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Abstract

Accurate district-level wheat-yield forecasting requires models that generalise across locations
and future crop years while avoiding spatial and temporal leakage. This study developed an
explainable forecasting framework for Madhya Pradesh, India, using 950 harmonised district—
crop-year observations from 38 stable districts, ERAS5-Land meteorology, historical-yield
predictors, and complementary Sentinel-2 indicators. Nineteen model—scenario combinations
spanning historical baselines, linear and ensemble models, recurrent networks, and FT-
Transformer were screened before a protected final test. Performance was assessed using
chronological, rolling-origin, district-grouped, and locked 2020-2022 evaluation, together with
SHAP, Integrated Gradients, matched ablation, frozen-model perturbation, sequence-length
sensitivity, failure analysis, uncertainty assessment, and satellite—yield associations.
SimpleRNN achieved the lowest district-grouped MAE of 304.208 kg ha™', whereas FT-
Transformer performed best under rolling-origin validation with an MAE of 367.610 kg ha™".
Elastic Net achieved the lowest protected-test MAE of 368.498 kg ha™!, outperforming the prior
two-year moving-average baseline by 3.79%. Adding historical-yield features reduced LSTM
MAE by 50.1% spatially and 59.4% temporally, demonstrating the dominant contribution of



recent productivity history. Prediction-interval coverage deviated from nominal levels by at
most 0.877 percentage points, although temporal intervals were wider. High-yield observations
remained more difficult to predict. Late-stage NDMI showed the strongest satellite—yield
association (Pearson r=0.442; Spearman p=0.507). Overall, rigorous validation and strong

historical baselines were more influential than model complexity alone.

Keywords: Wheat-yield prediction; leakage-aware validation; explainable machine learning;

spatial-temporal generalisation; Sentinel-2; Madhya Pradesh.

1. Introduction

Crop-yield prediction is increasingly important for agricultural planning, food-security
assessment, market management, crop insurance, and climate-risk adaptation. Yield is
influenced by interacting temporal and spatial factors, including rainfall, temperature stress,
solar radiation, soil conditions, irrigation, crop management, and historical productivity.
Machine-learning methods are well suited to these heterogeneous relationships because they
can represent nonlinear interactions without requiring all relationships to be specified a priori.
A systematic review by van Klompenburg et al. identified meteorological, soil, remote-sensing,
and historical production variables as major inputs in crop-yield modelling while also
highlighting inconsistencies in data preparation, validation, model comparison, and
reproducibility [1]. Random Forest models have demonstrated strong capability for regional
and global crop-yield prediction using climate and crop-related information [2].

Deep learning provides an alternative for representing complex agricultural relationships. Deep
neural networks have successfully modelled interactions among environmental and
management variables for crop-yield prediction [3], while remote-sensing information has also
been incorporated into deep probabilistic frameworks for regional yield estimation [4].
Machine learning can additionally capture nonlinear yield responses to climate variability,
although extrapolation beyond historically observed environmental conditions remains
challenging [5]. Hybrid approaches combining machine learning with crop-model information
further indicate that data-driven learning and agronomic process knowledge can be
complementary rather than competing strategies [6]. Statistical and process-based crop models
similarly provide different but complementary perspectives on agricultural responses to
environmental change [7].

A central problem, however, is whether apparently accurate models genuinely generalise.

Conventional random cross-validation can produce optimistic estimates when observations



have spatial, temporal, or hierarchical dependence [8]. Time-series prediction therefore
requires validation procedures that respect temporal ordering [9], and the suitability of a
performance-estimation method depends on the forecasting structure and dependence present
in the data [10]. These considerations are particularly important for district—crop-year panels
because repeated observations from the same districts and neighbouring years are not fully
independent.

Recent crop-yield studies further illustrate both the opportunities and limitations of
increasingly complex models. Large-scale machine-learning frameworks have demonstrated
the feasibility of operational crop forecasting across multiple regions and crops [11], whereas
small-data studies show that additional model complexity does not necessarily guarantee
substantial forecasting gains [12]. Wheat-yield prediction has benefited from combining
satellite and climate information under machine-learning frameworks [13], while antecedent
yield, satellite, and climatic information have also proved useful for regional wheat modelling
[14]. Hybrid biophysical-machine-learning approaches can improve dynamic wheat
forecasting by combining process information with data-driven relationships [15]. Regional
European studies similarly demonstrate the potential of machine learning while emphasising
the importance of consistent evaluation across heterogeneous production environments [16].
Generalisability across agricultural regions remains an important limitation. District-level
prediction using climate reanalysis and remote sensing has shown promise within India [17],
while comparisons between panel and time-series approaches indicate that model behaviour
can differ substantially across subnational forecasting structures [18]. The present study
therefore treats Madhya Pradesh as a defined case-study region rather than assuming that fitted
models or performance rankings automatically transfer to Punjab, Haryana, other Indian states,
or international wheat systems. Wheat was selected because its Rabi production cycle provides
a coherent seasonal forecasting window and because a sufficiently long district-level
production record was available for rigorous temporal and spatial evaluation.

Earth observation provides an additional source of information on crop condition. Sentinel-2
imagery has supported high-resolution wheat-yield mapping [19] and within-field wheat-yield
assessment [20]. Nevertheless, spatial prediction also requires careful evaluation because
neighbouring or environmentally similar observations can inflate apparent predictive skill
when separation is inadequate. Spatially structured cross-validation provides a practical
mechanism for reducing this risk [21], and empirical evidence shows that model performance

can deteriorate substantially when genuinely independent spatial validation is imposed [22].



Interpretability and reliability are equally important for agricultural decision support.
Explainable artificial intelligence provides a framework for examining how complex models
arrive at their predictions and for identifying limitations in model-dependent explanations [23].
Prediction uncertainty must also be considered because point accuracy alone does not describe
the reliability of forecasts under changing environmental conditions; uncertainty-quantification
methods for deep learning therefore form an important complementary evaluation dimension
[24]. More broadly, uncertainty in neural networks can arise from data limitations, model
structure, and distribution shift, requiring explicit reliability assessment rather than assuming
that predictive confidence is uniform across observations [25].

Despite these advances, several gaps remain in district-level yield forecasting. Studies often
emphasise a single validation design, report only pooled accuracy, or do not clearly separate
future-year forecasting from transfer to unseen geographical units. Historical-yield persistence
is also not always benchmarked explicitly against recurrent and Transformer-based models,
while explainability, perturbation sensitivity, outlier behaviour, uncertainty calibration, and
computational requirements are rarely assessed within the same protected evaluation
framework.

Accordingly, this study develops an explainable and leakage-aware framework for district-level
Rabi wheat-yield prediction in Madhya Pradesh, India, using 950 harmonised district—crop-
year observations from 38 stable districts. Historical-yield predictors and ERAS-Land
meteorology are evaluated using classical, ensemble, recurrent, and lightweight Transformer
models under chronological, rolling-origin, district-grouped, and locked final-test protocols.
Complementary Sentinel-2 analysis is used to characterise recent seasonal vegetation and
moisture conditions. The study further integrates statistical comparison, explainability,
matched ablation, frozen-model perturbation, sequence-length sensitivity, failure analysis,
prediction-interval reliability, and computational assessment. Deep models are therefore
evaluated as comparative candidates rather than presumed to outperform simpler baselines, and
conclusions are restricted to the observed Madhya Pradesh data regime unless independently

validated elsewhere.

2. Literature Review

District-level crop-yield forecasting has progressed from conventional statistical methods
towards machine-learning, deep-learning, crop-model, and remote-sensing approaches capable
of representing nonlinear relationships among historical productivity, weather, and crop

condition. Regularised linear models remain important benchmarks because agricultural



predictors are often correlated; Elastic Net combines L; and L, penalties to provide stable
estimation and variable selection under such conditions [26]. Tree-based ensembles provide a
complementary nonlinear approach, with Extremely Randomized Trees reducing variance
through randomised feature and split selection [27]. For ordered meteorological sequences,
LSTM networks provide gated memory mechanisms designed to preserve relevant information
across time steps [28]. Attention-based tabular architectures such as FT-Transformer extend
deep learning to structured numerical data through feature embeddings and self-attention [29].
Interpretability is increasingly important because predictive accuracy alone does not explain
why models succeed or fail. SHAP provides theoretically grounded feature-attribution values
for interpreting model predictions [30]. Integrated Gradients provides an attribution
mechanism for differentiable neural networks and is particularly suitable for analysing
sequential inputs by feature, channel, or time step [31]. Remote sensing also provides
complementary indicators of crop condition; SAVI was developed to reduce soil-background
effects in vegetation monitoring [32]. MODIS vegetation indices subsequently demonstrated
the broader radiometric and biophysical value of vegetation-index monitoring [33]. Moisture-
sensitive indices such as NDWI further provide information on vegetation water status that is
not fully represented by greenness measures alone [34].

Deep-learning applications have increasingly combined these information sources. LSTM-
based integration of meteorological and remotely sensed variables has improved wheat-yield
estimation in regional applications [35]. Satellite and weather information have similarly
supported machine-learning-based soybean forecasting, demonstrating the value of multi-
source predictors beyond a single crop [36]. DeepYield combined convolutional and recurrent
representations for crop-yield forecasting, illustrating the potential of architectures that jointly
model spatial and temporal information [37]. Probabilistic extensions of deep neural networks
have also been developed to quantify uncertainty rather than reporting point predictions alone
[38]. Nevertheless, comparisons between Extreme Gradient Boosting and deep-learning
approaches show that greater architectural complexity does not automatically produce superior
yield estimates [39].

Recent studies have therefore placed increasing emphasis on interpretability and generalisation
rather than model complexity alone. Deep crop-yield models have been examined using
interpretability methods to identify the variables responsible for their forecasts [40]. Out-of-
year Sentinel-2 prediction has shown that temporal transfer is a distinct challenge from within-
year fitting and requires explicit evaluation on future seasons [41]. Large-area deep-learning

crop models further demonstrate the potential for adaptive yield estimation across spatially



extensive agricultural systems [42]. Recurrent three-dimensional convolutional networks have
been used to exploit multi-spectral and multi-temporal imagery simultaneously [43]. High-
resolution WorldView-3 and PlanetScope observations have also supported field-scale yield
prediction, indicating the value of dense temporal and spatial crop monitoring [44].

Attention mechanisms provide another route for extracting temporally important remotely
sensed information. Attention-based deep-learning frameworks have been applied to wheat-
yield estimation using remotely sensed indices [45]. UAV hyperspectral imagery combined
with machine learning has demonstrated that model performance also depends strongly on
spectral information and observation scale [46]. Graph-based deep-learning approaches extend
this idea by representing spatial relationships between agricultural observations rather than
treating records as independent samples [47]. More recent attention-based wheat models have
incorporated explicit uncertainty assessment, reinforcing the need to evaluate both predictive
accuracy and reliability [48].

Hybrid modelling has become particularly important because purely data-driven approaches
may not capture agronomic structure under distribution shift. Combining crop-model data
assimilation with machine learning has improved winter-wheat forecasting by integrating
physiological information with learned relationships [49]. In-season prediction studies also
show that the relative contribution of climate forecasts and satellite observations changes
across crop-development phases [50]. The synergistic use of SAR, optical imagery, and
meteorological data similarly improves yield prediction by combining complementary
information sources [51]. Assimilation of observations into WOFOST demonstrates how
process-based crop models can provide an agronomic framework for regional wheat-yield
estimation [52].

Water and vegetation dynamics remain important sources of within-season information.
Including crop water deficit can strengthen remotely sensed yield models by representing stress
conditions that vegetation imagery alone may not fully capture [53]. CubeSat observations
assimilated into crop models have enabled early-season prediction of within-field yield
variability [54]. Sentinel-2 leaf-area information has likewise been coupled with crop-growth
modelling to predict spatial yield variation [55]. At broader scales, photosynthesis and
meteorological stress indices have supported nationwide crop-yield estimation [56]. Wheat
studies combining spectral vegetation indices with meteorological variables further indicate
that remote-sensing signals and weather information provide complementary predictive

information [57].



Recent work has consequently moved towards flexible multi-source frameworks. Versatile
crop-yield estimators have been developed to accommodate heterogeneous environmental and
observational information [58]. Hybridisation of process-based models, remote sensing, and
machine learning has been proposed for spatial prediction of wheat yield and quality [59].
Deep-learning models integrating multiple environmental data sources further illustrate the
continuing expansion of wheat-yield forecasting beyond single-source predictors [60].
Explainability and reliability remain essential when these models are intended for agricultural
decision support. Tree-specific SHAP methods enable local explanations to be aggregated into
global understanding of fitted model behaviour [61]. However, dependence among predictors
can affect Shapley-value interpretation, requiring caution when correlated agricultural
variables are analysed [62]. This concern supports retaining inherently interpretable models as
benchmarks rather than assuming that post hoc explanations fully resolve black-box behaviour
[63]. Distribution-free predictive inference provides a principled basis for constructing
regression uncertainty intervals without relying on strong parametric assumptions [64].
Jackknife+ methods further extend predictive inference by providing finite-sample interval
guarantees under appropriate conditions [65]. Proper scoring rules are therefore useful for
evaluating uncertainty estimates jointly in terms of calibration and sharpness rather than
coverage alone [66].

Overall, the literature supports a comparative framework rather than a presumption that one
model family is universally superior. District-level crop-yield forecasting should therefore
combine transparent baselines, nonlinear models, sequential architectures, remote-sensing
information, leakage-aware temporal and spatial validation, interpretable prediction
mechanisms, and explicit uncertainty assessment. This provides the basis for evaluating
whether additional model complexity produces genuine and transferable gains rather than

improvements confined to a particular validation design.

3. Methodology

3.1 Research Design, Study Scope, and Prediction Objectives

3.1.1 Overall Research Design

This study used a retrospective, secondary-data predictive-modelling design for district-level
Rabi wheat-yield estimation in Madhya Pradesh, India. The analytical unit was a stable district—
crop-year observation, with official wheat yield (kg ha™) as the response. Agricultural

statistics, administrative boundaries and historical district crosswalks, ERAS5-Land



meteorology, historical-yield predictors, and complementary Sentinel-2 data were integrated
using Python and Google Earth Engine.

The framework comprised data harmonisation, target reconstruction, leakage-controlled
feature engineering, model development, temporal and spatial validation, one-time locked final
testing, explainability and robustness analysis, prediction-reliability assessment, computational
evaluation, and complementary satellite—yield analysis. All feature definitions, preprocessing
rules, validation procedures, model-selection decisions, and canonical reporting models were
established before accessing the locked final-test period.

Figure 1 summarises the complete leakage-aware workflow from data acquisition and stable-
district harmonisation to model evaluation, explainability, robustness, uncertainty assessment,

computational reporting, and Sentinel-2 analysis.
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Figure 1. Leakage-aware methodological workflow for district-level Rabi wheat-yield forecasting and

complementary Sentinel-2 seasonal association analysis in Madhya Pradesh, India.

3.1.2 Study Area and Madhya Pradesh Selection

Madhya Pradesh was selected because it provides a long, consistent district-level wheat-
production record, reconstructable historical administrative boundaries, complete long-term
meteorological coverage, and adequate recent Sentinel-2 observations. Its variation in wheat

productivity, cultivated area, agroclimatic conditions, irrigation availability, and agricultural



intensity also supports evaluation of both future-year forecasting and transfer to districts
excluded from model fitting.

The study is a state-specific empirical assessment rather than evidence of universal
geographical generalisability. Although the framework may be adaptable elsewhere, the
reported performance has not been externally validated for Punjab, Haryana, Maharashtra,
other Indian states, or wheat-growing regions outside India. Application to these regions would
require region-specific data harmonisation, model retraining, and independent temporal and

spatial validation.

3.1.3 Wheat-Crop Selection and Temporal Framework

Wheat was selected because it is an important Rabi crop with a well-defined seasonal cycle
and a sufficiently long official district-level production record. Its crop calendar allowed
consistent representation of meteorological conditions from October of the sowing year to April
of the following year, while the historical record supported comparison of recent productivity,
yield persistence, variability, and trend with meteorological predictors.

Crop years were indexed by their starting year; for example, crop-year start 2019 represented
the 2019-2020 Rabi season. The meteorological season extended from 1 October of the starting
year to 30 April of the following year, with 1 May used as the exclusive date-filtering endpoint.
Agricultural and meteorological records covered 1997-1998 to 20222023, except for the
unavailable 2009-2010 agricultural record. Sentinel-2 analysis covered 2017-2018 to 2022—
2023 because consistent harmonised Level-2A surface-reflectance data were available from
2017 onward. Soybean, rice, maize, and other crops were outside the study scope because they
would require crop-specific seasonal windows, feature definitions, model development, and

external validation.

3.1.4 Sample-Size Rationale and Effective Independence

The harmonised archive contained 950 district—crop-year observations from 38 stable districts
and 25 available crop years. Because districts were repeatedly observed across years, these
records were not fully independent; spatial persistence and temporal dependence reduced the
effective information available for fitting highly parameterised models.

Historical-feature eligibility and separation of the locked final-test period produced a common
development panel of 608 observations, with a further 114 observations reserved for the locked
20202022 test. These constraints motivated compact neural architectures, constrained

development-stage searches, strong persistence and regularised linear baselines, early stopping,



weight regularisation, gradient clipping, fixed random seeds, and leakage-aware spatial and
temporal validation.

Deep-learning models were therefore treated as controlled comparative candidates rather than
presumed superior. Conclusions were restricted to the observed district-level panel, evaluated

model configurations, and specified validation protocols.

3.1.5 Prediction Tasks and Generalisation Targets

Four complementary evaluation tasks were defined. Primary chronological validation used
later development years to screen model-scenario candidates and establish the canonical
reporting set. Rolling-origin validation assessed future-year forecasting using only
observations preceding each validation crop year. District-grouped validation assessed spatial
transfer by withholding complete stable districts from model fitting, while the locked 2020—
2022 final test provided a one-time evaluation of the frozen canonical models.

These protocols targeted different forms of generalisation. District-grouped validation
measured transfer to untrained geographical units for which historical predictors remained
available, whereas rolling-origin validation assessed forecasting under temporal distribution
shift. Performance under one protocol was therefore not assumed to imply equivalent

performance under another.

3.1.6 Locked Final-Test Policy
Crop-year starts 2020, 2021, and 2022 were reserved as the locked final-test period before

model development. These observations were excluded from feature selection, preprocessing
decisions, climatological-reference estimation, architecture and hyperparameter selection,
candidate promotion, statistical-procedure selection, and prediction-interval calibration.

The final test was executed once after the feature registry, preprocessing rules, validation
assignments, statistical plan, random seeds, model configurations, and canonical reporting set
had been frozen. Models excluded during development were not reconsidered after final-test
inspection.

Subsequent explainability, perturbation, sequence-sensitivity, reliability, computational, and
reporting analyses used saved development-stage predictions, fitted pipelines, neural
checkpoints, and development-only observations where applicable. Locked final-test results
were retained solely for final reporting and were not reused for model selection or analytical

refinement.



3.2 Data Sources, Selection Rationale, and Missing Covariates

The study integrated official agricultural statistics, administrative-boundary data,

meteorological reanalysis, surface-reflectance imagery, optical-quality information, and land-
cover products. Table 1 summarises the source, coverage, extracted information, and analytical
role of each dataset. Agricultural, boundary, and ERAS5-Land data supported the principal

predictive analysis, whereas Sentinel-2 and land-cover products supported a complementary

district-level vegetation and moisture assessment.

