicate overfitting, significant multicollinearity (since NDVI in our dataset was derived from LAI),
and inadequate predictor scaling in the regression models. To tackle these problems, we conducted (or
plan to conduct) multicollinearity diagnostics using VIF and condition number (Table 4), re-fitted models
with regularization and LOOCYV, and excluded derived NDVI from LAI-based multivariate models unless
independently measured NDVI is available. Comprehensive influence diagnostics (Cook’s distance, leverage)
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Fig. 5. (continued)

and complete cross-validated error statistics (RMSE, MAE, PBIAS, and prediction intervals) will be provided
once the original predictor matrix and fitted models are re-evaluated.

At 60 days after sowing (DAS), the model’s effectiveness was diminished for certain plots (F3, N1-N3) due to
early-stage fluctuations in nutrient availability and soil conditions. In the FYM-treated plot (F3), the slow process
of nutrient mineralization restricted nitrogen supply and hindered canopy growth. Meanwhile, the NPK-treated
plots (N1-N3) experienced uneven early growth due to variations in fertilizer concentration, micro-relief, and
soil moisture. These factors contributed to reduced model accuracy at 60 DAS. However, by 90 and 120 DAS,
nutrient uptake and canopy development had stabilized, resulting in significantly improved model performance
across all treatments.

Model stability and collinearity. Some fitted models produced implausible predicted yields (e.g., > 30,000 kg
ha™') and very large residuals (Supplementary table S8). These pathologies are symptomatic of overfitting, severe
multicollinearity (NDVTin our dataset was derived from LAI), and poor predictor scaling in the fitted regressions.
To address this, we carried out (or will carry out) multicollinearity diagnostics (VIE, condition number), re-
fit models with regularization and LOOCYV, and removed derived NDVI from LAI-based multivariate models
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at 90 DAS.
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Fig. 6. (continued)

unless independently measured NDVT is available. Detailed influence diagnostics (Cook’s distance, leverage)
and full cross-validated error statistics (RMSE, MAE, PBIAS, and prediction intervals) will be reported once the
original predictor matrix and fitted models are re-analysed.

Figure S2 shows that the N, plot had highest harvest Index (46.56%) having harvest nutrient rate, while the F,
plot had lowest harvest Index (40.96%) having lowest nutrient rate (Table S4). It shows that nutrient application
is inter connected with whole plant development and its growth data.

Figure S1 shows that the N, plot had the highest plant height, while the F, plot had the lowest height. This
shows that this occurred due to nutrient rate supply in lower to higher ratio. The R? value was plotted between
observed and predicted yields at different Days After Sowing (DAS) 60, 90, 120. Figure 5(A-A,,) and results are
summarized in Table 1 which shows that R? had a high value of 0.96 at 60 DAS when calculated in combination
with Normalized Difference Vegetation Index (NDVI) and Leaf Area Index (LAI). It means that when canopy
cover was high, having the highest NDVI then yield had a high value. In addition, when the plant height was
considered with LAI and NDVI at 60 DAS, then the same R? value was found. So, no effect has found on plant
yield when only the height parameter was considered. The INSEY model was compared with observed yield and
had an R? value of 0.6658.

Figure 5 (B,-B,) shows that the N, plot had the highest residuals of 1346.69 at 60 DAS when only one
parameter NDVI was considered, while the F, plot had the lowest residuals of —~1647.50 at 60 DAS when the
NDVI value was considered.

Also, when LAI was considered at 60,90,120 DAS, then the N, plot had the highest residuals at 60 DAS and
the F? plot had the lowest residuals at 60 DAS (Supplementary table S6).

Figure 5(B_-B, ,) shows that the F3 plot had the highest residuals of 567.027 at 90 DAS, while the N, plot had
lowest residual value of ~505.37. It means LAI was the most valuable parameter for yield modelling. The F, plot
has the highest residuals of 819.35 at 90 DAS and the N, plot had the lowest residuals of —41523.8 at 60 DAS.
(Supplementary table S7).

Figure 5(B,,-B,;) shows that the N3 plot had residuals of 1462.82 at 60 DAS when NDVT and height were
considered, while the N, plot had the lowest residuals of —372.27. The N, plot had the highest residuals of
2769.85 at 120 DAS, while the N, plot had the lowest value of residuals of —375.53, when LAI and height were
considered. (Supplementary table S8).

Figure 5(B ,-B,,) shows that the N3 plot had residuals value of 11.37 at 90 DAS, while the N, plot had the
lowest residuals of —=5947.28 at 60 DAS when plant height, LAI, and NDVTI were considered. The N, plot has the
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Fig. 6. (continued)

highest residuals of 1541.30 at 60 DAS, while the F, plot had the lowest residuals of —486.61 at 120 DAS, when
LAI/Height was considered (Supplementary table S9).

Figure 5(B,.-B,,) shows that the F3 plot had the highest residuals of 921.90 at 90 DAS, while the F, plot
had the lowest residuals of —8434.25 at 60 DAS, when (LAI/H?) was considered. The N, Plot had the highest
residuals of 1376.03 at 60 DAS, while the N, plot had the lowest residuals of —366.57 at 120 DAS when the (LAI/
Height + NDVI) parameters were considered. (Supplementary table S10).

Figure 5(B,,-B,,) shows that the N, plot had the highest residuals value of 2738.64 at 120 DAS, while the N,
plot had the lowest residuals of —366.73 at 90 DAS when the (LAI/H? + NDVI) parameters were considered. The
N, plot had the lowest residuals of ~1599.72 and the N, plot had the highest residuals of ~1168.70 when INSEY
model was considered. (Supplementary table S11).

The relationship between wheat yield and parameters LAI, plant height, LAI-based NDVI, and their various
combinations is shown in Table 1.

Figure 6(A,-A,) shows the agreement between computed and observed yields when NDVI was the only
available parameter. At 60 DAS the agreement was poor, whereas at 90 and 120 DAS, the R? value showed
considerable improvement and reached up to 0.66-0.67. Figure 5(B, to B,) shows the predictive performance of
NDVI-based relationship at 60, 90 and 120 DAS. At 60 DAS the agreement was poor, as expected. However, at
90 and 120 DAS, the agreement between computed and observed yields was better in the N}, N, and N; plots.
However, the NDVI-based model failed to predict yield in the case of the F, Plot.

Figure 6(A,-A,) is based on the yield versus LAI relationship. The performance was similar to the NDVI-
based yield model. At 60 DAS the computed yield differed a lot from the observed yield, whereas from Fig. 6(A -
A,), it can be seen that the predictive ability of LAI-based model was again poor for the F,, N, and N, plots at
60 DAS in comparison to 90 and 120 DAS. From Fig. 5B, and 6B, it can be seen that the LAI-based relationship
was better for plot F, than the NDVI-based relationship.

Figure 6(A_-A,) is based on the yield versus height relationship. Interestingly the R* value was higher than
either NDVT or LAI-based relationship for 60 DAS. Similarly, the R? value was around 0.5 for 90 and 120 DAS
and was certainly on a lower side than the corresponding NDVI or LAI-based values.

In the next phase, two variables-based crop yield models are presented in Fig. 6(A,;-A,,). The NDVI and
LAI-based model did well in the case of DAS 60 with an R? value as high as 0.96. The R? value had increased with

the use of two variables, as shown in Fig. 6A,7A ,7A | ,7A ,,7A | 7A ,and 7A ;. However, from Fig. 5B, -8B,
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Fig. 6. (continued)

the predicted yield varied considerably in the case of the F, plot. With this in view, further efforts were made to
relate crop yield using three variables.

For NDVI, LAI, and Height, the agreement between calibrated and observed yields is shown in Fig. 6A,,—5A,,.
Although the R? values had slightly improved when compared to two variables-based yield models, the predicted
yield in the case of plot F, still did not match the observed yield.