Table 1. Data sources and their analytical roles

Data Source Coverage and | Information Analytical role
component resolution used
Agricultural Directorate  of | District—crop- Cultivated area, | Target
statistics Economics and | year; 1997— | production, reconstruction
Statistics, 1998 to 2022— | reported yield, | and  historical-
Government of | 2023, excluding | district, crop, | yield feature
India [67] 2009-2010 season, and | generation
crop year
Administrative | Survey of India | Contemporary | District names, | Reconstruction of
boundaries Administrative | district Local stable historical
Boundary Data | polygons Government district units
Base [68] Directory
codes, state
identifiers, and
geometry
Meteorological | ERAS-Land Daily; Precipitation, Seasonal,
reanalysis Daily approximately | air and dew- | monthly,
Aggregated [69] | 11.1 km; 1997 | point anomaly, event,
1998 to 2022- | temperature, and  sequential
2023 radiation, and | predictors
wind
Surface Harmonised 10-20 m; 2017— | Blue, red, near- | Complementary
reflectance Sentinel-2 2018 to 2022- | infrared, and | vegetation and
Level-2A 2023 short-wave-




Surface infrared moisture

Reflectance [70] reflectance assessment
Optical-quality | Cloud Score+ S2 | Sentinel-2 pixel | cs_cdf optical- | Cloud and
information Harmonized grid quality score atmospheric-

[71] quality filtering
Dynamic land | Dynamic World | 10 m Crop-class Supporting land-
cover V1 [72] probability cover assessment
Static land | ESA 10 m Class 40 | Fixed  general-
cover WorldCover cropland cropland mask

2021 v200 [73]

3.2.1 Agricultural Statistics

District-level agricultural statistics were obtained from the Directorate of Economics and
Statistics through the Open Government Data Platform India [67] and filtered for Madhya
Pradesh, wheat, and the Rabi season.

District names were standardised, crop-year labels separated into starting and ending years,
and cultivated area, production, and reported yield converted to numeric form; conversion
failures were retained as missing during quality assessment. The original extract contained
1,217 records, 52 agricultural-statistics-compatible district names, and 25 available crop years.

Wheat yield was independently reconstructed from cultivated area and production as:

Yd,t = . =, (1)

where Yy, is the reconstructed wheat yield for district d and crop year t, expressed in kg ha
~1; Py is wheat production in tonnes; Ay ¢ is cultivated wheat area in hectares; and the factor
1000 converts tonnes to kilograms.

Reconstruction was necessary because area and production are additive when administrative
units are merged, whereas district yields cannot be validly combined by an unweighted mean.
Reconstructed and reported yields were compared to detect unit or data-entry inconsistencies.
Duplicate district—crop-year keys, invalid area or production values, and non-computable
yields were checked before spatial harmonisation. The unavailable 2009-2010 agricultural

record remained missing and was neither reconstructed nor imputed.



3.2.2 Administrative Boundaries and Stable-District Reconstruction

District polygons were obtained from the Survey of India Administrative Boundary Data Base
[68] and filtered to Madhya Pradesh, yielding 55 contemporary districts. Retained attributes
included district name, Local Government Directory code, state identifiers, and geometry.
The boundary layer was checked for duplicate identifiers, missing or invalid geometries,
unexpected district names, and coordinate-reference issues. Invalid geometries were repaired,
and the final layer was transformed to EPSG:4326.

Because several present-day districts were created during the study period, the contemporary
boundaries could not be joined directly to the full agricultural record. A documented historical
crosswalk was therefore used to assign recent child districts to consistent parent units and
dissolve the 55 polygons into 38 stable analytical districts. This preserved consistent district
definitions through time and prevented administrative changes from being interpreted as
productivity changes. The detailed crosswalk and aggregation procedure are described in

Section 3.3.

3.2.3 ERAS-Land Meteorological Data
Daily meteorological data were obtained from the ECMWEF/ERAS5 LAND/DAILY AGGR

collection [69]. ERA5-Land was selected for its spatial completeness, temporal continuity, and
consistent variable definitions across all stable districts and crop years.

Extracted variables included precipitation, minimum, maximum, and mean 2-m air
temperature, 2-m dew-point temperature, downward surface solar radiation, and 10-m zonal
and meridional wind components. Temperature was converted from Kelvin to °C, precipitation
from metres to millimetres, and radiation from J m2 to MJ m2; small negative precipitation
artefacts were set to zero.

Wind speed and relative humidity were derived, and daily temperature range, growing-degree
days, rainy and heavy-rainfall days, heat-stress exposure, maximum one-day rainfall, and
maximum dry-spell duration were calculated. A 5 °C base temperature was used for wheat
growing-degree days. Meteorological fields were aggregated over stable district polygons at
approximately 11,132 m and organised into October—April seasonal summaries and monthly
sequences. Training-partition-specific anomaly construction is described in Section 3.4.
ERAS5-Land was not directly benchmarked against CHIRPS, NASA POWER, India
Meteorological Department products, or MERRA; the results therefore reflect a consistently
harmonised ERAS5-Land-based framework rather than a comparison of meteorological

products.



3.2.4 Sentinel-2 and Land-Cover Data

Sentinel-2 Level-2A surface reflectance was obtained from the
COPERNICUS/S2 SR HARMONIZED collection [70], selected for numerical consistency
across processing baselines, suitable visible, near-infrared, and short-wave-infrared bands, and
adequate recent coverage. Reflectance values were multiplied by 0.0001 before spectral-index
calculation.

Cloud Score+ data from GOOGLE/CLOUD_SCORE PLUS/V1/S2 HARMONIZED [71]
were linked to Sentinel-2 scenes using common image identifiers and combined with Sentinel-
2 quality information to exclude cloud-contaminated and unsuitable pixels.

Dynamic World V1 crop probability was examined as supporting land-cover information [72],
while final publication statistics used ESA WorldCover v200 class 40 as a fixed general-
cropland mask [73]. This mask was not treated as a wheat-specific classification; therefore,
Sentinel-2 results represent district-level spectral conditions over mapped general cropland
associated with official wheat statistics rather than field-level wheat observations.

Sentinel-2 was not benchmarked against MODIS, Landsat, or Planet imagery. The satellite
component was intended as a complementary seasonal association analysis using one

consistently processed image source, not as a comparison of remote-sensing platforms.

3.2.5 Unavailable Soil, Terrain, Management, and Economic Variables

Consistent district—crop-year data were unavailable for soil texture, soil organic carbon, soil
pH, elevation, slope, irrigation coverage, groundwater availability, fertiliser application,
cropping intensity, sowing date, market price, and other management inputs. These variables
were therefore excluded, and no indirect proxy was treated as an equivalent direct
measurement.

Historical-yield predictors may partly reflect persistent local conditions related to soil,
irrigation, management, technology, and reporting, but they were used only as predictive
indicators and not as causal measures. The absence of direct soil, irrigation, and management
variables therefore limits agronomic attribution and is addressed in the Discussion and study

limitations.

3.3 Spatial and Temporal Data Harmonisation
3.3.1 Stable-District Construction
Several present-day districts were created by subdividing earlier administrative units, making

the 55 contemporary polygons unsuitable for direct use across the full agricultural record. They



were therefore reconstructed into 38 stable analytical districts to maintain consistent spatial
definitions and avoid artificial changes in cultivated area, production, and yield.

The crosswalk used standardised district names, Local Government Directory identifiers, and
documented parent—child relationships. Mappings combined Pandhurna—Chhindwara,
Ashoknagar—-Guna, Harda—Hoshangabad, Katni—Jabalpur, Alirajpur—Jhabua, Burhanpur—
Khandwa, Barwani—Khargone, Dindori-Mandla, Neemuch—Mandsaur, Sheopur—Morena,
Mauganj—Rewa, Maihar—Satna, Anuppur and Umaria—Shahdol, Agar Malwa—Shajapur,
Singrauli—Sidhi, and Niwari—Tikamgarh. Narmadapuram was aligned with Hoshangabad and
Narsimhapur with Narsinghpur.

An intermediate 52-unit geography matched the agricultural source before dissolution into 38
stable districts. Geometries were checked, repaired, transformed to EPSG:4326, and audited to

ensure each source unit mapped to one stable district.

3.3.2 Agricultural Aggregation and Yield Validation

For each stable district and crop year, cultivated area and production were summed across
contributing source districts using the administrative crosswalk, and wheat yield was
recalculated from the aggregated values using Equation (1).

Source-district yields were not averaged directly, as this would ignore differences in cultivated
area. Recalculation after aggregation preserved appropriate area weighting and consistency
with the stable spatial units.

Reconstructed yields were checked against source information for unit, aggregation, or
transcription inconsistencies. Harmonisation produced 950 stable district—crop-year
observations across 38 districts and 25 available crop years, with no duplicate keys, unmatched

units, invalid area or production values, or unresolved target inconsistencies.

3.3.3 Crop-Year Definition and Seasonal Alignment

Crop years were indexed by their starting year; for example, crop-year start 2019 represented
the 2019-2020 Rabi season. Agricultural targets were aligned with meteorological
observations from 1 October of the starting year to 30 April of the following year, with 1 May
as the exclusive date-filtering endpoint.

This alignment ensured that seasonal and monthly predictors corresponded to the correct
wheat-production record. Each recurrent sequence contained seven monthly positions in the

fixed October—April order.



3.3.4 Missing-Year Policy and Analytical Eligibility

The complete 2009-2010 agricultural record was unavailable and was not reconstructed or

imputed. As summarised in Table 2, crop years whose historical-feature windows intersected

this missing record were excluded from matched modelling. Crop-year starts 1997-1999 were

used only for historical-feature initialisation; 2000-2008 and 2013-2019 formed the eligible

development period; 2010-2012 remained in the archive but were excluded from common

modelling; and 2020-2022 were reserved as the locked final test.

Table 2. Crop-year coverage and analytical treatment

Crop- Stable Analytical treatment Rationale

year observations

starts

1997— 114 Historical-feature Complete preceding

1999 initialisation only historical ~windows  were
unavailable

2000 342 Eligible development period | Consecutive historical

2008 windows were available

2009 0 Unavailable The complete 2009-2010
agricultural record was absent

2010- 114 Retained in archive but | Required historical windows

2012 excluded from matched | intersected the wunavailable

modelling crop year
2013—- 152 Eligible development period | Consecutive historical
2016 observations ~were again

available




2017—- 114 Primary chronological | Later development years used

2019 validation within | for candidate screening
development

2020— 114 Locked final test Withheld  before = model

2022 selection

2017- 228 Complementary  Sentinel-2 | Consistent Level-2A

2022 assessment coverage was available

The common development panel contained 608 observations from 38 districts across 16
eligible crop years. The 228-observation Sentinel-2 panel overlaps the development and final-

test periods and was analysed separately.

3.3.5 Dataset Alignment and Quality Assurance

All datasets were aligned using a composite stable-district and crop-year-start key linking
agricultural targets, historical-yield features, seasonal and monthly weather data, satellite
statistics, validation assignments, predictions, uncertainty estimates, perturbation records, and
explanation outputs.

Tabular and sequential datasets were audited for unmatched identifiers, duplicate district—crop-
year keys, target or crop-year disagreement, missing or non-finite values, invalid geometries,
incomplete or misordered October—April sequences, ineligible historical-feature windows, and
chronological inconsistencies.

Each accepted recurrent input contained all seven monthly positions in the prescribed order.
District identity was retained for alignment, mapping, grouped validation, reliability
assessment, and residual reporting, but excluded from the primary predictor matrices to prevent
direct district memorisation.

3.3.6 Authoritative Sample Accounting

Table 3 presents the definitive sample counts used in the study. Because the evaluation sets

overlap, these counts should not be summed to derive a total sample size.

Table 3. Authoritative data and evaluation sample accounting

Component Count | Interpretation

Original agricultural records 1,217 | Records before stable-district

harmonisation




Agricultural-source district names 52 District names compatible with the
agricultural dataset

Contemporary boundary polygons 55 Present-day Madhya Pradesh districts

Stable analytical districts 38 Historically consistent spatial units

Available crop years 25 All years except the unavailable 2009—
2010 record

Harmonised district—crop-year | 950 districts x available crop years

observations

Common development observations 608 districts x eligible crop years

Primary chronological-validation | 114 2017-2019; subset of the development

observations panel

District-grouped out-of-fold | 608 One prediction for each development

predictions per model observation

Rolling-origin out-of-fold predictions | 342 Nine held-out crop years x 38 districts

per model

Locked final-test observations 114 2020-2022; three crop years % 38 districts

Sentinel-2 district—crop-year | 228 2017-2022; six crop years x 38 districts

observations

3.4 Feature Engineering and Preprocessing

The predictor framework separated prior productivity, absolute meteorological conditions,

climate anomalies, and ordered monthly weather information. This separation enabled the

contribution of each information source to be evaluated under matched validation and

preprocessing conditions. Satellite-derived variables were retained in a separate recent-period

panel and were not included in the primary predictive feature matrices. The predictor groups,

representations, and leakage controls are summarised in Table 4.

Table 4. Predictor groups, representations, and preprocessing controls

Predictor Principal variables

group

Representation

Leakage control

Historical One-year lag, two-

yield three-year means, two-

three-year standard

and

and

District—crop-year

tabular input

Only crop
preceding the

year were used

years

target




deviations, coefficients of

variation, and prior trend

Seasonal Rainfall, temperature, | District—season Transformations were
weather humidity, radiation, wind, | tabular input estimated within each
growing-degree days, training partition
rainfall events, heat
exposure, and dry spells
Climate Absolute and standardised | District—season Climatological
anomalies rainfall and temperature | tabular input references were
departures estimated from training
observations only
Monthly Seven October—April | tensor Monthly order was
weather positions with 13 fixed, and
sequence meteorological channels preprocessing used
training  observations
only
Static Eight historical-yield | Separate static | Imputation and scaling
recurrent features branch were fitted within each
input training partition
Satellite NDVI, EVI, SAVI, NDMI, | Separate recent- | No satellite values were
variables seasonal-stage summaries, | period district— | reconstructed  before
and stage changes crop-year panel 2017

3.4.1 Historical-Yield Features

Historical-yield features were generated chronologically for each stable district. The frozen

eight-feature block represented immediate persistence, recent productivity, short-term and

relative variability, and prior yield trend.

The one-year lag was defined as

)
Ld,t

= Yd,t—lf

(2)

where LS} is the lagged yield for district d and target crop year t, and Y5 ., is the observed

yield in the immediately preceding crop year.

Mean yield over the preceding K crop years was calculated as




70 — Z Yaeio K € {23} (3)

where K denotes the historical window. Two- and three-year means represented recent
productivity while smoothing isolated annual fluctuations.

Historical variability was calculated as

7 (K)
K) _ 2Il«f=1 (Yd,t—k Ydt )
Sd t K—1

K € {23}, 4

(K

where s; ) is the sample standard deviation of prior yield. Relative variability was represented

by the coefficient of variation:
(K)

- (K)’
dt

cv ) = K € {2,3). (5)

This dimensionless measure enabled variability comparison across districts with different
productivity levels.

The eighth feature was a prior trend term derived exclusively from observations preceding the
target year, indicating whether recent district yield had increased, decreased, or remained
stable. Its calculation and window were fixed before validation.

Exact crop-year matching was required. An earlier observation was not substituted when an
intervening crop year was missing, and current or future yields were excluded from all
historical calculations. These predictors represented prior productivity and were not interpreted
as causal measures of soil, irrigation, management, technology, or other unobserved agronomic

factors.

3.4.2 Seasonal Weather and Stress Features

Daily ERAS5-Land observations were aggregated over the October—April Rabi wheat season.
Seasonal predictors included total rainfall, maximum one-day rainfall, rainy- and heavy-
rainfall frequency, maximum dry-spell duration, minimum, maximum and mean temperature,
temperature range, relative humidity, solar radiation, wind speed, growing-degree days, and
heat-stress-day frequency.

Rainy and heavy-rainfall days were defined using precipitation thresholds of >1 mm and >10
mm, respectively. Dry days used the <1 mm threshold, with maximum dry-spell duration
representing the longest consecutive dry period. Heat-stress days were defined by maximum

temperature >35 °C, while growing-degree days used a 5 °C base temperature.



Rainfall- and temperature-event indicators were calculated at the ERAS5-Land pixel level and
then averaged within each stable district, allowing fractional district-level counts. Maximum
dry-spell duration and maximum one-day rainfall were similarly summarised as district means

of pixel-level seasonal values.

3.4.3 Weather-Anomaly Features

Absolute meteorological variables represented observed seasonal conditions, while anomaly
features measured departures from training-based climatological references. For
meteorological variable j, the absolute anomaly was defined as

Aarj = Xaej — Kj) (6)
where A, ; is the anomaly for district d, crop year t, and variable j; Xy, ; is the observed
seasonal value; and y; is the climatological mean estimated only from the applicable training
partition. Positive and negative values indicate conditions above and below the training
reference, respectively.
Standardised anomalies were calculated as

Agrj
Zge; =—=, (7)
g

where g; is the training-partition standard deviation, expressing departures in units of historical
variability.

During rolling-origin validation, u; and g; were estimated only from preceding crop years.
District-grouped validation excluded held-out districts from climatological estimation, using
the predefined pooled training-only reference where district-specific values were unavailable.
Locked final-test observations were excluded from climatological estimation and anomaly

construction, preventing leakage from future years or held-out districts.

3.4.4 Monthly Weather Sequences

Each eligible district-crop-year observation comprised seven ordered monthly positions from
October to April, each containing 13 meteorological channels: rainfall total, mean pixel-level
maximum one-day rainfall, rainy-day frequency, heavy-rainfall frequency, mean minimum
temperature, mean maximum temperature, mean temperature, mean temperature range, mean
relative humidity, total solar radiation, mean wind speed, growing-degree-day accumulation,
and heat-stress-day frequency.

The recurrent weather input was represented as

X e ]RNX7><13’ (8)



where N is the number of eligible district-crop-year observations, with seven monthly positions
and 13 meteorological channels, preserving intra-seasonal weather ordering.
A separate static input matrix was defined as

S € RV*8, 9
where the eight columns corresponded to the historical-yield features described in Section
3.4.1, enabling recurrent models to combine monthly weather dynamics with prior district
productivity.
Sequences were accepted only when all seven months were present exactly once, correctly
ordered, and matched the corresponding stable district, crop year, and response. Imputation and
scaling parameters were estimated only from the training partition and applied unchanged to

validation and test sequences.

3.4.5 Feature Scenarios

Seven tabular feature scenarios were predefined: history-only, weather-only, anomaly-only,
weather-plus-anomaly, history-plus-weather, history-plus-anomaly, and fully combined. These
respectively represented the eight historical-yield features, absolute seasonal meteorology,
rainfall and temperature anomalies, and their specified combinations.

The scenarios tested the predictive value of prior district productivity, meteorological
conditions, climate departures, and whether weather information added value beyond historical
persistence.

Recurrent experiments compared monthly weather sequences alone with sequences
supplemented by the static historical-yield branch. Architecture, folds, preprocessing,
optimisation, and random seeds were held constant to isolate the contribution of prior district

productivity.

3.4.6 Fold-Local Preprocessing

All data-dependent preprocessing was estimated independently within each training partition,
including predictor imputation, feature scaling, climatological-reference estimation, anomaly
construction, feature selection, and neural-network target standardisation. Fitted
transformations were applied unchanged to the corresponding validation or test data.

For continuous predictor x;,

__ ,,train
L X T H (10)
Lj = train ’



train

train and O_]

where x; ; is the original value and y; are the training-partition mean and standard

deviation. This placed predictors on comparable scales without allowing validation or test data
to influence preprocessing.

Missing responses were not imputed, and validation or locked final-test outcomes were
excluded from imputation, scaling, feature inclusion, climate-reference estimation, and model
configuration.

For neural models, the response was standardised as

train
* Yi — .uy

Yi = (11)

train ’

train

train
and gy

where p,, were estimated from the training partition. Predictions were returned to

the original scale using
(12)

where y; is the standardised neural output and J; is the final prediction in kgha™1. All

A __ % train train

performance metrics were calculated after inverse transformation.

3.5 Models, Comparator Selection, and Training

The benchmark compared historical baselines with linear, bagging, boosting, feed-forward,
recurrent, and attention-based models to assess whether added complexity improved upon yield
persistence and recent district productivity. Given the moderate effective sample size and
spatial-temporal dependence, compact neural architectures and constrained development-stage
searches were used. Table 5 summarises the evaluated model groups, input structures, and

principal training controls.