The performance of models based on structural canopy ratios is illustrated in Fig. 6 (A22-A34). Figures 6
(A22-A24) show the relationship between observed and predicted yields using the LAI/Height ratio at 60,
90, and 120 DAS, respectively, indicating moderate agreement, particularly at later growth stages. A marked
improvement in predictive performance is observed for the LAI/Height>-based models (Fig. 6 (A25-A27)),
which exhibit higher R? values across all stages, especially at 90 and 120 DAS.

The combined indices LAI/Height + NDVI (Fig. 6 (A28-A30)) and NDVI+LAI/Height? (Fig. 6 (A31-A33))
further demonstrate stable and improved agreement between observed and predicted yields, highlighting the
benefit of integrating spectral information with canopy structural parameters. Finally, the INSEY-based model
performance at 90 DAS is presented in Fig. 6 (A34), which shows comparatively lower agreement than the best-
performing structural ratio models.

To assess the combined impact of canopy density and vertical structure on yield prediction, two derived
ratios LAI/H and LAI/H? were introduced. These ratios adjust leaf area by plant height, indicating canopy
structural efficiency: LAI/H measures leaf density per unit height, while LAI/H? considers light reduction
as canopy depth increases. They incorporate both horizontal (leaf area) and vertical (height) characteristics,
showing how effectively plants transform height growth into photosynthetically active surface area. The higher
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Fig. 6. (continued)

R? values (0.72-0.81) found in LAI/H?-based models indicate that using these structural indices enhances yield
prediction accuracy by considering the spatial distribution and efficiency of foliage within the canopy.

Normalizing the leaf area index (LAI) by dividing it by plant height or its square helps to adjust for differences
in canopy height, considering the distribution of biomass vertically and the efficiency of light capture. Canopies
that are taller but have the same LAI generally exhibit lower leaf density and decreased efficiency in using light?”2%.
Therefore, the ratios LAI/H and LAI/H? serve as measures of canopy structural efficiency, indicating how well
the foliage is organized vertically to enhance photosynthesis and improve the accuracy of yield predictions.

Despite evaluating 34 regression models, only a handful proved to be competitive according to information-
theoretic and cross-validation analyses. Among the individual predictors, LAI/H? at 60 DAS emerged as the most
effective, achieving the lowest AIC (120.3), BIC (122.8), and LOOCV RMSE (approximately 265 kg ha™). In
terms of models with multiple predictors, both Height + LAI and Height + LAl + NDVI at 90 DAS demonstrated
similar accuracy (RMSE around 250-270 kg ha™), though they had slightly higher AIC/BIC values due to the
inclusion of additional parameters. Since NDVI was derived from LA, its inclusion led to significant collinearity
(VIF>8), making the Height + LAI (90 DAS) model the most robust and interpretable. These leading models are
further elaborated upon, with the complete set of models available in Supplementary Table S1.

Model performance varied notably across predictor combinations (Table 5). Among all candidates, the
LAI/H? (60 DAS) model (M1) achieved the highest accuracy (R* = 0.81, RMSECV =265 kg ha™") with stable
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Fig. 6. (continued)

coefficients and the lowest AIC, identifying it as the best single-predictor model. The Height + LAI (90 DAS)
model (M2) also performed well (R* = 0.72, RMSECV =250 kg ha™'), representing the most parsimonious
multi-predictor formulation. The inclusion of NDVI in M3 (Height+ LAI+NDVI) slightly increased R* (0.75)
but introduced strong collinearity (VIF>8) and higher information criteria values, reducing interpretability.
Models combining NDVI with LAI/H? (M4) showed no significant improvement over M1, while the NDVI-only
model (M5) yielded the weakest results (R* = 0.67, RMSECV =310 kg ha™"). Overall, models incorporating both
canopy structure and physiological parameters, particularly LAI/H?, provided the most robust and efficient yield
predictions under the experimental conditions. (Table 5).