Table 5. Model groups, input structures, and principal training controls

Model Evaluated models Input  structure | Principal controls

group and analytical role

Historical | Overall training mean, district | Historical ~ target | Recalculated within

baselines | historical mean, previous-year | information used to | each training partition
persistence, prior two-year | establish minimum | using only eligible
moving average, and prior | operational prior observations
three-year moving average performance

Linear Ordinary least squares, Ridge, | Predefined tabular | Training-partition

models and Elastic Net feature scenarios imputation and




scaling; regularisation

comparison

selected during
development
Bagging Random Forest and Extra Trees | Tabular predictors | 300 trees; candidate
ensembles with nonlinear | depth, minimum leaf
effects and | size, and feature-
interactions fraction settings
Boosting | HistGradientBoosting, Sequentially fitted | Compact
models XGBoost, LightGBM, and | nonlinear tabular | development-stage
CatBoost learners parameter searches
Feed- Multilayer perceptron Scaled tabular | Dropout, weight
forward predictors decay, early stopping,
model and Dbest-checkpoint
restoration
Recurrent | SimpleRNN, LSTM, and GRU | Seven monthly | Fixed seeds, gradient
models positions and 13 | clipping, learning-rate
weather channels, | scheduling, early
with a separate | stopping, and
historical ~ branch | checkpoint restoration
where applicable
Attention | FT-Transformer Numerical tabular | Numerical
model predictors tokenisation, compact
self-attention blocks,
dropout, and feed-
forward
transformations
Frozen Prior two-year moving average, | Principal cross- | Selected and frozen
reporting | Elastic Net, FT-Transformer, | protocol and | before final-test
set LSTM, and SimpleRNN locked-test access

3.5.1 Historical Baselines

Five historical baselines were evaluated before the machine-learning models: the overall

training mean, district historical mean, previous-year persistence, and prior two- and three-year




moving averages. These represented non-spatial average yield, longer-term district
productivity, immediate persistence, and smoothed recent productivity.

All baseline predictions were recalculated within each training partition using only information
available before the prediction year. Exact crop-year continuity was required, and earlier
observations were not substituted for missing intervening years. These baselines tested whether
more complex models provided meaningful gains over historical information available at the
same forecast horizon. The prior two-year moving average was retained as the canonical

historical baseline for cross-protocol comparisons.

3.5.2 Classical Linear and Ensemble Models

Ordinary least squares provided an unregularised linear reference, while Ridge regression used
L, regularisation to stabilise coefficients under predictor correlation. Elastic Net combined L4

and L, penalties:

A or1 ) l1—«a )
§ = argmin [ =1Ly = X813 + 2 (allgl +——1813) |, (13)

where X € R™*P is the predictor matrix, y the observed-yield vector, and S the coefficient
vector. A > 0 controls regularisation strength and a € [0,1] balances the L; and L, penalties.
Elastic Net was suitable for the correlated historical and meteorological predictors and
moderate effective sample size, providing coefficient shrinkage and improved interpretability.
Random Forest and Extra Trees represented bagging-based nonlinear models, with ensemble

prediction

1 B
) =2 > Ty, (14)
b=1

where B is the number of trees and T, (x) is the prediction from tree b. Random Forest used
bootstrap sampling and random feature selection, whereas Extra Trees additionally randomised
split thresholds.

HistGradientBoosting, XGBoost, LightGBM, and CatBoost represented boosting methods in

which successive learners corrected preceding errors:

n

£ =3 2y 3" + fu )] + Ofn), (15)
i=1

where m is the boosting stage, f,, the newly added weak learner, £(-) the prediction loss, and

Q(f,n) the complexity penalty. The implementations differed in tree construction,

regularisation, histogram approximation, and feature handling, and were evaluated using

compact development-stage parameter searches.



3.5.3 Feed-Forward and Recurrent Neural Networks

A compact multilayer perceptron was evaluated as a feed-forward comparator for scaled tabular
inputs. It applied nonlinear hidden-layer transformations to produce a continuous yield
prediction but did not preserve monthly ordering.
SimpleRNN, LSTM, and GRU processed the seven-month October-April weather sequence.
Weather-only configurations used the final sequential representation directly, whereas
combined configurations concatenated it with a separately encoded branch containing the eight
historical-yield features before regression.
For SimpleRNN, the hidden state was

he = d(Wyxe + Wihe_1 + by), (16)
with final prediction

y =W,hr + by, 17

where x; is the meteorological input at month ¢, h; the hidden state, Wy, Wy, W), learned
weights, by, b, biases, and T = 7. The hidden state summarises information accumulated
across the ordered sequence.

The LSTM controlled information flow through input, forget, and output gates:

i = o(Wix; + Uihe_q + by), (18a)
fe = o(Wpxy + Urhy_q + by), (18b)
¢; = tanh(W_x; + U hy_q + b.), (18¢)
=fiOc1+it OC, (184d)

0 = o(Wox; + Uohy_1 + b,), (18e)
h: = o © tanh(c;). (18f)

Here, iy, f;, 0; are the gates, ¢, the candidate state, ¢, the memory state, W and U learned weight
matrices, and b learned biases; (© denotes element-wise multiplication.

The GRU used update and reset gates as a more compact gated alternative to LSTM. SimpleRNN tested
whether basic recurrence was sufficient for the short sequence, while LSTM and GRU assessed the
value of gating. The static branch allowed historical productivity to be combined with ordered weather

information.

3.5.4 FT-Transformer and Scope of the Deep-Learning Benchmark

The FT-Transformer was evaluated as a compact attention-based model for numerical tabular
predictors. Each standardised numerical feature x; was converted into a learned token

representation:

Zj = xjej + b], (19)



where e; and b; are the learned feature-specific embedding and bias, respectively.

Self-attention was computed as

. QK™
Attention(Q, K, V) = softmax v, (20)

T
where Q,K, and V are learned query, key, and value representations and dj is the key
dimension. Attention blocks were followed by feed-forward transformations, dropout, and a
regression head.

FT-Transformer was selected before final-test access as a representative compact tabular
attention model for numerical predictors and nonlinear feature interactions, rather than as a
benchmark of all modern deep-learning architectures.

TabNet, SAINT, NODE, TabTransformer, and TabPFN were not evaluated. Temporal Fusion
Transformer, Informer, Autoformer, PatchTST, TimesNet, N-HiTS, and Chronos were also
excluded because the sequential benchmark contained only seven monthly positions and
prioritised compact recurrent models. These omissions limit architecture-level generalisation
but do not imply inferior performance of the excluded methods. Adding architectures after
locked final-test inspection would introduce post hoc selection risk; their evaluation is therefore

reserved for future externally validated benchmarking.

3.5.5 Neural Training and Reproducibility Controls

Neural models used the standardised response from Section 3.4.6, AdamW optimisation, and
mean-squared error for training. Validation MAE on the original yield scale controlled early
stopping and best-checkpoint selection.

All canonical neural models used batch size 64, a maximum of 250 epochs, early-stopping
patience of 30, gradient clipping at 5.0, and ReduceLROnPlateau with factor 0.50 after 10
epochs without improvement. The checkpoint with the lowest validation MAE was restored.

Model-specific settings are summarised in Table 6.

Table 6. Frozen architecture and training configurations of the canonical neural models
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Frozen final epochs were determined from development-stage best-epoch records before
locked final-test access. All 42 records were available for LSTM and SimpleRNN, giving 49
and 51 epochs, respectively. For FT-Transformer, 41 of 42 records were available; sensitivity
analysis showed that the ceiling-median could only be 26 or 27, so 27 epochs were
conservatively frozen without imputing the missing record.

Three fixed seeds—20260721, 20260722, and 20260723—were used for eligible neural runs.
Seed-level predictions were retained separately and averaged arithmetically; no seed was
selected retrospectively.

Training histories, learning-rate changes, epochs, stopping status, runtimes, parameter counts,
checkpoint sizes, and predictions were archived. Saved checkpoints were replayed to verify
reproducibility, and no architecture, optimisation setting, seed, or stopping rule was changed

after freezing.

3.5.6 Candidate Screening and Model Freezing

Candidate screening used the predefined primary chronological validation period, with MAE
as the principal selection criterion and RMSE as the first tie-breaker when MAE values were

similar.




The development registry comprised 19 predefined model-scenario combinations spanning
historical baselines, linear and ensemble methods, a multilayer perceptron, recurrent networks,
and FT-Transformer. Each candidate used its eligible input representation and fold-local
preprocessing, and selection relied only on development-stage chronological validation.
Before locked final-test access, the model registry, feature scenarios, predictor definitions,
preprocessing rules, validation assignments, hyperparameters, random seeds, selection criteria,
and reporting procedures were frozen. The canonical reporting set comprised the prior two-
year moving-average baseline, Elastic Net, FT-Transformer, LSTM, and SimpleRNN. These
models were subsequently evaluated under district-grouped, rolling-origin, and locked final-
test protocols.

The canonical set represented persistence, regularised linear modelling, tabular attention, gated
recurrence, and ungated recurrence, without implying uniform superiority across protocols.
Extra Trees was retained separately for development-stage SHAP feature-attribution and
interaction analyses and was not promoted to the canonical predictive comparison.
Explainability results were not used for model selection, and excluded candidates were not

retuned, replaced, or promoted after locked final-test results became available.

3.6 Validation, Metrics, and Statistical Analysis

The evaluation framework distinguished development-stage chronological screening, future-
year forecasting, spatial transfer to districts excluded from model fitting, and one-time
assessment on a locked final period. All preprocessing, model fitting, and statistical
calculations were performed according to the information restrictions associated with the

corresponding validation protocol.

3.6.1 Primary Chronological Validation
The primary chronological validation period comprised crop-year starts 2017, 2018, and 2019.

All eligible development observations from crop years preceding 2017 formed the training
partition, while the three later crop years formed a contiguous validation block.

The validation block contained 114 observations, corresponding to 38 stable districts observed
in each of the three crop years. This later-period evaluation was used to screen the predefined
model-scenario candidates and establish the canonical reporting set. The 2017-2019

observations remained part of the development data and were not part of the locked final test.



3.6.2 Rolling-Origin Validation

Rolling-origin validation evaluated future-year forecasting by repeatedly training each model
using only crop years preceding the year being predicted. For validation crop year t, the training
set was defined as

T ={(d,1):deD,t<tTEE} (21)
and the corresponding validation set was

Ve ={(d,t):d € D}, (22)
where d indexes the stable districts, D is the set of 38 stable districts, T denotes an eligible crop
year preceding t, and € is the set of crop years satisfying the historical-window requirements.
Thus, no crop year later than or equal to ¢ contributed to model fitting for validation year t.
The completed rolling-origin analysis used nine held-out crop-year starts: 2007, 2008, and
2013-2019. Each validation partition contained all 38 stable districts. Predictor imputation,
scaling, feature selection, climatological-reference estimation, anomaly construction, target
transformation, and model fitting were repeated independently within every origin.
The nine validation years generated
9 x 38 =342

out-of-fold predictions for each model-level ensemble. This protocol measured performance
under temporal distribution shift and represented the study's principal test of future-season

forecasting within the development period.

3.6.3 District-Grouped Validation
Spatial transfer was evaluated using five-fold GroupKFold with stable district identity as the
grouping variable. Let Gi™" and G191 denote the sets of districts assigned to the training
and validation partitions in fold k. District separation was enforced as

Girain ( Gyalidation — (23)
Consequently, every observation from a given district was assigned entirely to either training
or validation within a fold. Validation folds contained seven or eight districts, depending on the
fold composition.
Across the five folds, all 608 observations in the common development panel received one out-
of-fold prediction per model-level ensemble. District identity was used to construct the folds,
align outputs, map residuals, and produce district-level summaries, but it was not supplied to
the primary models as a predictor. This protocol therefore assessed transfer to districts excluded

from model fitting while retaining their eligible historical and meteorological predictor values.



3.6.4 Locked Final Test
Crop-year starts 2020-2022 formed the locked final test, comprising 114 observations from 38

stable districts across three crop years.

Before access, predictors, preprocessing, feature scenarios, architectures, hyperparameters,
seeds, validation assignments, statistical procedures, uncertainty rules, and the canonical model
set were frozen. Locked observations were excluded from screening, feature selection,
climatological estimation, interval calibration, tuning, and model promotion.

Performance was reported both pooled across 2020-2022 and separately by crop year. Year-
specific results described temporal variation only and were not used to revise models.

The final test was executed once and then marked as consumed. Subsequent explainability,
robustness, reliability, and reporting analyses used saved development-stage outputs, fitted

preprocessing pipelines, and frozen checkpoints.

3.6.5 Performance Metrics

All predictions were inverse-transformed and evaluated in kgha™!. Let n denote the number of
evaluated district-crop-year observations, y; the observed yield, y; the predicted yield, and y
the mean observed yield.

Mean absolute error was the primary metric:
1 n
MAE == lyi = 9il. 28
i=1

MAE represents average prediction error in the original yield unit and was selected because it
is directly interpretable and less sensitive to large residuals than squared-error measures.

Root mean-squared error was calculated as

n
1
RMSE = |~ (i =92 (25)
i=1

RMSE gives greater weight to large errors and therefore complements MAE by indicating

sensitivity to severe prediction failures.

The coefficient of determination was

_ w1 i —9)°
X, i —9F

R? measures the proportion of observed variation represented by the predictions; values closer

R?=1

(26)

to one indicate better fit, while negative values indicate performance below the evaluation-set

mean.



Mean absolute percentage error was

n

100
MAPE = Z

n
i=1

yi — Vi
Yi

: (27)

MAPE expresses error relative to observed yield and was treated as a supporting metric because
percentage errors can become unstable near zero, although all wheat-yield observations were
positive.

Mean prediction bias was

Bias =

S|

Z @i — v (28)
i=1

Positive bias indicates systematic overprediction, whereas negative bias indicates
underprediction.

Percentage improvement relative to a historical baseline was calculated as

MA Ebaseline - MAEmodel )
M AEbaseline

Improvement(%) = 100( (29)

Positive values indicate reduced MAE relative to the baseline, zero indicates equivalent
performance, and negative values indicate poorer performance. Canonical comparisons used
the prior two-year moving-average baseline; comparisons with previous-year persistence were
identified explicitly.

Pooled validation metrics were calculated from the complete observation-level prediction set
rather than by averaging fold-level metrics. Results were also retained by model, scenario, seed,
validation fold, crop year, district, yield range, and outlier status for diagnostic and failure

analyses.

3.6.6 Statistical Comparisons

Statistical comparisons used paired prediction errors because competing models predicted the
same district-crop-year observations. For models A and B, the paired absolute-error difference
was

d; = |yi = Dial = |yi = Disl (30)
where negative d; favours model A and positive d; favours model B.
Ninety-five percent confidence intervals for paired performance differences were estimated
using 10,000 cluster-level bootstrap resamples. Temporal comparisons were clustered by
validation crop year, while spatial comparisons were clustered by stable district, preserving

within-cluster dependence.



Rolling-origin comparisons used an exact cluster-level sign-flip test across the nine held-out
crop years, evaluating all

29 =512
possible sign assignments. District-grouped comparisons used 100,000 Monte Carlo sign-flip
draws across the 38 district clusters.
Wilcoxon signed-rank tests were used where paired observation-level comparisons were
appropriate, with rank-biserial correlation as the associated effect-size measure. Holm
correction controlled the family-wise error rate across predefined pairwise comparison
families.
Protocol-specific multi-model comparisons used Friedman tests on matched validation blocks,
followed by Nemenyi post-hoc comparisons where applicable. Rolling-origin and district-
grouped protocols were analysed separately, and no locked final-test observations were used
for inferential testing.
Cliff's delta was not added because it largely duplicated the rank-based information from rank-
biserial correlation. Cohen's d was not prioritised because paired absolute-error differences
could be skewed, while Bayesian model comparison was excluded because it was not part of
the frozen statistical plan. No additional statistical procedure was introduced after inspection

of the locked final-test results.

3.7 Explainability, Interaction, and Stability Analysis

All explanation analyses were conducted using saved development-stage models,
preprocessing objects, predictions, and checkpoints. Models were not retrained for explanation,
and observations from the locked final-test period were excluded. The resulting attributions
were interpreted as descriptions of fitted-model behaviour rather than as causal estimates of

agronomic effects.

3.7.1 Tree-Based
Tree SHAP was applied to the development-selected history-only Extra Trees model using the

114 primary chronological-validation observations. The fitted model and preprocessing
pipeline were reused without retraining.

For feature j, the SHAP value was defined as
|SIHM = |S] = D!
M!

¢;(f, %) =

SEF\{j}

[fe(S U = £ (9], (3D



where F is the complete predictor set, M = |F|, S is a subset excluding feature j, and f,(S) is
the model output for known features S. The weighting term averages the marginal contribution
of feature j across feature orderings.

Global importance was calculated as the mean absolute SHAP value across observations.
Observation-level distributions were retained to assess contribution direction and variability,
with local explanations retained for individual district-crop-year predictions.

SHAP additivity was verified as

M
€ =|f(x) —| o + Z dij || (32)
=)

J
where ¢, is the expected model output and €; the reconstruction discrepancy. Explanations
were accepted only within the predefined numerical tolerance. Locked final-test observations

were excluded from all SHAP analyses.

3.7.2 SHAP Interaction Values

A separate development-only SHAP interaction analysis was conducted using an Extra Trees
model fitted to the selected weather and climate-anomaly predictors. This interaction model
was distinct from the historical-only Extra Trees model used for the global SHAP analysis. No
locked final-test observations were used.
For two distinct predictors j and k, the SHAP interaction value was defined as

Dj (%) = Z wOLGSUHED = £EU{H - LG UED +£)]  (33)

SCF\{j k}

where
IS|'(M — |S] — 2)!

2(M - 1)!

w(s) =

The interaction value represents the joint contribution of predictors j and k beyond their
separate contributions. Global interaction strength was summarised as the mean absolute

interaction value across the explained development observations:

1 n
g = ;Z |- (39
i=1

The resulting symmetric matrix was displayed as a heatmap, with off-diagonal entries
representing pairwise interactions between predictors. Interaction magnitudes were interpreted
as dependence within the fitted predictive function and not as evidence of causal or

physiological interactions.



3.7.3 Explanation Stability and Cross-Method Agreement

Explanation stability was assessed using development-only attribution outputs without
retraining or locked final-test access. For the frozen Elastic Net model, exact linear SHAP
values were evaluated using 1,000 district-cluster bootstrap resamples, with confidence
intervals, median and extreme ranks, and top-1 and top-3 selection frequencies reported for the
eight historical predictors.
For LSTM and SimpleRNN, cross-method agreement compared Integrated Gradients rankings
with frozen-model neutralisation rankings for meteorological channels and monthly time steps
under district-grouped and rolling-origin validation.
Spearman rank correlation quantified ranking agreement:

ps = corr[R(a), R(b)], (35)
where R(a) and R(b) are the corresponding feature or temporal rankings derived from
attribution magnitude and neutralisation-induced performance change. Average ranks were
assigned for ties, and top-1 agreement and top-3 overlap were also retained.
Cross-model attribution patterns from Elastic Net, FT-Transformer, LSTM, and SimpleRNN
were compared descriptively for shared historical predictors. Seed-level SHAP stability and
fold-wise SHAP rank stability were not claimed because these analyses were not part of the
frozen outputs. All stability and agreement measures were interpreted as fitted-model

dependence rather than causal agronomic importance.

3.7.4 Integrated Gradients

Integrated Gradients was used for final development-stage interpretation of the saved LSTM
and SimpleRNN models. For input dimension j, attribution was defined as
N [POF(x + alx —x))
1G;(x) = (% — x/) f da, (36)
0

where x is the observed input, x’ the reference input, F(-) the fitted neural model, and a the
interpolation parameter.

The reference represented training-centred scaled inputs, equal to zero after fold-local
standardisation. Recurrent attributions were aggregated by static historical predictor,
meteorological channel, month-channel combination, and monthly position.

Numerical convergence was assessed using 32,64,128,256, and 512 integration points. The
audit selected 64-point Gauss-Legendre integration, which was applied to all 84 saved LSTM

and SimpleRNN development checkpoints. Attribution completeness was assessed as



P
r(x) =|F(x)—F(x") — Z 1Gj(x)], (37)
j=1

where p is the number of attributed input dimensions. Lower values indicate closer agreement
between the model-output difference and summed attributions.