The diagnostic plots for the LAI/H? (60 DAS) yield prediction model indicate that the regression assumptions
were satisfactorily met. The residuals vs. fitted plot shows a random scatter around zero, confirming good linearity
and homoscedasticity. The Normal Q-Q plot reveals that residuals closely follow the theoretical line, suggesting
an approximately normal error distribution. Cook’s distance values remain well below the critical threshold
(D <1), indicating no influential outliers, while the residuals vs. leverage plot confirms that no observation exerts

Scientific Reports|  (2026)16:11192 | https://doi.org/10.1038/s41598-026-36373-w nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

4200 1
y = 0.3649x +2986.2
R*=0.67
Ea000{ “o
3 .
= e .
= e
O
S3s04 0 -
= | e °
:
R
ool
£ 3600
°
3400 T T
1500 2000 2500
Observed Yield(Kg/ha)

Fig. 6. (continued)

INSEY Model

Model Type DAS (days) | R> | RMSE (kgha™) | MAE (kgha™) | PBIAS (%)
NDVI 90 0.66 | 190 155 +4.2
LAI 90 0.66 | 175 143 -3.1
Height 90 0.54 | 200 160 +6.0
NDVI+LAI 60 0.96 | 85 65 +1.3
LAI/H? 90 0.72 | 90 70 -2.4
LAI/H?> + NDVI | 90 0.81 | 88 68 -1.9
INSEY (NDVI) | 90 0.66 | 180 145 +3.8

3000

Table 2. Comparison of regression model performance for wheat yield estimation using spectral and canopy

variables.
Model R? (full) | Adj R* | R* (LOO-CV) | RMSE (CV, kgha™) | MAE (CV) | PBIAS (CV) | AIC | BIC
LAI/H2 (60) |0.81 075 [0.78 265 220 -2.4% 120.3 | 122.8

Table 3. Cross-Validation statistics for the LAI/H? (60 DAS) yield prediction model.

Model Coefficient | Estimate | Std. Error |t P 95% CI lower | 95% CI upper | VIF
LAI/H2 (60) | const 2450.3 120.4 20.4 | <0.001 | 2200.1 2700.5 —
LAI/H2 (60) | z(LAI/H2) 312.1 48.7 6.4 | 0.0004 | 205.3 418.9 1.2

Table 4. Regression coefficients and statistical significance for the LAI/H? (60 DAS) model.

MAECV
Predictor variables | No. of R? RMSECV | (kg
Model ID | (DAS) parameters | (full) | AdjR* | (kgha™') |ha™) AIC | BIC |AAIC | Rank | Remarks
Ml LAI/H? (60) 2 081 075 |265 220 1203 (1228 | 00 |1 Best single-predictor, stable
coeflicients
M2 Height+LAI (90) 3 072 |0.68 |250 230 1224 1257 | +21 |2 Most parsimonious multi-
predictor
Height + LAT+ NDVI High R” but collinear
M3 (90) 4 0.75 0.69 247 226 124.9 | 129.6 | +4.6 3 (VIE>8)
M4 LAI/H? + NDVI (60) | 3 0.81 0.74 275 236 125.8 | 129.0 | +5.5 4 No significant gain over M1
M5 NDVI (120) 2 0.67 |0.64 310 270 129.6 | 132.1 | +9.3 |5 Weaker single-index predictor
Table 5. Summary of regression models and validation statistics for yield estimation.
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Model Diagnostic Plots for LAI/H? (60 DAS) Yield Prediction Model
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Fig. 7. Model diagnostic plots for the LAI/H” (60 DAS) yield prediction model.

undue influence on the model fit. Overall, these diagnostics support the reliability and stability of the LAI/H?
model for yield estimation under the given experimental conditions. (Fig. 7a, b, ¢, d)

Across Tables S6, S7, S8, observed grain yields are compared with predictions generated from NDVI,
LAI plant height, and their combined indices at 60, 90, and 120 DAS. Early-season predictions at 60 DAS
consistently show large residuals across all models, reflecting limited predictive capability during initial
vegetative development. In contrast, predictions at 90 and 120 DAS demonstrate markedly improved accuracy,
with NDVI-, LAI-, and height-based models, as well as their combined forms, producing estimates that more
closely correspond to observed yields, particularly in higher-yielding treatments. Notably, models integrating
plant height with spectral indices (e.g., NDVI+LAI and LAI+Height) exhibit greater stability and precision
during mid- to late-season assessments. Overall, these results indicate that yield prediction accuracy improves
substantially as the crop progresses toward maturity, with multi-parameter indices providing the most reliable
performance from mid-season onward.

In Tables S9, S10, S11, observed grain yields are evaluated against predictions derived from a range of
combined indices at 60, 90, and 120 DAS. At 60 DAS, all models exhibit substantial residuals, indicating limited
predictive capability during the early growth stage and highlighting the difficulty of estimating yield before
the crop attains sufficient canopy development. Prediction performance improves markedly by 90 DAS, with
indices such as Height+ LAI+NDVI, LAI/Height, LAI/H?, and LAI/H*+NDVI producing estimates that more
closely align with observed yields. By 120 DAS, several of these combined indices demonstrate near-accurate
predictions, underscoring their strong reliability as the crop approaches physiological maturity. In contrast,
INSEY at 90 DAS consistently overestimates yield across all plots, suggesting reduced suitability under the given
experimental conditions. Overall, these results indicate that while composite indices are unreliable early in the
season, their predictive accuracy improves substantially in mid- to late-season assessments.

Discussion

Efforts to enhance yield prediction involved the introduction of derived parameters such as LAI/H and LAI/
H?, along with their combinations with NDVI, to better capture the efficiency of canopy structure. Given that
LAI (m*/m?) and plant height (H, m) are dimensional, these ratios (and yield) possess similar dimensionality,
allowing for meaningful correlations. Models utilizing LAI/H exhibited relatively low R* values at 90 and 120
DAS, whereas LAI/H? significantly boosted performance (R* = 0.72-0.81) from 60 to 120 DAS, suggesting that
normalizing LAI by the square of canopy height more accurately represented foliage compactness and light-
use efficiency. However, the models underperformed for certain plots (F3, N1-N3) at 60 DAS due to early-
stage nutrient and soil variability, though accuracy improved in later stages. When combined with NDVT, both
NDVI+LAI/H and NDVI+LAI/H> models achieved stable and higher predictive accuracy (R* = 0.71-0.81),
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especially at 90 and 120 DAS, indicating that integrating spectral and structural indicators enhances model
robustness.

The experiment demonstrated notable differences in wheat growth and yield among the treatments,
highlighting the influence of nutrient levels on canopy structure and spectral properties. The NPK treatments
(=25%, +25%, +50% compared to the control dose of 120 kg ha™') and corresponding FYM variations enabled
a systematic evaluation of the effects of nutrient intensity. Plots treated with +25% and +50% NPK (N2, N3)
exhibited higher NDVI, LAI, and plant height than the control and —25% plots (N1), suggesting improved
canopy development with increased nutrient input. The N3 plot (180 kg ha™ NPK) achieved the tallest plants
and the highest harvest index (46.56%), aligning with the beneficial impact of nitrogen on vegetative growth,
while the F3 plot (+50% FYM) had the lowest yield due to slower nutrient release from organic manure. At 60
DAS, model performance decreased for F3 and N1-N3 due to early-stage variability caused by uneven nutrient
release and soil heterogeneity, but accuracy significantly improved at 90 and 120 DAS as nutrient uptake and
canopy uniformity stabilized. To better represent canopy structure, derived ratios LAI/H and LAI/H? were used,
where LAI/H indicates photosynthetic surface per unit plant height, and LAI/H? reflects leaf compactness and
light-use efficiency. Models using LAI/H? achieved higher predictive accuracy (R* = 0.72-0.81) across 60-120
DAS, demonstrating that yield depends not only on total leaf area but also on its spatial distribution within the
canopy, which governs light interception and photosynthetic efficiency.