Integrated Gradients was selected for its suitability to differentiable sequential models,
combined weather and historical inputs, and explicit convergence and completeness
assessment. DeepSHAP, GradientSHAP, Expected Gradients, LayerCAM, and attention rollout
were not benchmarked. Integrated-Gradients outputs were treated as model-specific post hoc

explanations, not causal evidence or model-selection criteria.

3.8 Robustness, History—Weather Contribution, and Failure Analysis

Robustness and failure analyses were conducted using saved development-stage predictions,
fitted preprocessing objects, and frozen neural checkpoints. No model was retrained solely for
these analyses, and locked final-test observations were not accessed. The analyses were
intended to determine how strongly the fitted models depended on historical and
meteorological information, how their predictions changed when parts of the input were

neutralised, and under which observed conditions prediction errors increased.

3.8.1 Matched Historical-Feature Ablation
The matched ablation compared two LSTM configurations: weather-only, using the seven-
month meteorological sequence, and weather-plus-history, adding the eight static historical-
yield predictors.
Architecture, weather channels, validation assignments, eligible observations, seeds, optimiser,
learning-rate schedule, early stopping, target transformation, and fold-local preprocessing were
held constant. The historical branch introduced a small number of additional input-related
parameters; therefore, the comparison measured the incremental predictive value of historical
information within the same recurrent framework rather than a perfectly parameter-matched
architecture.
The experiment comprised two feature configurations, three fixed seeds, nine rolling-origin
folds, and five district-grouped folds, producing 84 fitted runs and 5,700 observation-level
predictions. For observation i, the effect of historical information was measured as

AT = 1y = 1, weather + history | = | Vi = 74, weather | (38)
Negative values indicated lower absolute error after adding historical predictors, whereas

positive values favoured the weather-only configuration. Results were summarised using MAE



changes, observation-level win rates, cluster-bootstrap confidence intervals, cluster-level sign-
flip tests, and Holm-adjusted probability values.
This ablation measured predictive contribution rather than causality; improvements from

historical yield did not identify specific soil, irrigation, management, or technological drivers.

3.8.2 Frozen-Model Feature Neutralisation

Frozen-model feature neutralisation assessed how fitted Elastic Net, FT-Transformer, LSTM,
and SimpleRNN models responded when selected inputs were replaced by neutral values. The
prior two-year moving-average model was retained as a historical reference where appropriate.
Three perturbations were examined: neutralisation of the complete historical-yield feature
block, individual monthly meteorological channels, and individual monthly time steps. For
standardised predictors, zero represented the training-partition centre. Preprocessing objects,
model parameters, fold assignments, random seeds, and tensor dimensions remained
unchanged; models were replayed without retraining.

For model m, the prediction shift produced by perturbation g was defined as

Simg = I — picference (39)

~reference

where 37(?,3 is the perturbed prediction and y; ,; is the original prediction. The absolute shift

i
measured sensitivity magnitude, while the signed shift indicated the direction of prediction
change.

Each fitted pipeline or neural checkpoint was first replayed on unmodified inputs, and
perturbations were accepted only when archived canonical predictions were reproduced within
the predefined numerical tolerance. The analysis included 44 active perturbations under
district-grouped and rolling-origin validation.

Perturbed and reference predictions were compared using changes in MAE, RMSE, R?,
MAPE, and mean bias, together with signed and absolute prediction shifts, cluster-bootstrap
confidence intervals, sign-flip tests, and Holm correction. Locked final-test data were excluded.

Feature neutralisation measured dependence within fitted models; it was not equivalent to

retraining without the affected feature group and did not establish causality.

3.8.3 Sequence-Length Sensitivity

Sequence-length sensitivity was evaluated by retaining the most recent one to seven months of
the October—April sequence while replacing earlier positions with training-centred neutral

values and preserving the original seven-position tensor.



The one-month configuration retained April only; subsequent configurations progressively
added March, February, January, December, November, and October, with the seven-month
configuration retaining the full sequence.

Architecture, fitted weights, static historical branch, scalers, validation folds, and random seeds
were unchanged. All 84 authoritative recurrent checkpoints were evaluated, and full-sequence
replay was required to reproduce archived predictions within numerical tolerance before
shortened-sequence results were accepted.

Sensitivity was assessed using pooled MAE, changes relative to the full sequence, cluster-
bootstrap confidence intervals, cluster-level sign-flip tests, and Holm-adjusted probability
values.

This analysis measured sensitivity of already fitted full-season models to retained monthly
information. It was not equivalent to training operational early-season forecasting models,
because the models were originally fitted on complete October—April sequences and

neutralised future positions did not reproduce genuine early-season retraining conditions.

3.8.4 Error and Failure-Mode Analysis
For observation i, the signed residual was defined as

1 =3 = Vi (40)
where y; is predicted yield and y; observed yield. Positive and negative residuals indicate
overprediction and underprediction, respectively. Absolute error was

e = |9i — yil- (41)
Failure analysis examined residual and absolute-error distributions, district- and crop-year-
level MAE, observed-yield ranges, high-yield outliers, and temporal error patterns.
Potential outliers were identified using the Tukey 1.5-interquartile-range rule from
development-stage training data. The frozen limits were approximately -495.45 and
4,576.92 kgha™1; because yields were non-negative, only the upper limit was operationally
relevant. Five high-yield observations were identified under each development protocol and
retained in the principal analysis, with performance also reported for the complete, non-outlier,
and high-yield subsets.
Temporal drift was assessed using chronological crop-year residual and MAE trajectories
without modifying the fitted models.
Prediction agreement was additionally assessed using Bland-Altman analysis. For observation

i, the model-observation difference and pairwise mean were



di=Yi—yva; = 2 (42)
Mean prediction bias was
n
a=2 > d 43
- . ir ( )
=1
and the approximate 95% limits of agreement were
d + 1.96s,, (44)

where s, is the sample standard deviation of the differences. Bland-Altman plots assessed bias,
dispersion, and disagreement across the yield range.

Late-sowing analysis was unavailable because consistent sowing-date data were absent.
Drought-, heatwave-, and extreme-rainfall-related failure claims were made only where
predefined subgroup results were available; feature attribution alone was not treated as

evidence of failure under a weather regime.

3.8.5 Learning-Curve and Overfitting Diagnostics

Learning-curve diagnostics used archived neural-model optimisation histories without
retraining. Records included epoch-level training loss, validation MAE, learning-rate changes,
selected epoch, early-stopping status, completed epochs, checkpoint restoration, fold identity,
validation year, and random seed.

Training and validation trajectories were examined jointly. Declining training loss with
worsening validation MAE was treated as evidence consistent with overfitting, while similar
trajectories followed by stabilisation indicated convergence. Irregular fold- or seed-specific
patterns were interpreted as optimisation instability.

Learning-rate changes were compared with validation trajectories to assess scheduler effects,
and selected checkpoint epochs were verified against the minimum recorded validation MAE
rather than the final training epoch. Seed- and fold-level histories were retained separately to
distinguish architectural behaviour from variation due to initialisation, validation composition,
or prediction year.

These diagnostics were used to examine protocol-specific differences between SimpleRNN
and LSTM, including possible optimisation variability or training—validation divergence on the
seven-month sequence. SimpleRNN was not assumed to be universally superior because
performance differed across district-grouped, rolling-origin, and locked final-test evaluations.

Learning curves were therefore interpreted alongside parameter count, validation protocol,



seed variation, and prediction errors. The analyses were diagnostic only and did not alter frozen

architectures, stopping rules, the canonical model set, or consumed locked final-test results.

3.9 Prediction Uncertainty and Calibration

Prediction reliability was evaluated for the five canonical models: the prior two-year moving-
average baseline, Elastic Net, FT-Transformer, LSTM, and SimpleRNN. The analysis used
saved development-stage out-of-fold predictions and did not access or recalibrate against
locked final-test observations. A common residual-based procedure was applied to all models
so that interval reliability and sharpness could be compared under identical spatial and temporal

validation structures.

3.9.1 Cluster-Excluded Prediction Intervals

Prediction intervals were constructed using cluster-excluded absolute out-of-fold residuals. For
observation i , the absolute calibration residual was
a; = lyi = 9il, (45)
where y; is the observed yield and y; the corresponding out-of-fold prediction. For nominal
coverage 1 — a , the symmetric prediction interval was
li1—q = [yi —mpci-a Vi t qm,p,c,l—a]' (46)
where @ pc1-o 18 the empirical 1 — a quantile of cluster-excluded absolute residuals for
model m, validation protocol p, and excluded cluster c. The 1 — a quantile was used because
calibration relied on absolute residuals; using q,_,/, would produce unnecessarily wider
intervals.
For district-grouped validation, all records from the target district were excluded, leaving
608 — 16 = 592
calibration residuals. For rolling-origin validation, all observations from the target crop year
were excluded, leaving
342 — 38 = 304
This prevented the target district or crop year from contributing to its own interval calibration.
Separate residual quantiles were estimated for nominal coverage levels of 50%, 80%, 90%, and
95%.
These intervals were development-stage prediction-reliability summaries, not causal
uncertainty bounds, posterior credible intervals, or guarantees of coverage for unrelated

regions.



3.9.2 Calibration and Reliability Metrics

Let L; and U; denote the lower and upper prediction-interval limits for observation i. Empirical

coverage at nominal level 1 — a was

n

A 1

Cra =2 10y € [L, UD, (47)
i=1

where 1(+) is the indicator function. Signed coverage deviation was
Di g=0C_q—(1-0), (48)
and absolute coverage deviation was
|D1—a| = |C1—a - (1 - (X)l (49)
Positive and negative signed deviations indicated overcoverage and undercoverage,
respectively.

Mean interval width was

1 n
MIW = ;; W, - Ly). (50)

Mean and median interval widths were retained to assess sharpness alongside coverage.

The interval score for nominal coverage 1 — a was
2 2
1S = (U; — L) + E(Li —y)1(y; <L)+ E(Yi — U1y > Uy), (51)
with mean interval score
1
IS, = ;Z ISy s (52)

Lower scores indicated a better balance between coverage and sharpness.

Below- and above-interval rates were

n
1
Rbelow = EZ 1(yi < Li)r (53)
i=1
and
1 n
Rabove = Ez 1(yi > Ui)- (54)
i=1

These measures identified systematic interval displacement relative to observations.
Reliability was assessed using empirical coverage, signed and absolute coverage deviation,
mean and median interval width, mean interval half-width, interval score, and below- and
above-interval rates. Nominal and empirical coverage were compared graphically against the

45° ideal-calibration line.



Conditional reliability was also examined by model, validation protocol, district, crop year,
observed-yield range, and outlier status. Coverage and interval width were interpreted jointly
because high coverage with excessively wide intervals indicates poor sharpness.

The terms expected calibration error and uncertainty calibration error were not used because
separate ECE or UCE formulations were not calculated; reliability was quantified directly

using the measures defined above.

3.9.3 Scope of the Uncertainty Analysis

A common cluster-excluded residual-calibration procedure was used for all five canonical
models to preserve protocol-specific clustering and enable direct comparison of empirical
coverage, interval width, and interval score without architecture-specific retraining.

Monte Carlo dropout, deep ensembles, quantile regression, and alternative conformal methods
were not benchmarked. Monte Carlo dropout was not uniformly applicable across model
classes, deep ensembles would have required additional training beyond the frozen seed design,
and quantile regression or alternative conformal methods would have required new objectives
or calibration choices after model freezing.

The resulting intervals are therefore described as cluster-excluded empirical residual intervals.
They do not constitute a comprehensive uncertainty-quantification benchmark or demonstrate
superiority over alternative methods. Comparative evaluation of these approaches remains for

future externally validated work.

3.10 Sentinel-2 Seasonal Association Analysis

The Sentinel-2 component provided a complementary assessment of district-level vegetation
and moisture conditions during recent wheat seasons. It was conducted separately from the
principal prediction benchmark because consistent Sentinel-2 Level-2A coverage was available
only for the six crop years from 2017-2018 to 2022-2023. Satellite-derived variables were

linked with official district-level agricultural statistics for descriptive association analysis.

3.10.1 Seasonal Windows

Three fixed crop-stage windows were defined for each Rabi wheat season:

e Early season: 1 November—31 December;

o Peak growth: 1 January—the final day of February;

e Late season: 1 March—30 April.
These calendar-based windows broadly represented crop establishment, canopy development,
and late-season decline or senescence and were applied consistently across all districts and crop

years because district—crop-year phenological dates were unavailable.



Early-to-peak differences represented vegetation establishment and canopy development,
while peak-to-late differences represented subsequent decline or senescence. Missing stage-

level satellite values were retained as missing and not temporally interpolated.

3.10.2 Image and Cloud Processing

Harmonised Sentinel-2 Level-2A surface-reflectance imagery was obtained from the
COPERNICUS/S2 SR HARMONIZED collection to maintain numerical consistency across
processing baselines. Reflectance values were multiplied by 0.0001 before spectral-index
calculation.

Sentinel-2 scenes were linked with
GOOGLE/CLOUD_SCORE PLUS/V1/S2 HARMONIZED observations using common
image identifiers. Pixels were retained only when the cs_cdf optical-quality score was >0.60.
The Scene Classification Layer was also used to exclude classes 0, 1, 3, 8, 9, 10, and 11,
representing no data, defective pixels, cloud shadows, medium- and high-probability clouds,
cirrus, and snow or ice.

After filtering, valid observations within each seasonal window were combined using median

compositing to reduce residual contamination and anomalous reflectance effects.

3.10.3 Cropland Mask and Spectral Indices
ESA WorldCover 2021 v200 class 40 was used as the fixed general-cropland mask for the final

district-level statistics. Dynamic World V1 crop probability was examined as supporting land-
cover information but was not used to redefine the frozen publication mask.
District—crop-year records were retained only when the mapped-cropland fraction satisfied the
predefined minimum threshold of 0.10. The mask represented mapped general cropland and
was not interpreted as a verified wheat-specific classification.

Four spectral indices were calculated for the early, peak, and late seasonal composites. The
Normalised Difference Vegetation Index was calculated as

NDVI = M, (55)
PNIR T PRed

where pyir and prey denote near-infrared and red surface reflectance, respectively. NDVI
represented broad differences in vegetation greenness and canopy activity.
The Enhanced Vegetation Index was calculated as

EV] = 25 PNIR ~ PRed (56)

PNIR t 6Pred — 7-5PB1ne + 17

where pg;,. denotes blue-band reflectance. EVI was included to provide a vegetation measure

with additional atmospheric and soil-background adjustment.



The Soil-Adjusted Vegetation Index was calculated as

PNIR ~— PRed L =05, (57)
PNIR T PRed T L

where L is the soil-adjustment constant. SAVI was used to reduce the influence of exposed soil

SAVI = (1 + L)

where vegetation cover was incomplete.
The Normalised Difference Moisture Index was calculated as

NDMI = PNIR — PSWIR1 (58)

)
PNIR T PSwWIR1

where pswiry denotes short-wave-infrared reflectance. NDMI represented relative differences
in canopy and surface moisture conditions.
For each index, early-to-peak and peak-to-late changes were calculated as
Aleary — peak = Ipeak — Learly »
and

AIpeak - late = Ilate - Ipeak ’

where I denotes NDVI, EVI, SAVI, or NDMI.

3.10.4 District-Level Aggregation

District summaries were generated from validated seasonal image stacks at the frozen
publication-statistics scale of 500 m. For each spectral index and seasonal stage, retained
statistics included valid-pixel count, mean, median, standard deviation, minimum, maximum,
25th and 75th percentiles, interquartile range, and coefficient of variation.

The final satellite panel contained 228 district—crop-year observations, representing 38 stable
districts across six crop years. Each record was aligned with stable district, crop-year start,
official cultivated wheat area, wheat production, and reconstructed wheat yield.

Thirty publication maps were generated: early-season, peak-growth, and late-season NDVI,
together with early-to-peak and peak-to-late NDVI change, for each of the six crop years. Maps
were derived from the same validated district-level seasonal assets used for the tabular satellite

statistics.

3.10.5 Satellite-Yield Association

Pearson and Spearman correlations were calculated between official district-level wheat yield
and stage-specific or seasonal-change satellite variables. Pearson correlation measured linear
association, while Spearman correlation measured monotonic rank association.

Tested variables included early-, peak-, and late-stage NDVI, EVI, SAVI, and NDMI, together

with early-to-peak and peak-to-late differences. Exact valid sample sizes were retained because



cloud filtering, cropland masking, or missing seasonal composites could reduce observations
for individual comparisons.

Associations were evaluated across the complete six-year district panel and interpreted by
direction, magnitude, valid sample size, and consistency between Pearson and Spearman

estimates.

3.10.6 Interpretation Boundary

The Sentinel-2 analysis was descriptive and complementary, representing district-level
associations between official wheat yield and spectral conditions over mapped general
cropland.

These associations were not interpreted causally and could reflect temporal trends, district
productivity, irrigation, management, soil conditions, mixed cropping, or other unmeasured
factors. The cropland mask was not wheat-specific; therefore, the analysis did not estimate
wheat classification accuracy, wheat-specific area, or field-level yield.

Satellite variables were not part of the principal long-period prediction benchmark, which
relied on agricultural history and ERAS5-Land meteorology available consistently across the
full study period. Sentinel-2 instead provided recent-period contextual evidence on
relationships between district-level wheat productivity and seasonal general-cropland spectral

conditions.

3.11 Reproducibility, Data Governance, and Ethics

3.11.1 Reproducibility and Computational Reporting

The analysis used Windows and Python 3.11.0 with pandas 2.2.3, NumPy 1.26.4, GeoPandas
1.1.4, Shapely 2.0.7, scikit-learn 1.8.0, Rasterio 1.4.4, PyTorch 2.11.0+cul26, XGBoost 2.1.4,
LightGBM 4.6.0, and CatBoost 1.2.10.

CUDA was available with one device and PyTorch compiled against CUDA 12.6, but CPU was
used as the controlled primary training device. Deterministic PyTorch and cuDNN operations
were enabled, with cuDNN benchmarking disabled.

Reproducibility controls included fixed seeds (20260721, 20260722, and 20260723),
deterministic district and crop-year ordering, frozen feature and model registries, archived fold
assignments, preprocessing objects, fitted pipelines, neural checkpoints, training histories,
predictions, manifests, and cryptographic checksums. The locked 2020-2022 final test was
executed once and marked as consumed; subsequent analyses used saved development-stage

artifacts without altering the frozen workflow.



Computational reporting included training and prediction runtime, trainable parameter count,
fitted-model or pipeline size, and neural-checkpoint size. Because runtimes were recorded
across different execution stages, they were treated as descriptive rather than hardware-
normalised benchmarks and interpreted alongside predictive accuracy, model complexity, and

storage requirements.

3.11.2 Data Governance and Ethics

The study used only secondary, non-personal agricultural, meteorological, administrative-
boundary, land-cover, and satellite data aggregated at district level. No human participants,
animal experiments, personally identifiable information, or confidential farm-level records
were involved. Model predictions, explanations, and satellite associations were interpreted
only at the aggregated research level and not as causal assessments of individual farmers,

management practices, or institutions.

4. Results

4.1 Data Harmonisation and Analytical Coverage

4.1.1 Agricultural and Administrative Data

The agricultural extract contained 1,217 Rabi wheat records covering 52 compatible district
names and 25 available crop years, while the contemporary boundary layer contained 55
district polygons. Name standardisation, geometry repair, historical crosswalking, and polygon
dissolution produced 38 stable analytical districts.

Aggregation of cultivated area and production yielded 950 unique district—crop-year
observations across the 38 districts and 25 crop years. Yield was recalculated from aggregated
production and area. Final harmonisation identified no duplicate keys, unmatched units, invalid

geometries, or unresolved target inconsistencies.

4.1.2 Development, Validation, and Locked-Test Panels

Historical-feature eligibility produced a common development panel of 608 district—crop-year
observations from 38 stable districts across 16 crop years. The primary chronological-
validation period, crop-year starts 2017-2019, contained 114 observations.

District-grouped validation generated 608 out-of-fold predictions per model across five
GroupKFold partitions, with each observation evaluated once and no district shared between
training and validation within a fold. Rolling-origin validation generated 342 out-of-fold

predictions per model across nine held-out crop years, with 38 districts per year.



The locked 2020-2022 final-test panel contained 114 observations, with all 38 districts
represented annually. It was executed once after the model registry, preprocessing, validation

assignments, statistical plan, and uncertainty procedures were frozen.

4.1.3 Missing-Year and Eligibility Effects

The complete 2009-2010 agricultural record was unavailable and was not reconstructed or
imputed. Crop-year starts 1997-1999 were retained only for historical-feature initialisation.

Because historical predictors required exact preceding crop-year information, crop-year starts
2010-2012 were excluded from matched modelling because their historical windows
intersected the missing 2009-2010 record. Eligible development observations therefore came
from 2000-2008 and 2013-2019, yielding 608 observations while preserving temporal

integrity and avoiding synthetic historical yields.

4.1.4 Weather, Sequence, and Satellite Coverage

The seasonal ERAS-Land dataset contained 950 district—crop-year records, matching the
harmonised agricultural panel. The monthly dataset contained 6,650 district—month records,
representing seven October—April observations for each district—crop-year combination.

Each recurrent input contained all seven months in the prescribed order, with 13 meteorological
channels per month and eight static historical-yield predictors. Final checks found no
disagreement between tabular and sequential targets and no non-finite values in accepted
inputs.

The complementary Sentinel-2 panel contained 228 district—crop-year records from 38 stable
districts across six crop years (2017-2018 to 2022-2023). It included early-, peak-, and late-
stage NDVI, EVI, SAVI, and NDMI summaries and early-to-peak and peak-to-late changes.
Variable-specific valid sample sizes were retained where quality filtering reduced observations.

Final analytical coverage is summarised in Table 7.

Table 7. Final analytical datasets and evaluation coverage

Data Final size Spatial Temporal Audit or analytical
component coverage coverage outcome
Original 1,217 records | 52 source- | 25 available | Source audit
agricultural compatible crop years completed
extract district

names




Contemporary | 55 polygons Madhya Contemporary Geometry and
boundary layer Pradesh geography identifier audit
completed

Stable 950 38 stable | 25 available | No  duplicate  or

agricultural observations | districts crop years unmatched final units

panel

Seasonal 950 38 districts 25 available | Complete  district—

ERAS5-Land observations crop years crop-year alignment

panel

Monthly ERAS- | 6,650 records | 38 districts Seven months | Complete October—

Land panel per district— | April sequences

crop-year

Common 608 38 districts 16 eligible crop | Complete historical-

development observations years feature windows

panel

Primary 114 38 districts 2017-2019 Candidate-screening

chronological observations panel

validation

District- 608 OOF | Five district- | 16 development | Each  development

grouped predictions grouped crop years observation

validation per model folds evaluated once

Rolling-origin | 342 OOF | 38 districts | Nine validation | Chronological

validation predictions per held-out | crop years ordering preserved
per model year

Locked  final | 114 38 districts 2020-2022 One-time evaluation

test observations completed

Sentinel-2 panel | 228 38 districts Six crop years, | District—crop-year
observations 2017-2022 panel available for

starts complementary

association analysis




4.2 Candidate Screening and Development-Stage Performance

4.2.1 Primary Chronological Screening

Primary chronological screening evaluated 19 model-scenario combinations on 114
observations from crop-year starts 2017-2019, spanning historical baselines, linear and
ensemble models, a multilayer perceptron, recurrent networks, and FT-Transformer. Tabular
finalists used the development-selected history-only representation, while recurrent finalists
combined the seven-month weather sequence with eight static historical-yield predictors.
Locked final-test observations were excluded.

The lowest validation MAEs were obtained by ordinary least squares (396.613 kg ha™'), Ridge
(396.613 kg ha™'), Elastic Net (396.640 kg ha™'), FT-Transformer (402.176 kg ha™), and the
multilayer perceptron (402.887 kg ha™). The prior two-year moving average was the best
historical baseline at 407.741 kg ha™'. Recurrent-model MAEs were 504.620, 536.463, and
561.284 kg ha™' for LSTM, GRU, and SimpleRNN, respectively. Table 8 presents the complete
chronological-validation MAE and RMSE results and the subsequent analytical roles of all 19

candidates.

Table 8. Primary chronological-validation performance and analytical roles of the 19

frozen development finalists

Model Model Development- Validatio | Validatio | Subsequent
family selected input | n MAE | n RMSE | analytical
scenario (kg ha|(kg ha]|role
) )
Historica | Overall training | Historical/traini | 1,317.036 | 1,496.832 | Developmen
| baseline | mean ng statistics t-stage
comparator
Historica | District  historical | Historical/traini | 1,289.292 | 1,403.872 | Developmen
| baseline | mean ng statistics t-stage
comparator
Historica | Previous-year Historical only | 438.114 637.706 | Developmen
1 baseline | persistence t-stage
comparator
Historica | Prior two-year | Historical only | 407.741 572.218 | Canonical
| baseline | moving average baseline




Historica | Prior three-year | Historical only | 423.340 564.983 Developmen
| baseline | moving average t-stage
comparator
Linear Ordinary least | Historical only | 396.613 549.098 Developmen
squares t-stage
comparator
Linear Ridge Historical only | 396.613 549.098 | Developmen
t-stage
comparator
Linear Elastic Net Historical only | 396.640 | 549.142 | Canonical
classical
model
Bagging | Random Forest Historical only | 441.893 | 598.401 | Developmen
t-stage
comparator
Bagging | Extra Trees Historical only | 426.301 578.127 | Tree-based
explainabilit
y model
Boosting | HistGradientBoosti | Historical only | 444.749 | 589.231 Developmen
ng t-stage
comparator
Boosting | XGBoost Historical only | 461.300 | 612.664 | Developmen
t-stage
comparator
Boosting | LightGBM Historical only | 430.829 | 579.881 Developmen
t-stage
comparator
Boosting | CatBoost Historical only | 442.742 | 602.237 | Developmen
t-stage
comparator
Feed- Multilayer Historical only | 402.887 554.523 Developmen
forward | perceptron t-stage
neural comparator




Recurren | GRU Monthly 536.463 659.815 Developmen

t neural weather + static t-stage
history comparator

Recurren | LSTM Monthly 504.620 | 635.041 Canonical

t neural weather + static recurrent
history model

Recurren | SimpleRNN Monthly 561.284 | 682.065 | Canonical

t neural weather + static recurrent
history model

Attention | FT-Transformer Historical only | 402.176 | 551.103 Canonical

-based tabular deep

neural model

Screening results were interpreted alongside the predefined analytical roles of each model

family rather than MAE ranking alone. The canonical set comprised the prior two-year moving-

average baseline, Elastic Net, FT-Transformer, LSTM, and SimpleRNN, while Extra Trees was

retained separately for explainability. Other candidates remained development-stage evidence

and were not reconsidered after locked final-test inspection. Table 9 summarises the five

canonical models and their input representations.

Table 9. Canonical reporting models and input representations

neural network

sequence + eight static

historical predictors

Model Model class Input representation Principal reporting
role

Prior two-year | Historical Prior two-year yield mean | Persistence

moving average | baseline benchmark

Elastic Net Regularised Eight historical-yield | Canonical  classical
linear model predictors model

FT-Transformer | Tabular attention | Eight historical-yield | Canonical tabular
model predictors deep model

LSTM Gated recurrent | Seven-month weather | Canonical gated

recurrent model and

ablation backbone




SimpleRNN Recurrent neural | Seven-month weather | Canonical ungated
network sequence + eight static | recurrent model

historical predictors

4.2.2 District-Grouped Validation

District-grouped validation assessed geographical transfer to districts excluded from model
fitting while retaining eligible historical context. SimpleRNN achieved the lowest pooled MAE
(304.208 kg ha™), followed by LSTM (307.407), Elastic Net (311.687), the prior two-year
moving-average baseline (312.902), and FT-Transformer (320.752 kg ha™).

SimpleRNN improved upon the baseline by 8.694 kg ha™ (2.78%) and differed from LSTM
by only 3.199 kg ha™' (approximately 1.04%). The total MAE range across the five models was
16.544 kg ha™'.

Among deep models, SimpleRNN also achieved the lowest RMSE (411.512 kg ha™), highest
(0.831), and lowest MAPE (14.642%). LSTM recorded RMSE 415.320 kg ha', MAPE
15.010%, and bias —5.052 kg ha™', while FT-Transformer recorded RMSE 438.043 kg ha™,
MAPE 15.709%, and bias —11.284 kg ha™'. Table 10 compares canonical-model MAEs under

district-grouped and rolling-origin validation.

Table 10. Canonical model MAE under district-grouped and rolling-origin validation

District- Rolling-origin | Rolling-origin minus
Model grouped MAE | MAE (kg | districtgrouped MAE
(kgha™1) ha™1) (kgha™1)
Prior  two-year
312.902 370.662 57.760
moving average
Elastic Net 311.687 389.087 77.400
FT-Transformer 320.752 367.610 46.858
LSTM 307.407 430.873 123.466
SimpleRNN 304.208 459.834 155.626

Figure 2 presents the district-grouped MAE of the five canonical models. SimpleRNN and
LSTM recorded the two lowest errors, while FT-Transformer recorded the highest. The narrow

overall range indicates comparatively similar pooled performance under geographical transfer.
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Figure 2. District-grouped validation MAE of the canonical models.

4.2.3 Rolling-Origin Validation

Rolling-origin validation produced a different ranking. FT-Transformer achieved the lowest
pooled MAE (367.610 kg ha™'), followed by the prior two-year moving-average baseline
(370.662) and Elastic Net (389.087 kg ha™). FT-Transformer improved upon the baseline by
3.052 kg ha™! (0.82%).

LSTM and SimpleRNN recorded MAEs of 430.873 and 459.834 kg ha™', respectively, giving
LSTM a 28.961 kg ha™' advantage and reversing their district-grouped ordering. All models
performed worse under rolling-origin validation, with MAE increases ranging from 46.858 kg
ha™! for FT-Transformer to 155.626 kg ha™* for SimpleRNN.

Supporting recurrent-model metrics showed similar temporal degradation. LSTM recorded
RMSE 567.470 kg ha™', MAPE 15.574%, and bias —224.799 kg ha™'; SimpleRNN recorded
RMSE 588.858 kg ha™', MAPE 16.494%, and bias —253.354 kg ha™'. Table 11 reports the

complete supporting metrics for the principal deep models.

Table 11. Supporting performance metrics for the principal deep models

RMSE MAPE Mean bias
Protocol Model R?
(kg ha™1) (%) (kg ha™1)




District FT-
438.043 0.808 | 15.709 -11.284

grouped Transformer
District

LSTM 415.320 0.828 | 15.010 -5.052
grouped
District

SimpleRNN 411.512 0.831 | 14.642 -8.925
grouped
Rolling

LST™M 567.470 0.648 | 15.574 -224.799
origin
Rolling _

SimpleRNN 588.858 0.621 | 16.494 -253.354
origin

Figure 3 presents the rolling-origin MAE of the canonical models. FT-Transformer and the
persistence baseline occupied the two lowest-error positions, whereas the recurrent models

showed larger future-year errors. Model separation was greater than under district-grouped

validation.
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Figure 3. Rolling-origin validation MAE of the canonical models.



The cross-protocol differences are further summarised in Figure 4 using a Taylor diagram. The
figure jointly represents predictive correlation, variability, and error structure and provides a
visual comparison of model behaviour under district-grouped and rolling-origin validation. It
should be interpreted together with the numerical performance metrics rather than as an

additional statistical test.
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Figure 4. Taylor-diagram comparison of the five canonical models under district-

grouped and rolling-origin validation.

Figure 5 presents the corresponding radar-chart comparison of the canonical models across the
reported performance metrics. The radar profiles provide a multidimensional visual summary
of relative model behaviour across the two validation protocols and should be interpreted

alongside the original MAE, RMSE, R?, MAPE, and mean-bias values.
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Figure 5. Radar-chart comparison of canonical-model performance under district-

grouped and rolling-origin validation.

4.2.4 Statistical Comparison of Canonical Models

Under district-grouped validation, the Friedman test found no significant overall difference
among the five canonical models. Elastic Net and the prior two-year moving-average baseline
differed by only 1.216 kgha™!, with a rank-biserial effect of 0.045, while the SimpleRNN-
LSTM difference was also not statistically resolved. No pairwise comparison remained
significant after Holm correction.

Under rolling-origin validation, the Friedman test indicated a significant overall model
difference, and Nemenyi analysis identified a significant rank difference between FT-
Transformer and SimpleRNN. However, no paired Wilcoxon comparison remained significant
after Holm correction. Elastic Net versus FT-Transformer showed a large rank-biserial effect
of 0.956, but the Holm-adjusted p-value was 0.0781.

Overall, statistical results supported protocol-dependent numerical rankings rather than

consistent superiority of a single model across spatial and temporal validation.

4.2.5 Training and Reproducibility Audit
All neural evaluations used fixed seeds 20260721, 20260722, and 20260723, with model-level

predictions obtained by averaging eligible seed outputs rather than selecting the best seed. Final
development-stage training durations were 27 epochs for FT-Transformer, 49 for LSTM, and

51 for SimpleRNN.



All 42 expected best-epoch records were available for LSTM and SimpleRNN. FT-Transformer
had 41 of 42 records, and the predefined sensitivity rule supported 27 epochs without
reconstructing the missing record. Training histories confirmed early stopping, learning-rate
scheduling, gradient clipping, and best-checkpoint restoration.

All 126 authoritative deep-model checkpoints were successfully replayed, reproducing
archived validation predictions with a maximum difference of 0.0. The canonical model set,
configurations, preprocessing, and seed policy were frozen before final-test evaluation, and no

candidate was subsequently retuned or promoted.

4.3 Locked Final-Test Performance

4.3.1 Complete Pooled Performance

The locked final test contained 114 district-crop-year observations from crop-year starts 2020,
2021, and 2022, with all 38 stable districts represented in each year. Elastic Net achieved the
lowest pooled MAE of 368.498 kgha™!, followed by the prior two-year moving-average
baseline at 382.996 kgha™!. LSTM recorded the lowest MAE among the deep models at
400.087 kgha™!, followed by FT-Transformer at 405.125 kgha™! and SimpleRNN at
406.841 kgha™!.

Elastic Net also recorded the lowest RMSE at 599.288 kgha™! and the highest R? at 0.532.
The three deep models showed comparatively similar pooled RMSE and R? values, despite
their differences in MAE. MAPE ranged from 12.106% for Elastic Net to 13.168% for
SimpleRNN. Mean bias was positive for Elastic Net, LSTM, and SimpleRNN and negative for
the prior two-year moving-average baseline and FT-Transformer. The complete pooled final-

test performance is presented in Table 12.

Table 12. Locked final-test performance of the five canonical models

Model MAE RMSE R? MAPE Mean  bias
(kg ha™1) (kg ha™1) (%) (kg ha™1)

Elastic Net 368.498 599.288 0.532 | 12.106 +39.862

Prior  two-year | 382.996 609.323 0.516 | 12.161 -39.064

moving average

LSTM 400.087 602.435 0.527 | 13.023 +5.965




FT-Transformer 405.125 606.417 0.521 12.753 -32.078

SimpleRNN 406.841 602.509 0.527 | 13.168 +28.391

These results represent the one-time locked-test evaluation. No model, feature scenario,
preprocessing rule, statistical procedure, or hyperparameter was modified in response to final-

test performance.

4.3.2 Relative Final-Test Improvement

Relative to the prior two-year moving-average baseline, Elastic Net reduced MAE by
14.498 kgha™1, corresponding to a 3.79% improvement. Its MAE was also 31.589 kgha™?
lower than LSTM, 36.627 kgha™! lower than FT-Transformer, and 38.343 kgha™?! lower than
SimpleRNN, equivalent to reductions of 7.90%, 9.04%, and 9.42%, respectively.

The final-test ranking therefore differed from both development validation protocols:
SimpleRNN had recorded the lowest district-grouped MAE, FT-Transformer the lowest
rolling-origin MAE, and Elastic Net the lowest locked-test MAE. The final-test comparisons

are descriptive and were not used for further model selection or tuning.

4.3.3 Year-Specific Final-Test Results
Year-specific performance varied substantially across the locked 2020-2022 period. In 2020,

the prior two-year moving-average baseline achieved the lowest MAE (486.375 kg ha 1),
followed by SimpleRNN (512.470), Elastic Net (517.641), FT-Transformer (546.521), and
LSTM ( 551.118 kgha™1 ). All models showed negative mean bias in 2020.

In 2021, Elastic Net achieved the lowest MAE ( 398.534 kgha™! ), followed by SimpleRNN
(402.574), LSTM (422.130), the prior two-year baseline (427.044), and FT-Transformer (
432.345 kgha™1 ). All models showed positive mean bias. In 2022, Elastic Net again ranked
first with an MAE of 189.320 kgha™! and the highest R? of 0.846, followed by LSTM
(227.011), the prior two-year baseline (235.568), FT-Transformer (236.510), and SimpleRNN
(305.478 kgha™1). Table 13 presents the complete year-specific final-test results.

Table 13. Year-specific performance of the five canonical models on the locked final test

Crop- Model MAE RMSE R? Mean bias

year start (kgha ') | (kgha™) (kg ha™1)

2020 Prior two-year | 486.375 694.703 0.456 | -205.361
moving average




2020 Elastic Net 517.641 695.284 0.455 | -69.673

2020 FT-Transformer 546.521 724.631 0.408 | -107.298
2020 LSTM 551.118 721.078 0.414 | -72.874
2020 SimpleRNN 512.470 708.080 0.435 | -171.068
2021 Prior two-year | 427.044 701.916 0.420 | +97.480
moving average
2021 Elastic Net 398.534 712.666 0.402 | +133.925
2021 FT-Transformer 432.345 678.157 0.459 | +31.589
2021 LSTM 422.130 684.575 0.448 | +63.856
2021 SimpleRNN 402.574 671.807 0.469 | +61.750
2022 Prior two-year | 235.568 372.188 0.753 | -9.311
moving average
2022 Elastic Net 189.320 293.472 0.846 | +55.335
2022 FT-Transformer 236.510 343.860 0.789 | -20.526
2022 LSTM 227.011 316.521 0.821 | +26.913
2022 SimpleRNN 305.478 369.253 0.756 | +194.491

The annual rankings were therefore not fully stable. The prior two-year moving-average
baseline ranked first in 2020, whereas Elastic Net ranked first in 2021 and 2022. The substantial
decline in MAE across all models by 2022 indicates that final-test difficulty depended strongly

on Crop year.

4.3.4 Prediction versus Observed

Observed-versus-predicted patterns showed positive agreement across all three evaluation
settings, although dispersion around the 1:1 line varied by protocol and yield range.

District-grouped validation showed comparatively tighter agreement, while rolling-origin
validation exhibited greater dispersion, particularly at higher yields. The locked final test also
showed substantial overlap among the five canonical models, with larger errors towards the

extremes of the yield distribution.

Across panels, high-yield observations were often predicted below the identity line, indicating
upper-range compression and underprediction of some high-yield cases. This pattern is
examined further in the yield-range and outlier analyses. Figure 6 summarises observed-versus-
predicted relationships for the five canonical models under district-grouped, rolling-origin, and

locked final-test evaluation; the dashed 1:1 line indicates perfect agreement.
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Figure 6. Observed versus predicted wheat yield across the three evaluation protocols.

4.4 Explainability Results

4.4.1 Tree-Based SHAP Analysis and Feature Interactions

Tree SHAP was applied to the development-selected history-only Extra Trees model using 114
primary chronological-validation observations without retraining or locked final-test data. The
additivity audit confirmed numerical agreement between model predictions and reconstructed
SHAP contributions.