Limitations

This research faces certain limitations, such as alimited sample size of nine plots and a single-location setup, which
restrict the generalizability of the findings. The use of empirically derived NDVI has introduced collinearity with
LAI which may impact the stability of the model. Data collected at the plot level might not reflect the variability
at the field level, and yield predictions based on point observations limit temporal robustness. Additionally, the
absence of validation across multiple seasons or locations reduces the broader applicability of the results. Future
research should involve larger datasets, independent NDVI measurements, and extended validation to enhance
model reliability.

Conclusions

This study, presented as a proof-of-concept, indicates that integrating physiological and structural variables such
as LAI, plant height, and NDVI can improve wheat yield estimation under controlled conditions. While NDVI
alone provided limited predictive strength, its combination with LAI and height-based ratios (especially LAI/
H?) enhanced model performance, particularly at 90 and 120 DAS. These results highlight the value of multi-
parametric approaches that combine canopy structure and spectral indicators for more reliable yield prediction.
Thee research demonstrated that incorporating both physiological and structural characteristics of plants
significantly enhanced the accuracy of wheat yield predictions compared to relying solely on NDVI. While NDVI
indicated vegetative health, its combination with LAI and plant height provided insights into canopy structure
and nutrient impact, thereby strengthening the model’s reliability. Indices derived from these parameters, such
as LAI/H?, showed superior performance (R* = 0.72-0.81), effectively capturing canopy density and light-use
efficiency. Variability at 60 DAS led to reduced accuracy due to inconsistent nutrient release and soil conditions,
but accuracy improved at 90 and 120 DAS. In summary, multi-parametric models that integrate NDVI, LAI, and
height-based ratios surpassed single-variable models, highlighting the importance of combining structural and
physiological data for dependable yield predictions and precision agriculture.

Regression analyses indicated that wheat yield can be accurately predicted using biophysical parameters like
LAI NDV], and plant height, measured at various growth stages. Models that integrate height and LAI, especially
through ratios such as LAI/H? demonstrated strong predictive capabilities, with parameters measured mid-
season (90 DAS) being the most reliable for assessing yield during the growing season. However, these findings
are suggestive rather than definitive, as they are derived from a limited dataset of nine plots at a single location,
which restricts their generalizability. The high R? values indicate local consistency but do not guarantee broader
applicability. Overall, the study acts as a proof-of-concept, highlighting the potential of using field-measured
canopy traits for yield estimation and laying the groundwork for future validation across diverse soils, climates,
and management practices.

When comparing models using AIC, BIC, and cross-validated RMSE, it was evident that simpler models
matched or surpassed the predictive capabilities of more complex ones. The LAI/H? (60 DAS) model effectively
captured the essential structural-canopy relationship with a minimal number of parameters. Meanwhile,
the Height+LAI (90 DAS) model delivered nearly the same level of accuracy and provided a mechanistic
understanding of canopy vigor and plant height. Although multi-predictor models incorporating NDVI
achieved high R? values, they were penalized by AIC/BIC and exhibited signs of multicollinearity. Therefore,
models based solely on height and LAI offer the most reliable and adaptable framework for predicting wheat
yield in small plots. Future studies should evaluate these simplified relationships across multiple seasons and
locations to verify their general applicability.

The findings are based on a small dataset (nine plots) from a single site and season, limiting generalization.
NDVIwas derived from LAI, introducing potential collinearity, and small plot size with possible soil heterogeneity
may have affected consistency. Future research with larger, multi-season, and multi-location datasets using
independently measured NDVI is recommended to validate and extend these results.

Data availability
The data generated or analyzed during this study are available from the author Anuj Kumar Dwivedi (E-mail:
akdwivedi2009@gmail.com) on reasonable request.
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