The three-year prior mean yield was the dominant predictor, with a mean absolute SHAP value
0f 473.918 kg ha!, followed by the two-year prior mean (431.990) and one-year lagged yield
(271.374 kg ha'). Three- and two-year prior yield standard deviations were much lower at
31.922 and 17.419 kg ha™'. Panel A of Table 14 summarises these results. Figure 7 shows the
clear dominance of recent productivity history over variability, coefficient-of-variation, and

trend features.
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Figure 7. Global Tree SHAP importance of historical-yield predictors.
Figure 8 shows the observation-level SHAP distributions. Higher three- and two-year prior

mean yields generally contributed positively to predictions, while lower values contributed

negatively; previous-year yield showed a similar but weaker pattern.
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Figure 8. Tree SHAP summary for the historical-only Extra Trees model.
Development-only SHAP interaction analysis identified the strongest interaction between
mean relative-humidity anomaly and rainy-day frequency (8.59). Rainy-day frequency also
interacted strongly with heat-stress anomaly (8.14), solar-radiation anomaly (8.13), and mean

wind speed (8.05), while relative-humidity anomaly x wind speed reached 8.04. Figure 9



summarises these interactions, which represent fitted-model joint contributions rather than

causal meteorological effects.
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Figure 9. Development-only SHAP interaction strength among selected weather

predictors.

The development-feature correlation network showed strong associations among temperature,
temperature-anomaly, and growing-degree-day variables, with precipitation-related variables
forming a separate structure. Figure 10 presents this network. Correlation reflects association
among predictors, whereas SHAP interaction reflects joint contribution within the fitted model,

neither establishes causality.
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Figure 10. Development-feature correlation network.

4.4.2 Recurrent-Model Integrated Gradients
Integrated Gradients was applied to development-stage LSTM and SimpleRNN models using

validated 64-point Gauss—Legendre integration across all 84 recurrent checkpoints.
Attributions were assessed for static historical predictors, meteorological channels, month-
specific inputs, and the seven October—April time steps.

Relative humidity was the highest-ranked meteorological channel for both models under both
validation protocols. Under district-grouped validation, mean absolute attribution was 686.290
kg ha™ for LSTM and 704.361 kg ha™ for SimpleRNN. Solar radiation (394.133) and heat-
stress days (272.933 kg ha™') followed for LSTM, while wind speed (451.203) and rainy days
(240.130 kg ha™") followed for SimpleRNN.

Under rolling-origin validation, relative humidity remained dominant at 482.359 kg ha™ for
LSTM and 486.101 kg ha™* for SimpleRNN. Rainy days (224.420) and solar radiation (214.274
kg ha™') followed for LSTM, whereas wind speed (342.864) and rainy days (292.557 kg ha™")
followed for SimpleRNN. Panel B of Table 14 summarises these results.

April was the highest-ranked time step for both models under both protocols, although channel
rankings were more protocol dependent. The attribution audit reproduced canonical predictions
to numerical precision; the global 99th-percentile relative completeness error was 4.342%, and

all 84 recurrent checkpoints satisfied the acceptance criteria.

Table 14. Principal explainability results



Panel A. Tree SHAP importance

Rank | Historical predictor Mean absolute SHAP value (kg ha™1)
1 Three-year prior mean yield 473918

2 Two-year prior mean yield 431.990

3 One-year lagged yield 271.374

4 Three-year prior yield standard deviation | 31.922

5 Two-year prior yield standard deviation | 17.419

Panel B. Leading recurrent weather-channel attributions

Protocol Model Weather Mean absolute attribution
channel (kgha™1)
District grouped | LSTM Relative humidity | 686.290
District grouped | LSTM Solar radiation 394.133
District grouped | LSTM Heat-stress days | 272.933
District grouped | SimpleRNN | Relative humidity | 704.361
District grouped | SimpleRNN | Wind speed 451.203
District grouped | SimpleRNN | Rainy days 240.130
Rolling origin | LSTM Relative humidity | 482.359
Rolling origin | LSTM Rainy days 224.420
Rolling origin | LSTM Solar radiation 214.274
Rolling origin | SimpleRNN | Relative humidity | 486.101
Rolling origin | SimpleRNN | Wind speed 342.864
Rolling origin | SimpleRNN | Rainy days 292.557

4.5 Explanation Stability and Cross-Method Agreement

Explanation stability was assessed using development-only analyses. For Elastic Net, exact
linear SHAP values were evaluated across 1,000 district-cluster bootstrap resamples of the 608-
observation development panel. All eight historical-yield predictors retained the same rank.
The prior two-year mean yield remained first, with a mean absolute SHAP value of 362.367 kg
ha™ and a 95% bootstrap interval of 335.866—389.189 kg ha™'.

For recurrent models, Integrated-Gradients rankings were compared with frozen-model
neutralisation rankings. Under district-grouped validation, LSTM showed Spearman

correlations of 0.857 for monthly time steps and 0.846 for weather channels; SimpleRNN



showed 0.464 and 0.791, respectively. Top-three overlap was two of three time steps for both
models, three of three weather channels for LSTM, and two of three for SimpleRNN.

Agreement weakened under rolling-origin validation. Time-step correlations were —0.500 for
LSTM and —0.357 for SimpleRNN, with top-three overlaps of one of three and zero of three.
Weather-channel correlations were 0.033 and 0.412, with overlaps of zero of three and two of
three, respectively. Table 15 summarises the bootstrap-stability and cross-method agreement

results.

Table 15. Explanation stability and cross-method agreement under development

validation.
Analysis Protocol/model | Comparison | Spearman | Top- Principal result
(\rho) three
overlap
Linear SHAP | Elastic Net Eight — — All eight ranks
bootstrap historical unchanged across
predictors 1,000 district-
cluster bootstrap
resamples; prior
two-year mean
remained rank 1
IG vs | District Monthly 0.857 2/3 Strong agreement
neutralisation | grouped, LSTM | time steps
IG vs | District Weather 0.846 3/3 Strong agreement
neutralisation | grouped, LSTM | channels
IG vs | District Monthly 0.464 2/3 Moderate
neutralisation | grouped, time steps agreement
SimpleRNN
IG vs | District Weather 0.791 2/3 Strong agreement
neutralisation | grouped, channels
SimpleRNN
IG vs | Rolling origin, | Monthly —0.500 1/3 Weak/inconsistent
neutralisation | LSTM time steps agreement




IG vs | Rolling origin, | Weather 0.033 0/3 Little agreement
neutralisation | LSTM channels

IG vs | Rolling origin, | Monthly —-0.357 0/3 Weak/inconsistent
neutralisation | SimpleRNN time steps agreement

IG vs | Rolling origin, | Weather 0.412 2/3 Moderate
neutralisation | SimpleRNN channels agreement

Note: Elastic Net stability was evaluated using exact linear SHAP values. The prior two-year
mean yield had a mean absolute SHAP value of 362.367 kg ha 1, with a 95% district-cluster
bootstrap interval of 335.866-389.189 kg ha ~1. Recurrent agreement compares Integrated-

Gradients rankings with frozen-model neutralisation rankings.

Overall, historical-feature importance was highly stable for Elastic Net, whereas recurrent
meteorological and temporal rankings were more sensitive to the validation protocol.
Integrated Gradients and frozen-model neutralisation therefore provided complementary
evidence of fitted-model dependence rather than interchangeable measures of feature
importance. All attribution and perturbation results were interpreted as properties of the fitted
predictive models and not as causal effects of historical productivity or meteorological

conditions.

4.6 Historical-Yield Contribution and Frozen-Model Perturbation Results

4.6.1 Matched LSTM Historical-Feature Ablation

A matched LSTM ablation quantified the incremental contribution of historical-yield
information beyond the monthly meteorological sequence. Two configurations were compared:
a weather-only LSTM and a weather-plus-history LSTM using the same seven-month weather
sequence plus eight static historical-yield predictors. Recurrent architecture, weather inputs,
optimisation settings, validation assignments, random seeds, and eligible observations were
otherwise held constant. The experiment comprised two feature configurations, three seeds,
five district-grouped folds, and nine rolling-origin folds, yielding 84 completed runs and 5,700
prediction records.

Under district-grouped validation, MAE decreased from 596.727 to 297.939 kgha™! after
adding historical predictors, a reduction of 298.788 kgha=1(50.1%). The combined model
produced lower absolute error for 73.19% of observations. The 95% confidence interval for the
weather-plus-history minus weather-only difference was -403.049 to -209.403 kg ha™?, and
the district-cluster sign-flip comparison remained significant after Holm correction (p <

0.001).



Under rolling-origin validation, MAE decreased from 1,067.055 to 433.503 kgha™%, a
reduction of 633.551 kgha™1(59.4%), with the combined model outperforming the weather-
only model for 83.63% of observations. The 95% confidence interval was -893.283 to -392.265
kgha ~1, and the exact crop-year sign-flip test remained significant after Holm correction (p =
0.0039). Panel A of Table 16 summarises the matched ablation results.

These results show that historical productivity added substantial predictive value beyond the
monthly meteorological sequence under both validation protocols. The ablation is a controlled
feature-block comparison and should not be substituted for the canonical LSTM benchmark

results.

4.6.2 Execution and Applicability Audit

The frozen-model perturbation analysis evaluated four active fitted models-Elastic Net, FT-
Transformer, LSTM, and SimpleRNN-under district-grouped and rolling-origin validation. The
prior two-year moving-average baseline was retained as a reference-only model because its
prediction rule does not contain a fitted feature representation suitable for neutralisation.

The analysis comprised 44 model-specific perturbation definitions evaluated under both
validation protocols, yielding 88 model-protocol metric records, 41,800 ensemble predictions,
and 122,550 seed-level deep-model predictions. Unmodified model replay reproduced the
archived canonical predictions to numerical precision, with a maximum discrepancy of
9.095 x 10713 kgha™!. No model was retrained, and no locked final-test prediction or metric
was generated.

The applicability audit considered complete historical-feature blocks, seasonal raw-weather
and weather-anomaly blocks, individual recurrent weather channels, and monthly time steps.
Historical-feature neutralisation was applicable to all four active models. Elastic Net and FT-
Transformer used historical-only inputs, whereas LSTM and SimpleRNN combined the seven-
month meteorological sequence with eight static historical predictors. Consequently, only the
recurrent models were eligible for individual weather-channel and monthly time-step
perturbations. No active canonical model used a separate seasonal raw-weather or weather-
anomaly block. The executed perturbation set therefore comprised four historical-block
definitions, 26 recurrent-channel definitions, and 14 recurrent time-step definitions across the

two validation protocols.

4.6.3 Historical-Feature Neutralisation

Neutralisation of the complete historical-yield block produced the largest and most consistent

deterioration among the perturbation families. Under district-grouped validation, Elastic Net



MAE increased from 311.687 to 842.725 kgha™?, an increase of 531.038 kgha™! or 170.4%.
FT-Transformer increased from 320.752 to 835.541 kgha™1, an increase of 514.789 kgha™!
or 160.5%. Its RMSE increased from 438.043 to 1,004.549 kgha ~1, while R? decreased from
0.808 to -0.007.

The recurrent models showed the same dependence on historical productivity information.
LSTM MAE increased from 307.407 to 737.173 kgha™!, an increase of 429.766 kgha™! or
139.8%, while SimpleRNN increased from 304.208 to 742.891 kgha™!, an increase of
438.683 kgha™! or 144.2%. For LSTM, RMSE increased from 415.320 to 893.772 kgha™?!
and R? decreased from 0.828 to 0.203. Historical-block neutralisation significantly degraded
district-grouped accuracy for all four active models after Holm correction.

The same directional effect occurred under rolling-origin validation. Elastic Net MAE
increased from 389.087 to 1,044.201 kgha™1, a difference of 655.114 kgha™! or 168.4%. The
corresponding increases were 624.361 kgha ! for FT-Transformer, 546.955 kgha™! for
LSTM, and 502.624 kgha™! for SimpleRNN. Although all four models deteriorated
substantially following historical-feature neutralisation, none of the rolling-origin contrasts
remained statistically resolved after Holm correction across the nine crop-year clusters. These

results are summarised in Panel B of Table 16.

Table 16. Matched historical-feature ablation and principal frozen-model perturbation

results

Panel A. Matched LSTM historical-feature ablation.

Validatio | Weather | Weathe | Differenc | Relativ | 95% CI | Combine | Holm-
n -only r + | e: e (kgha™! | d-model | adjuste
protocol | MAE history | combined | change |) win rate | d (p)
(kgha™! | MAE - (%) (%)
) (kgha~! | weather-
) only
(kgha™1)
District 596.727 |297.939 | —298.788 | —50.1 —403.04 | 73.19 <0.001
grouped 9 to
—209.40
3




Rolling 1,067.05 | 433.503 | —633.551 | —594 —893.28 | 83.63 0.0039
origin 5 3 to
—392.26
5

Panel B. Historical-yield-block neutralisation
Protoc | Model Referen | Perturb | MAE Relati | 95% Holm- | Statistic
ol ce ed increas | ve CI for | adjust | al

MAE MAE e increa | MAE ed (p) | outcome

( ( ( se (%) | increas

kgha™! | kgha™! | kgha™! e

) ) ) (

kgha1
)

Distric | Elastic 311.687 | 842.725 | 531.03 | 170.4 |462.35 | 0.0008 | Significa
t Net 8 6— 8 nt
groupe 602.42
d 6
Distric | FT- 320.752 | 835.541 | 514.78 | 160.5 |451.08 | 0.0008 | Significa
t Transfor 9 3— 8 nt
groupe | mer 581.10
d 3
Distric | LSTM 307.407 | 737.173 | 429.76 | 139.8 | 368.76 | 0.0008 | Significa
t 6 - 8 nt
groupe 494.07
d 1
Distric | SimpleR | 304.208 | 742.891 | 438.68 | 144.2 | 371.65 | 0.0008 | Significa
t NN 3 2— 8 nt
groupe 506.35
d 6




Rollin | Elastic 389.087 | 1,044.20 | 655.11 | 168.4 |484.14 | 0.2812 | Not

g Net 1 4 5— 5 statistica
origin 812.55 1y

2 resolved
Rollin | FT- 367.610 | 991.970 | 62436 | 169.8 | 464.91 | 0.2812 | Not
g Transfor 1 5— 5 statistica
origin | mer 777.34 1y

8 resolved

Rollin | LSTM 430.873 | 977.828 | 546.95 | 126.9 |402.43 | 0.2812 | Not

g 5 1- 5 statistica
origin 691.18 lly

3 resolved
Rollin | SimpleR | 459.834 | 962.458 | 502.62 | 109.3 | 383.10 | 0.2812 | Not
g NN 4 5— 5 statistica
origin 618.89 lly

3 resolved

4.6.4 Weather-Channel and Monthly Time-Step Sensitivity

Weather-channel neutralisation produced substantially smaller MAE changes than complete
historical-block neutralisation and showed greater variation across models and validation
protocols. Mean relative humidity provided the strongest cross-model channel signal:
neutralisation increased MAE in all four recurrent model-protocol contexts, with a mean
increase of 53.155 kgha™!, equivalent to 15.57%. Under district-grouped validation, relative-
humidity neutralisation significantly degraded both LSTM and SimpleRNN performance after
Holm correction.

Heat-stress days ranked second across the combined channel analysis, with a mean MAE
increase of 30.435 kgha™! or 7.90%, with deterioration in all four contexts. Its district-grouped
effect remained statistically significant for LSTM. Mean wind speed ranked third, with a mean
increase of 17.659 kgha™! or 4.60%, although no individual wind-speed contrast remained
significant after multiplicity correction. These leading cross-model effects are summarised in
Panel C of Table 16.

Channel rankings also differed between validation protocols. Under district-grouped
validation, relative humidity ranked first for both recurrent models, whereas under rolling-

origin validation heat-stress days ranked first for LSTM and relative humidity ranked first for



SimpleRNN. No rolling-origin weather-channel perturbation remained statistically significant
after Holm correction, indicating weaker statistical resolution of individual meteorological

dependencies under future-year evaluation.

Panel C. Leading cross-model weather-channel neutralisation effects

Weather Contexts Mean MAE | Range of | Mean Consensus
channel with increase MAE relative rank
increased (kgha™1) increase increase
MAE (kgha™1) (%)
Mean 4/4 53.155 9.641-78.445 | 15.57 1
relative
humidity
Heat-stress | 4/4 30.435 8.094-61.164 | 7.90 2
days
Mean wind | 4/4 17.659 9.893-32.574 | 4.60 3
speed

At the monthly time-step level, the strongest statistically resolved effects occurred under
district-grouped validation. Neutralising April increased LSTM MAE from 307.407 to
347.580 kgha™?!, an increase of 40.173 kg ha™!. Neutralising March increased LSTM MAE
to 335.431kg ha™?, corresponding to an increase of 28.024 kgha™!. Both effects remained
significant after Holm correction.

For SimpleRNN, March neutralisation increased MAE by 25.220 kgha™!, February by
21.059 kgha™!, and April by 18.792 kgha™!. All three effects remained significant after
multiplicity adjustment. Across the combined model-protocol analysis, April had the highest
overall time-step consensus rank, although the ordering of individual months varied between
models and protocols. No rolling-origin monthly time-step comparison remained statistically
significant after Holm correction. The statistically resolved district-grouped effects are reported

in Panel D of Table 16.

Panel D. Statistically resolved district-grouped monthly time-step effects



Model

Neutralis

ed month

Referen
ce MAE
(kg ha™?!
)

Perturbe
d MAE
(kg ha™!
)

MAE
increas
e (kg
ha™1)

95%
CI (kg
ha™1)

Holmadjust
edp

LSTM

April

307.407

347.580

40.173

24.26

57.97

0.00164

LSTM

March

307.407

335.431

28.024

14.53

40.96

0.02212

SimpleRN
N

March

304.208

329.428

25.220

11.13

38.77

0.01360

SimpleRN
N

February

304.208

325.267

21.059

12.00

30.02

0.00729

SimpleRN
N

April

304.208

323.000

18.792

10.57

27.06

0.01360

Taken together, the matched ablation and frozen-model perturbation analyses showed that
historical productivity provided the dominant predictive information within the available
district-level feature set. Adding historical predictors to an otherwise matched recurrent
weather model reduced MAE by 50.1% under district-grouped validation and 59.4% under
rolling-origin validation, while neutralising the historical block in already fitted models

produced substantially larger performance losses than neutralising individual weather channels



or monthly positions. Meteorological variables nevertheless retained measurable predictive
contributions, particularly through relative humidity, heat-stress exposure, and late-season time
steps. These findings therefore indicate a strong incremental contribution from historical

productivity without implying that meteorological information was universally unnecessary.

4.7 Effective Sequence-Length Sensitivity

The sequence-length analysis evaluated 84 recurrent checkpoints across 14 development folds.
It generated 39,900 seed-level predictions and 13,300 ensemble predictions without retraining
either recurrent model. Full seven-month replay reproduced the archived raw and scaled
reference predictions with zero error. No locked final-test data were accessed.

Under district-grouped validation, restricting the effective LSTM sequence to one, two, three,
or four months increased MAE by 35.991, 52.938, 47.579, and 20.513 kgha™?, respectively.
All four differences remained significant after Holm correction. The five- and six-month
configurations differed from the seven-month result by only 2.029 and —0.078 kgha™?,
respectively, and neither difference was statistically resolved.

For SimpleRNN, retaining one, two, three, or four months increased MAE by 45.494, 80.456,
103.122, and 42.222 kgha™!, respectively. All four differences remained significant after
Holm correction. The five- and six-month configurations increased MAE by 9.223 and
4.230 kgha™1, respectively, but neither remained statistically significant after adjustment.
Under rolling-origin validation, the complete seven-month sequence produced the lowest MAE
for both recurrent models. LSTM recorded its highest MAE with two retained months, whereas
SimpleRNN recorded its highest MAE with three retained months. Although every shortened
rolling-origin sequence produced a higher MAE than the corresponding seven-month
configuration, none of these differences remained statistically significant after Holm

correction. The complete sequence-length results are reported in Table 17.

Table 17. Recurrent-model MAE by effective sequence length.

Retained District- District-grouped Rolling- Rolling-origin

months grouped SimpleRNN origin LSTM | SimpleRNN
LSTM

1 343.398* 349.702* 471.258 487.599

2 360.345* 384.664* 504.652 557.767

3 354.986* 407.329* 499.409 610.708

4 327.920* 346.429* 466.085 536.048




5 309.436 313.431 443.952 510.319
6 307.329 308.438 434.309 496.831
7 307.407 304.208 430.873 459.834

*Significantly higher than the corresponding seven-month result after Holm correction. Table

entries are MAE in kg ha 1.

The district-grouped sensitivity profiles show that both recurrent models incurred substantially
greater error when the effective sequence was restricted to one through four months.
Performance approached the complete-sequence result after five months for LSTM and after
six months for SimpleRNN, while the seven-month points reproduce the canonical district-

grouped MAE:s. Figure 11 presents these relationships.
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Figure 11. Effective sequence-length sensitivity under district-grouped validation.

The rolling-origin profiles showed a broadly similar reduction in error as additional crop-
season months were restored. LSTM reached its highest MAE with two retained months,
whereas the SimpleRNN maximum occurred with three months. For both models, the full
October—April sequence produced the lowest rolling-origin MAE, although none of the
shortened-sequence comparisons remained statistically significant after Holm correction.

Figure 12 presents the corresponding temporal sensitivity results.
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Figure 12. Effective sequence-length sensitivity under rolling-origin validation.

4.8 When Models Fail: Error and Failure Analysis

4.8.1 Residual Distributions

Residual distributions were examined across district-grouped validation, rolling-origin
validation, and the locked final test. Residuals were defined as predicted minus observed yield;
negative values therefore indicate underprediction.

Under district-grouped validation, mean bias remained comparatively close to zero:
—47.370 kgha™! for the prior two-year moving-average baseline, +2.663 kg ha™! for Elastic
Net, -11.284 kg ha ~! for FT-Transformer, —5.052 kgha™! for LSTM, and -8.925 kgha™? for
SimpleRNN. Thus, pooled spatial-transfer errors showed limited systematic directional bias.
Rolling-origin  validation exhibited a clearer negative shift. Mean bias was
—106.424,—163.354,—154.567, -224.799, and -253.354 kg ha™! for the prior two-year
baseline, Elastic Net, FT-Transformer, LSTM, and SimpleRNN, respectively. The recurrent
models therefore showed the strongest systematic underprediction, with residual distributions
extending more strongly into the negative-error region.

On the locked final test, pooled bias again moved closer to zero: —39.064 kgha™! for the prior
two-year baseline, +39.862 kgha™! for Elastic Net, -32.078 kg ha™! for FT-Transformer,
+5.965 kg ha™! for LSTM, and +28.391 kgha™? for SimpleRNN.



Overall, residual behaviour was protocol dependent: district-grouped errors were
comparatively balanced, rolling-origin evaluation showed systematic underprediction, and the
locked final test showed smaller model-specific directional shifts. The strongest negative errors
occurred predominantly among higher-yield observations, consistent with the yield-range

analysis in Section 4.8.4. These protocol-specific residual distributions are shown in Figure 13.
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Figure 13. Residual distributions across the three evaluation protocols.

4.8.2 District-Level Error Patterns

Prediction difficulty also varied geographically. Under district-grouped validation, Ujjain was
the highesterror district for all five canonical models. District-specific MAE was
631.845 kgha™! for the prior two-year baseline, 668.192 kgha™! for Elastic Net,
655.470 kgha™! for FT-Transformer, 578.620 kgha™! for LSTM, and 559.399 kgha™! for
SimpleRNN. The recurrence of Ujjain across model families indicates that this spatial difficulty
was not architecture specific.

The pattern changed under rolling-origin validation. Dewas had the highest district-specific
MAE for the prior two-year baseline (696.648 kgha™1), Elastic Net ( 703.850 kgha™! ),
LSTM ( 732.844 kgha™! ), and SimpleRNN ( 757.264 kgha™! ). FT-Transformer differed,



recording its highest MAE in Hoshangabad at 639.759 kgha™!. In contrast, the lowest-error
locations varied across models and protocols rather than forming a common low-error region.
These results demonstrate that spatial prediction difficulty depended on the type of
generalisation being assessed. Figure 14 maps district-specific MAE for the numerically
leading model under each evaluation protocol-SimpleRNN under district-grouped validation,
FT-Transformer under rolling-origin validation, and Elastic Net on the locked final test-and

illustrates the corresponding change in spatial error patterns.
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Figure 14. District-level MAE of the protocol-leading model under each evaluation

protocol.

4.8.3 Temporal Drift

Prediction error also varied substantially across crop years. Under district-grouped validation,
crop-year start 2019 produced the highest annual MAE for all five canonical models:
540.477 kgha™! for the prior two-year baseline, 538.691 kgha™! for Elastic Net,
537.904 kgha™! for FT-Transformer, 607.705 kgha™! for LSTM, and 598.038 kgha™! for
SimpleRNN.

Under rolling-origin validation, the prior two-year baseline, Elastic Net, and FT-Transformer
again recorded their highest annual errors in 2019, with MAEs of 540.477, 545.196, and
530.738 kgha™?, respectively. In contrast, the recurrent models were most strongly affected in
2014: LSTM reached 726.134 kgha™! and SimpleRNN 761.094 kgha™!, with mean biases
of -711.999 and -750.839 kgha™1, respectively.

The pooled temporal penalty was also substantial. Rolling-origin minus district-grouped MAE
increased by 57.760 kgha™? for the prior two-year baseline, 77.400 kgha™! for Elastic Net,
46.858 kgha™! for FT-Transformer, 123.466 kgha™! for LSTM, and 155.626 kgha™! for
SimpleRNN.

On the locked final test, mean MAE across the five canonical models declined from

522.825 kgha™! in 2020 to 416.526 kgha™! in 2021 and 238.777 kgha™! in 2022. The prior



two-year baseline was best in 2020 (486.375 kg ha™! ), whereas Elastic Net was best in 2021
(398.534 kg ha™1 ) and 2022 (189.320 kg ha™1 ). Temporal difficulty and model ranking were
therefore not constant across crop years. Figure 15 summarises these temporal changes across

development validation and the locked final-test period.
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Figure 15. Temporal variation in model error across development validation and the

locked final test.

4.8.4 Yield-Range and High-Yield Errors

The training-derived Tukey limits were approximately -495.45 and 4,576.92 kgha™1. Because
wheat yield was non-negative, only the upper limit was operationally relevant. Five high-yield
observations exceeded this threshold under each development validation protocol and were
retained in all principal metrics.

Under district-grouped validation, non-outlier MAE ranged from 294.257 to 311.343 kgha™1,
whereas high-yield-outlier MAE ranged from 1,370.448 to 1,637.947 kgha™. Under rolling-
origin validation, the corresponding ranges were 352.084 — 443.798 and 1,414.020 —
1,611.244 kgha™!. Depending on model and protocol, high-yield-outlier MAE was
approximately 3.47-5.53 times the corresponding non-outlier MAE. This pronounced outlier

sensitivity is shown in Figure 16.
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Figure 16. Model sensitivity to high-yield observations identified using the training-

derived Tukey rule.

The broader yield-range analysis showed the same upper-range difficulty. District-grouped
validation contained 61 lower-range, 486 central-range, and 61 upper-range observations,
whereas rolling-origin validation contained 35, 272, and 35, respectively.

Under district-grouped validation, the prior two-year baseline achieved the lowest lower-range
MAE ( 146.907 kgha™! ), SimpleRNN the lowest central-range MAE ( 278.603 kgha™?! ),
and Elastic Net the lowest upper-range MAE ( 499.238 kgha™! ). Under rolling-origin
validation, FT-Transformer achieved the lowest lower- and central-range MAEs (198.350 and
345.016 kgha™! ), whereas the prior two-year baseline had the lowest upper-range MAE (
608.531 kgha™! ). Nevertheless, the upper-yield range produced the largest MAE for every
canonical model under both protocols. The complete lower-, central-, and upper-range error
profiles are presented in Figure 17, while the corresponding outlier- and yield-range-specific

MAE values are summarised in Table 18.
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Figure 17. Model error across lower, central, and upper observed-yield ranges.

The consistent deterioration at the upper end of the yield distribution identifies high
productivity as a reproducible failure region. This pattern is also consistent with the

compression of high-yield predictions towards the central yield range observed in Figure 6.

Table 18. Outlier and yield-range sensitivity

Panel A. MAE by IQR outlier class

Protocol Model Complete Non- High-yield
sample outlier outlier

District Prior two-year moving | 312.902 303.387 1,460.443

grouped average

District Elastic Net 311.687 302.908 1,370.448

grouped

District FT-Transformer 320.752 311.343 1,455.506

grouped

District LSTM 307.407 296.374 1,637.947

grouped

District SimpleRNN 304.208 294.257 1,504.324

grouped




Rolling origin | Prior two-year moving | 370.662 354.493 1,460.443
average

Rolling origin | Elastic Net 389.087 373.471 1,441.600

Rolling origin | FT-Transformer 367.610 352.084 1,414.020

Rolling origin | LSTM 430.873 413.360 1,611.244

Rolling origin | SimpleRNN 459.834 443.798 1,540.638

Panel B. MAE by observed-yield range

Protocol Model Lower Central Upper

range range range

District Prior two-year moving | 146.907 304.583 545.179

grouped average

District Elastic Net 154.284 307.903 499.238

grouped

District FT-Transformer 199.478 312.732 505.921

grouped

District LSTM 240.446 279.617 595.782

grouped

District SimpleRNN 231.537 278.603 580.876

grouped

Rolling origin | Prior two-year moving | 237.756 357.155 608.531
average

Rolling origin | Elastic Net 230.296 378.101 633.255

Rolling origin | FT-Transformer 198.350 345.016 712.453

Rolling origin | LSTM 264.881 396.166 866.587

Rolling origin | SimpleRNN 268.157 428.919 891.768

Table entries are MAE in kgha™1.

4.8.5 Bland-Altman Agreement
Bland-Altman analysis provided a complementary assessment of prediction agreement relative
to the mean observed and predicted yield. For the protocol-leading models, SimpleRNN under

district-grouped validation had a mean difference of —8.9 kgha™!

, with approximate 95%
limits of agreement from -816.0 to +798.1 kgha™!. FT-Transformer under rolling-origin

validation had a mean difference of -154.6 kg ha-1 , with limits from —1,083.8 to



+774.7 kgha™1. On the locked final test, Elastic Net had a mean difference of +39.9 kgha™!,
with limits from -1,137.3 to +1,217.0 kg ha™?.

The broad limits of agreement demonstrate that small pooled mean biases did not imply
uniformly close agreement at the individual district-crop-year level. Error dispersion also
increased towards higher mean yield levels, consistent with the high-yield and upper-range
analyses. Rolling-origin validation additionally showed a downward shift consistent with its

systematic underprediction. These agreement patterns and limits are displayed in Figure 18.
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Figure 18. Bland-Altman agreement for the protocol-leading model under each

evaluation protocol.

4.8.6 Weather-Extreme and Late-Sowing Failure Analysis

Development-stage predictions were additionally stratified using training-derived quartiles of
seasonal rainfall, heat-stress exposure, and maximum dry-spell duration. These comparisons
were descriptive and were not treated as event-labelled drought or heatwave analyses.

Under district-grouped validation, the highest-minus-lowest rainfall-quartile difference in
MAE was small and model dependent, ranging from -15.740 to +37.572 kgha™!. Under
rolling-origin validation, however, all five canonical models showed higher MAE in the highest
rainfall quartile, with increases of 72.200-151.854 kgha™!. Thus, comparatively wet seasons
were associated with greater prediction difficulty specifically under temporal generalisation.
The highest heat-stress quartile did not correspond to greater prediction error. Q4-minus-Q1

MAE differences were negative for every model under both protocols, ranging from -112.897



to -40.395 kgha™1. Maximum dry-spell differences were likewise negative throughout, ranging
from -181.944 to -23.553 kg ha ~1. The available evidence therefore does not support a claim
that the highest heat-stress or longest dry-spell strata were systematically the most difficult to
predict.

These conditional associations should not be interpreted causally because they may reflect
concurrent differences in district, crop year, yield level, historical productivity, or unobserved
management conditions. Feature-importance results were therefore not used as substitutes for
explicit subgroup failure evidence.

Late-sowing failures could not be evaluated because sowing-date information was unavailable
in the modelling dataset. Accordingly, no claim is made regarding prediction failure
specifically attributable to delayed sowing. The failure analysis was therefore restricted to the
executed residual, spatial, temporal, yield-range, outlier, agreement, and meteorological-

stratification analyses.

4.9 Learning Behaviour, Model Capacity, and Reproducibility

4.9.1 Learning-Curve and Training-History Diagnostics

The learning-curve reporting package was generated entirely from completed development-
stage validation records and saved neural optimisation histories, without retraining any model
or accessing the locked final test. The package retained district-grouped and rolling-origin
validation trajectories, epoch-level neural training histories, figure captions, source manifests,
output metadata, and cryptographic checksums.

The rolling-origin trajectories represented progressively expanding training histories across
successive validation years. Increasing the amount of preceding training data did not produce
a monotonic reduction in validation error. In particular, the recurrent models exhibited
pronounced increases in error in some later temporal folds despite the larger available training
histories. This behaviour is consistent with the temporal-drift results in Section 4.8.3 and
indicates that additional historical observations did not eliminate year-to-year distributional
variation.

District-grouped validation showed a different form of variability because each fold withheld
a different set of districts. Each fold was fitted independently, and the resulting variation was
retained as part of the spatial-transfer diagnostic. Principal district-grouped performance was
calculated from pooled out-of-fold predictions rather than from a simple average of fold-level

MAE:s.



The neural optimisation histories retained epoch-level training loss, inner-validation MAE,
learning-rate changes, early-stopping status, and best-checkpoint information. Training loss
generally declined during optimisation, whereas validation MAE typically reached a minimum
and subsequently plateaued or fluctuated, providing the basis for early stopping and checkpoint
restoration. Learning-rate reduction was triggered when validation improvement stalled
according to the frozen scheduler configuration; no learning-rate or stopping rule was modified
after inspection of the locked final-test results.

The final training epoch counts were 27 for FT-Transformer, 49 for LSTM, and 51 for
SimpleRNN. These values reflect the frozen development-stage training procedure rather than
post-test optimisation. The subsequent checkpoint replay audit reproduced the archived
predictions exactly, with a maximum prediction discrepancy of 0.0 kg ha™!. Figure 19
summarises the learning and validation trajectories retained from the completed development
runs. The trajectories show both optimisation convergence and substantial fold-dependent

variation, particularly under rolling-origin evaluation.
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Figure 19. Learning-curve and neural training-history diagnostics under district-

grouped and rolling-origin validation.



4.9.2 SimpleRNN versus LSTM Diagnostics
The training diagnostics also provide context for the differing SimpleRNN and LSTM rankings

across validation protocols. The canonical LSTM contained 2,505 trainable parameters,
whereas SimpleRNN contained 16,929 parameters. Both models received the same seven-
month meteorological sequence and eight static historical predictors, but the LSTM used a
single gated recurrent layer with hidden size 16, whereas SimpleRNN used two recurrent layers
with hidden size 64.

Under district-grouped validation, SimpleRNN achieved an MAE of 304.208 kgha™!,
compared with 307.407 kgha ~! for LSTM. The difference was only 3.199 kgha™?, or
approximately 1.04%, and was not statistically resolved after multiplicity adjustment. This
spatial result therefore does not establish a general performance advantage for SimpleRNN.
The ranking reversed under temporal evaluation. LSTM achieved a rolling-origin MAE of
430.873 kgha™!, compared with 459.834 kgha™! for SimpleRNN, giving LSTM a
28.961 kgha™! advantage. On the locked final test, LSTM again recorded the lower MAE, at
400.087 versus 406.841 kgha™1, a difference of 6.754 kg ha™!. The relative performance of
the two recurrent architectures was therefore protocol dependent rather than uniformly
favourable to either model.

Three fixed random seeds—20260721, 20260722, and 20260723—were retained for eligible
deep-learning runs, and seed-level predictions were combined using the predefined ensemble
procedure. Fold- and seed-level histories were retained rather than selecting a favourable
individual run. Best-checkpoint restoration and subsequent replay checks further confirmed
that the reported recurrent predictions arose from the archived fitted models rather than from
post hoc retraining.

The observed pattern does not provide evidence that LSTM overfitting was definitively
responsible for the district-grouped ranking. Instead, the results are consistent with the
possibility that the relatively short seven-step sequence and moderate development sample did
not consistently reward additional recurrent gating complexity. Conversely, the stronger
temporal performance of LSTM suggests that its gated representation may have provided
greater stability in some future-year settings. These interpretations remain model- and dataset-
specific and do not establish an intrinsic superiority of either recurrent architecture.
Computational parameter counts, checkpoint sizes, archived training times, and storage
requirements are reported separately in Section 4.11 to avoid duplicating the computational-

efficiency analysis.



4.10 Prediction-Interval Reliability and Calibration

4.10.1 Empirical versus Nominal Coverage

Prediction-interval reliability was evaluated for the five canonical models at nominal coverage
levels of 50%, 80%, 90%, and 95%. The analysis used development-stage out-of-fold
predictions only. District-grouped calibration excluded observations from the target district and
used 592 residuals, whereas rolling-origin calibration excluded observations from the target
crop year and used 304 residuals.

Empirical coverage remained close to the requested levels under both validation protocols.
Under district-grouped validation, empirical coverage ranged from 50.000% to 50.493% at the
50% nominal level, 80.099% to 80.263% at 80%,89.967% to 90.296% at 90%, and
95.066% to 95.395% at 95%.

Under rolling-origin validation, empirical coverage ranged from 49.415% to 50.877% at the
50% nominal level, 79.240% to 80.702% at 80%,89.766% to 90.643% at 90%, and
94.737% to 95.614% at 95%. Figure 20 compares nominal and empirical coverage across the

canonical models and both development protocols.
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Figure 20. Nominal versus empirical prediction-interval coverage under district-

grouped and rolling-origin validation.

4.10.2 Coverage Deviation

Across all models, protocols, and nominal levels, the maximum absolute empirical-minus-
nominal coverage deviation was 0.877 percentage points. Under district-grouped validation,
signed deviations ranged from 0.000 to +0.493 percentage points at 50% coverage, +0.099 to
+0.263 at 80%, -0.033 to +0.296 at 90%, and +0.066 to +0.395 at 95%.



Rolling-origin deviations were slightly larger, ranging from -0.585 to +0.877 percentage points
at 50%, -0.760 to +0.702 at 80%, -0.234 to +0.643 at 90%, and -0.263 to +0.614 at 95%. Thus,
pooled empirical coverage remained close to nominal coverage despite the more demanding

temporal evaluation.

4.10.3 Interval Width and Interval Score

Calibration accuracy was considered jointly with interval sharpness. At 80% nominal coverage,
LSTM produced the narrowest district-grouped mean interval width at 971.362 kgha™1,
whereas FT-Transformer produced the narrowest rolling-origin width at 1,159.729 kgha™1. At
95% coverage, SimpleRNN produced the narrowest district-grouped interval width at
1,719.158 kgha™1, while FT-Transformer again produced the narrowest rolling-origin width
at 2,254,467 kgha 1.

For interval score, SimpleRNN produced the lowest district-grouped values at both 80% and
95% coverage, with scores of 1,505.242 and 2,244.764 kgha™1, respectively. Under rolling-
origin validation, FT-Transformer produced the lowest interval scores at both levels, at

1,846.822 and 2,675.655 kgha™!. The complete pooled reliability results are reported in Table
19.

Table 19. Cluster-excluded prediction-interval reliability

Proto | Model |50% |80% |90% |95% |80% 80% 95% 95%

col cover | cover | cover |cover | mean |interv | mean | interv

age age age age width | al width | al
score score

Distri | Prior 50.00 |80.26 |90.29 |95.06 |1,032. |1,664. |1972. |2,557.

ct two-year | 0 3 6 6 372 718 592 199

group | moving

ed average

Distri | Elastic | 50.49 | 80.26 |90.13 |95.06 |999.06 | 1,618. | 1,874. | 2,428.

ct Net 3 3 2 6 7 675 403 906

group

ed




Distri | FT- 50.32 | 80.09 [90.29 |9539 |1,019. |1,628. | 1,880. |2,398.
ct Transfor | 9 9 6 5 403 337 697 728
group | mer
ed
Distri | LSTM 50.49 |80.26 |90.29 |9539 |971.36 | 1,509. | 1,745. | 2,247.
ct 3 3 6 5 2 036 214 728
group
ed
Distri | SimpleR | 50.16 | 80.09 | 89.96 | 95.06 |996.42 | 1,505. | 1,719. |2,244.
ct NN 4 9 7 6 4 242 158 764
group
ed
Rollin | Prior 49.41 |80.40 |90.35 |95.02 |1,217. | 1,907. |2,348. | 2,866.
g two-year | 5 9 1 9 039 006 472 236
origin | moving

average
Rollin | Elastic | 50.87 | 80.40 |90.05 |95.32 |1,260. | 1,917. |2,425. | 2,888.
g Net 7 9 8 2 644 740 393 242
origin
Rollin | FT- 50.87 | 80.70 |90.05 |94.73 | 1,159. | 1,846. | 2,254. | 2,675.
g Transfor | 7 2 8 7 729 822 467 655
origin | mer
Rollin | LSTM | 50.87 | 79.53 | 89.76 |94.73 | 1,343. | 2,110. | 2,453. | 3,036.
g 7 2 6 7 801 260 935 708
origin
Rollin | SimpleR | 50.29 | 79.24 | 90.64 | 95.61 | 1,461. |2,136. |2,477. |20917.
g NN 2 0 3 4 256 598 646 995
origin

Empirical coverage is expressed as a percentage; interval widths are expressed in kg ha™".

1




4.10.4 Conditional Reliability

Conditional reliability was examined by stable district, crop year, observed-yield range, and
outlier status to assess whether pooled calibration in Table 19 concealed subgroup variation.
Coverage and interval width were interpreted jointly.

Reliability varied across spatial, temporal, and yield-based subgroups, but these estimates were
less stable than the pooled results because of smaller subgroup sizes. In particular, each high-
yield-outlier group contained only five observations and was therefore interpreted
descriptively. Accordingly, Table 19 provides the primary evidence of interval calibration,

while the conditional analyses serve as supporting sensitivity diagnostics.

4.10.5 Spatial versus Temporal Uncertainty

Prediction intervals were consistently wider under rolling-origin validation than under district-
grouped validation for every canonical model at the reported 80% and 95% levels. Interval
scores were likewise higher under rolling-origin validation for every model. This pattern
indicates that future-year forecasting required greater uncertainty margins than transfer to held-
out districts, consistent with the stronger temporal distribution shift identified in the point-
prediction and temporal-drift analyses.

The calibration analysis therefore showed that near-nominal pooled coverage was maintained
under both protocols, but temporal generalisation required substantially wider intervals and
incurred larger interval scores. This distinction between calibration and sharpness is important
because similar empirical coverage does not imply equivalent predictive uncertainty across

validation settings.

4.11 Computational Efficiency

The canonical neural models contained between 2,505 and 16,929 trainable parameters. LSTM
was the smallest neural architecture, with 2,505 parameters, followed by FT-Transformer with
9,185 parameters and SimpleRNN with 16,929 parameters.

Model-storage requirements were also modest for the canonical set. LSTM checkpoints
occupied approximately 17-18 KB, FT-Transformer checkpoints approximately 46 KB, and
SimpleRNN checkpoints approximately 76 KB. The prior two-year moving-average baseline
and Elastic Net required approximately 1.0 and 2.2 KB, respectively.

The recurrent models used seven monthly time steps with 13 time-varying meteorological
channels and eight static historical predictors. Elastic Net and FT-Transformer used eight
historical predictors, whereas the prior two-year moving-average baseline used a single derived

historical summary.



The available computational records are summarised in Table 20. Archived training times

originated from different execution stages and are therefore reported descriptively rather than

as a controlled hardware-normalised speed benchmark. Deep-model prediction times were

retained at the individual-run level but were not aggregated into a cross-model inference-time

comparison.

Table 20. Computational and storage characteristics of the canonical models.

monthly steps

x 13 channels

plus eight
static
predictors

Model Retained Trainable Total Archived | Approximate
input parameters | parameters | training serialized size
structure time (s)
Prior  two- | One historical | Not Not 0.000 1.0 KB
year moving | summary applicable applicable
average
Elastic Net Eight Coefficient- | Coefficient- | 0.557 2.2 KB
historical based based
predictors
FT- Eight 9,185 9,185 14.245 46 KB
Transformer | historical
predictors
LSTM Seven 2,505 2,505 17.642 17-18 KB
monthly steps
x 13 channels
plus eight
static
predictors
SimpleRNN | Seven 16,929 16,929 14.494 76 KB

Among the canonical neural models, LSTM achieved the smallest parameter count and

checkpoint size, although its archived training time was longer than those of FT-Transformer



and SimpleRNN. These timing differences should not be interpreted as controlled
computational-speed comparisons because the retained timing records were obtained at

different execution stages.

4.12 Sentinel-2 Seasonal Results

4.12.1 Satellite-Panel Completeness

The Sentinel-2 workflow produced complete early-, peak-, and late-stage district summaries
for all 38 stable districts across six crop years from 2017-2018 to 2022—-2023. The final satellite
panel therefore contained 228 district—crop-year observations.

For every retained stage—index combination, the output registry contained valid-pixel count,
mean, median, standard deviation, minimum, maximum, 25th percentile, 75th percentile,
interquartile range, and coefficient of variation. No district—crop-year record lacked its
corresponding official cultivated area, production, or wheat-yield value.

The complete map inventory contained 30 validated products: early-season NDVI, peak-
growth NDVI, late-season NDVI, early-to-peak NDVI change, and peak-to-late NDVI change

for each of the six crop years.

4.12.2 Statewide Seasonal Vegetation Patterns

At the statewide mean level, all four spectral indices increased from the early stage to peak
growth and subsequently declined during the late stage.

Mean NDVI increased from 0.401 during the early stage to 0.549 at peak growth and declined
to 0.241 during the late stage. The corresponding early-to-peak and peak-to-late changes were
+0.148 and —0.308, respectively. Mean EVI increased from 0.241 to 0.373 and subsequently
declined to 0.152. Mean SAVI increased from 0.232 to 0.348 and declined to 0.156, while mean
NDMI increased from 0.018 to 0.164 before declining to —0.085. The statewide seasonal means
are presented in Panel A of Table 21.

4.12.3 Annual NDVI Dynamics

Annual NDVI patterns varied across the six Sentinel-2 crop years. The highest statewide peak-
growth NDVIwas 0.595 in 2019-2020, whereas the lowest was 0.491 in 2018-2019. The largest
early-to-peak increase also occurred in 2019-2020, with a statewide mean change of +0.212.

The number of districts recording a positive early-to-peak NDVI change ranged from 23 of 38
in 2018-2019 to 37 of 38 in 2021-2022. All six annual statewide means showed a negative
peak-to-late NDVI change. Mean annual wheat yield ranged from 3,157.4 kgha™! in 2018-



2019 to 3,557.1 kg ha™! in 2020-2021. Annual wheat-yield and NDVI summaries are reported
in Panel B of Table 21.

Table 21. Sentinel-2 seasonal and annual results

Panel A. Statewide seasonal index means

Index | Early-stage | Peak-stage | Late-stage | Early-to-peak | Peak-to-late
mean mean mean change change

NDVI | 0.401 0.549 0.241 +0.148 -0.308

EVI 0.241 0.373 0.152 +0.132 -0.221

SAVI 0.232 0.348 0.156 +0.116 -0.192

NDMI | 0.018 0.164 -0.085 +0.146 -0.249

Panel B. Annual wheat yield and NDVI dynamics

Crop | Mean Early | Peak | Late Early-to- | Peak-to- | Districts with
year yield (kg | NDVI | NDVI | NDVI | peak late early-to-peak
ha™1) change change | increase

2017—- | 3,348.6 0397 [0.514 |[0.218 |+0.117 —0.296 32/38

2018

2018- | 3,157.4 0428 [0.491 |[0.232 | +0.063 —0.259 23/38

2019

2019- | 3,546.1 0383 0595 |0.261 |+0.212 —0.334 34/38

2020

2020- | 3,557.1 0391 0539 |0.225 |+0.148 —0.314 32/38

2021

2021- | 3,454.1 0.398 |0.580 |0.259 |+0.182 —0.320 37/38

2022

2022— | 3,514.9 0.407 |0.574 |0.252 |+0.167 —0.323 34/38

2023




For 2022-2023, the equal-weight district mean peak-growth NDVI was 0.574. Figure 21
presents the corresponding 500-m general-cropland-masked raster distribution and shows

substantial spatial heterogeneity in peak-stage vegetation conditions across Madhya Pradesh.
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Figure 21. Spatial distribution of peak-growth NDVI over mapped general cropland
during 2022-2023.

For the same crop year, 34 of the 38 stable districts recorded a positive early-to-peak NDVI
change. The district-summary mean increased from 0.407 during the early stage to 0.574 at

peak growth, corresponding to a mean change of +0.167. Figure 22 shows the spatial

distribution of this early-to-peak increase.
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Figure 22. Spatial distribution of early-to-peak NDVI change over mapped general
cropland during 2022-2023.

Peak-to-late NDVI change was negative at the statewide district-summary level, decreasing
from 0.574 at peak growth to 0.252 during the late stage, corresponding to a mean change of

—0.323. Figure 23 shows the spatial distribution of the late-season decline.
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Figure 23. Spatial distribution of peak-to-late NDVI change over mapped general
cropland during 2022-2023.

4.12.4 Sentinel-2-Yield Associations
Across the 228 district-crop-year observations, late-stage NDMI showed the strongest pooled

association with official wheat yield, with Pearson r = 0.442 and Spearman p = 0.507. Peak-
stage NDMI showed a similar positive association (r = 0.439, p = 0.442), while early-stage
NDMI was also positively associated with yield (r = 0.335,p = 0.426).

Among the peak-stage vegetation indices, peak NDVI showed Pearson and Spearman
correlations of 0.375 and 0.376, respectively, followed by peak SAVI (r = 0.347,p = 0.358)
and peak EVI (r = 0.329,p = 0.335). In contrast, peak-to-late changes were negatively
associated with yield for NDVI (r = —0.367,p = —0.333), SAVI (r =-0.352,p =
—0.328), NDMI (r = —0.333,p = —0.315), and EVI (r = —0.333, p = —0.309).

These relationships are interpreted as descriptive district-level associations only. The satellite
analysis used a general-cropland mask rather than a wheat-specific classification, and the
Sentinel-2 variables were not incorporated into the frozen canonical forecasting models. The
associations therefore do not establish causality, wheat-classification accuracy, or an

improvement in predictive performance attributable to Sentinel-2.

5. Discussion

The results show that district-level Rabi wheat-yield prediction in Madhya Pradesh depended
more strongly on historical productivity and validation setting than on model complexity.
Under district-grouped validation, SimpleRNN achieved the lowest MAE of 304.208 kg ha™',
but its improvement over the prior two-year moving-average baseline was only 2.78% and was
not statistically resolved after multiplicity correction. Under rolling-origin validation, FT-
Transformer ranked first with an MAE of 367.610 kg ha™, only 0.82% better than the
persistence baseline. On the protected final test, Elastic Net achieved the lowest MAE of
368.498 kg ha™!, representing a 3.79% reduction relative to the moving-average baseline. This
result is consistent with evidence that deep learning does not necessarily outperform well-
regularised methods on moderate-sized structured tabular datasets [74]. The changing rankings
across protocols further demonstrate that geographical transfer and future-year forecasting
represent different generalisation problems.

The protected-test advantage of Elastic Net is therefore an important result rather than evidence

of model inadequacy. The complete archive contained 950 district—crop-year observations, but



repeated measurements from 38 districts meant that these were not 950 independent samples,
while only 608 observations formed the common development panel. Under these conditions,
coefficient shrinkage can provide lower-variance estimates than highly flexible representations
when recent productivity already explains a substantial proportion of yield variation. This
interpretation is also consistent with agricultural studies showing that interpretable models can
reveal meaningful yield structure without requiring unnecessary complexity [75].
Consequently, deep architectures should be judged against strong persistence and regularised
baselines rather than assumed to provide automatic gains.

Historical productivity was the dominant predictive information source. Adding eight
historical-yield predictors to the matched LSTM reduced MAE by 50.1% under district-
grouped validation and 59.4% under rolling-origin validation, while neutralising the historical
block produced the largest performance deterioration across the fitted models. These variables
should not, however, be interpreted causally. Previous yields may indirectly encode persistent
differences in irrigation infrastructure, soil quality, management intensity, technology and local
production systems. Irrigation, for example, substantially modifies wheat productivity and heat
sensitivity in India [76], while extreme heat can produce important yield risks that are not
completely represented by historical persistence [77]. Crop-management timing can similarly
influence resilience and productivity [78]. Thus, historical yield functions as a strong
composite predictive indicator rather than a direct measurement of the agronomic mechanisms
responsible for productivity.

Weather nevertheless contributed useful information. Sequence-length perturbation showed
that reducing the effective October—April sequence generally increased recurrent-model error,
particularly when only one to four months were retained. Integrated Gradients and frozen-
model perturbation also identified relative humidity, heat stress, wind and particular late-season
months as influential, although ranking agreement weakened under rolling-origin validation.
This protocol dependence supports cautious interpretation of neural explanations. Previous
interpretable machine-learning research in Indian wheat systems likewise demonstrates that
environmental and management drivers can interact strongly in determining yield variability
[79]. Heat effects can additionally depend on sowing date and developmental timing [80],
which could not be evaluated directly here because consistent sowing-date observations were
unavailable.

The SimpleRNN-LSTM comparison illustrates why model rankings should not be interpreted
from a single validation protocol. SimpleRNN was only 3.199 kg ha™* better than LSTM under

district-grouped validation, approximately 1.04%, and the difference was not statistically



resolved. The ranking reversed under rolling-origin validation, where LSTM was 28.961 kg
ha™! better, and LSTM also slightly outperformed SimpleRNN on the protected test. The seven-
month sequence may therefore not consistently reward additional gating complexity, but the
evidence does not establish either architecture as intrinsically superior. More importantly,
agricultural responses can depend on compound weather conditions that differ between
seasons; hot, dry and windy events have been associated with substantial winter-wheat losses
elsewhere [81], while exceptional climatic combinations can produce abrupt yield failures that
standard models struggle to represent [82].

The failure analyses reinforce this interpretation. All models were substantially less accurate
for the small number of high-yield observations, indicating regression towards the dominant
central yield range. Rolling-origin validation also produced stronger negative bias and greater
temporal instability than district-grouped validation. Comparatively wet conditions were
associated with increased errors under temporal generalisation, whereas the highest heat-stress
and longest dry-spell strata were not systematically the most difficult. These findings should
therefore not be reduced to single-variable causal explanations. Global crop-modelling
evidence similarly indicates that climate-related agricultural impacts may emerge differently
across environments and modelling systems [83], while longer-term genetic improvement may
itself be challenged by changing climatic conditions [84].

Prediction uncertainty showed a similar spatial-temporal distinction. Empirical coverage
remained close to nominal levels, with a maximum absolute deviation of only 0.877 percentage
points, as illustrated by the calibration curves in Figure 20. However, rolling-origin intervals
were consistently wider and produced higher interval scores, demonstrating that future-year
forecasting required larger uncertainty margins than transfer to held-out districts. Climate
variables can provide substantial forecasting information late in the wheat season [85], but
concurrent extremes across major wheat-growing regions demonstrate why uncertainty should
remain explicit in operational forecasting [86]. The present residual-calibration approach
provided a common comparison across all model families; MC Dropout, deep ensembles,
quantile regression and alternative conformal approaches remain appropriate targets for future
comparative evaluation rather than retrospective additions to the frozen benchmark.

The study also strengthens interpretability through SHAP interactions, bootstrap stability and
cross-method comparison. Elastic Net historical-feature rankings remained unchanged across
1,000 district-cluster bootstrap resamples, whereas recurrent Integrated-Gradients rankings
were less stable under temporal validation. This distinction is agronomically plausible because

the importance of climatic conditions may vary across developmental stages [87]. Heat effects



can differ before and after flowering [88], while drought responses also depend on phenological
stage [89]. Accordingly, SHAP and Integrated Gradients should be interpreted as descriptions
of fitted-model dependence, not evidence of causal physiological effects.

The Sentinel-2 results provide complementary recent-period evidence rather than an alternative
forecasting model. Late-stage NDMI showed the strongest satellite—yield association, but the
analysis covered only six seasons and used a general-cropland rather than wheat-specific mask.
Figures 21-23 therefore describe spatial crop-condition patterns rather than wheat-specific
yield predictions. Longer-term wheat improvement under optimum, drought and heat
environments further illustrates that observed productivity reflects interacting genetic,
environmental and management influences [90].

Overall, the framework is most useful as a leakage-aware and reproducible agricultural
forecasting benchmark rather than as evidence that one architecture is universally optimal. Its
principal limitations are the moderate effective sample size, single-state and single-crop scope,
unavailable soil, irrigation, fertiliser, groundwater and sowing-date variables, one
meteorological reanalysis product, six Sentinel-2 seasons, and absence of external geographical
validation. FT-Transformer represented one compact tabular attention model; TabNet, SAINT,
NODE, TabTransformer, TabPFN, Temporal Fusion Transformer, Informer, Autoformer,
PatchTST, TimesNet, N-HiTS and Chronos were not benchmarked and should form part of
future prospective comparisons. External validation across Punjab, Haryana, Maharashtra and
other wheat-producing regions, followed by extension to rice, soybean and maize with crop-
specific seasonal definitions, is required before broader generalisation. Future work should
additionally incorporate soil and irrigation information, wheat-specific remote-sensing masks,
genuinely prospective unseen years, strict cold-start districts, joint spatiotemporal holdouts,
alternative uncertainty methods, and models trained explicitly for different in-season

forecasting dates.

Conclusion

This study developed an explainable and leakage-aware framework for district-level Rabi
wheat-yield prediction in Madhya Pradesh using harmonised agricultural records, stable
historical district units, ERAS5-Land meteorology, historical-yield predictors, and
complementary Sentinel-2 indicators. Model rankings varied across validation settings,
confirming that geographical transfer and future-year forecasting are distinct prediction
problems. SimpleRNN achieved the lowest district-grouped MAE of 304.208 kg ha™', FT-
Transformer achieved the lowest rolling-origin MAE of 367.610 kg ha™', and Elastic Net



performed best on the protected final test with an MAE of 368.498 kg ha™!, improving upon
the prior two-year moving-average baseline by 3.79%. Explainability, matched ablation, and
frozen-model perturbation consistently showed that recent district-level productivity history
was the dominant predictive information source; adding historical-yield features reduced
LSTM MAE by 50.1% under district-grouped validation and 59.4% under rolling-origin
validation. Weather remained informative, but its contribution was less stable under temporal
generalisation. Prediction intervals remained close to nominal coverage, with a maximum
absolute deviation of 0.877 percentage points, but were wider under rolling-origin validation,
indicating greater uncertainty in future-year forecasting. High-yield observations were
consistently more difficult to predict, while Sentinel-2 analysis identified late-stage NDMI as
the strongest satellite—yield correlate, although these associations remained descriptive.
Overall, the findings show that strong historical baselines, regularised models, leakage-aware
validation, protected testing, interpretability, uncertainty assessment, and reproducibility
controls are more important than model complexity alone. Future work should include
additional wheat-producing regions, wheat-specific remote-sensing masks, soil and irrigation
variables, strict cold-start and joint spatiotemporal validation, modern tabular and temporal

architectures, and prospective testing on genuinely unseen years and regions.
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