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Abstract - Food security across South Asia critically depends
on accurate pre-harvest crop yield estimation for rice, wheat, and
maize—three staple cereals sustaining over a billion people.
Existing computational frameworks exhibit four interconnected
structural limitations: temporal blindness to agronomically
critical growth stage windows; modality isolation in multi-source
data integration; the near-universal absence of formally
guaranteed uncertainty quantification; and distributional
fragility of the few uncertainty methods that exist under inter-
annual climate variability. This paper reviews the Climate-
Adaptive Transformer (CAT), a novel deep learning architecture
that simultaneously resolves all four limitations through
Phenology-Aware Positional Encoding (PAPE), a Crop-Specific
Learnable Attention Mask, and a Cross-Modal Fusion module
integrating ERAS5 climate sequences, MODIS/Sentinel-2
vegetation indices, and static agronomic context. Uncertainty is
quantified via Split Conformal Prediction and Adaptive
Conformal Inference (ACI). Evaluated on 7,182 farm-year
observations spanning 10 Indian states, 3 crops, and 15 growing
seasons (2010-2024), CAT achieves R*> = (.8720, RMSE = 0.2484
t/ha, MAPE = 6.15%, and PICP = 0.940 at 95% confidence—
consistently outperforming Random Forest, XGBoost, LSTM,
and BILSTM baselines. Interpretability analysis via attention
weights and SHAP confirms agronomically meaningful temporal
patterns. The framework represents a practically deployable,
theoretically grounded, and agronomically interpretable system
for operational yield forecasting and probabilistic agricultural
risk management.
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I.  INTRODUCTION

Global food security is under unprecedented and
accelerating stress. According to the Food and Agriculture
Organization of the United Nations, approximately 733
million people suffered from chronic hunger in 2023 [1].
World population is projected to reach 9.7 billion by 2050 [2],
further intensifying pressure on agricultural systems already
strained by climate change, resource scarcity, and economic
inequality. Among all measurable indicators of agricultural
system health, crop yield—the quantity of harvested produce
per unit area per growing season—is the most tangible and
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consequential metric, with direct cascading effects on food
pricing, national procurement policy, humanitarian response,
and economic stability.

India presents the world's most critical and complex
environment for crop yield forecasting. Agriculture in India
employs over 600 million people, contributes approximately
17% to GDP, and three staple cereals—rice, wheat, and
maize—provide the nutritional foundation for over 1.4 billion
people [3]. The state-operated Public Distribution System
(PDS), India's largest food security program, relies on pre-
harvest yield estimates to determine procurement volumes and
buffer stock requirements. The National Bank for Agriculture
and Rural Development (NABARD) uses expected yield
uncertainty when structuring and pricing seasonal farm credit.
Agricultural and Processed Food Products Export
Development Authority (APEDA) uses yield estimates when
issuing export licenses. For all these applications, accurate,
timely, and uncertainty-aware yield forecasts are prerequisites
for effective governance—not merely academic outputs.

The complexity of yield prediction has intensified
dramatically under human-induced climate change. Rising
temperatures, increasingly erratic Indian Summer Monsoon
patterns, elevated vapor pressure deficit, and more frequent
extreme precipitation events have destabilized the historically
established statistical relationships between seasonal climate
indicators and final crop yields [4]. The bimodal Kharif-Rabi
seasonal structure of Indian agriculture—with rice and maize
planted in the monsoon season and wheat in the winter
season—is particularly vulnerable to shifting monsoon onset
timing, mid-season breaks, and terminal heat stress during
grain filling.

Computational yield prediction methodologies have
evolved substantially over recent decades: from process-based
crop simulation models (DSSAT, APSIM, WOFOST), to
classical statistical regression, to ensemble machine learning,
to deep learning approaches using LSTM and CNN-LSTM
architectures. Despite this progress, the literature reveals four
persistent and unresolved structural gaps that limit the
operational utility of current systems for agricultural
governance  [5]: (i) temporal  blindness—recurrent
architectures treat all months in a growing season as equally
important, failing to preferentially weight yield-critical growth
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stage windows; (ii) modality isolation—most systems exploit
only a single data source, failing to leverage the
complementary information in climate reanalysis, satellite
vegetation indices, and agronomic context; (iii) the absence of
formally guaranteed uncertainty quantification—fewer than
8% of published deep learning yield prediction studies provide
any form of predictive interval, and none deliver distribution-
free coverage guarantees; and (iv) distributional fragility—the
few existing uncertainty methods (Bayesian approximations,
quantile regression) lose calibration when the deployment
climate distribution diverges from the training period,
precisely when uncertainty estimates are most needed.

This review paper examines the Climate-Adaptive
Transformer (CAT)—a novel deep learning framework that
addresses all four structural gaps in a single integrated
architecture. The paper proceeds as follows: Section II surveys
related literature across five research domains; Section III
describes the dataset, feature engineering, and CAT
architectural design including PAPE, attention masking, cross-
modal fusion, and conformal uncertainty quantification;
Section IV presents experimental results, performance
benchmarks, interpretability analysis, and conformal interval
evaluations; Section V summarizes the four novel
contributions; Section VI discusses limitations; Section VII
outlines high-priority future research directions; and Section
VIII concludes the review.

II. RELATED WORK

A. Machine Learning and Deep Learning for Crop Yield
Prediction

The transition from process-based crop simulation models
to data-driven approaches has been driven by two principal
motivations: the strongly nonlinear relationships between
climate drivers and crop yields, and the high dimensionality of
available multi-source input features [6]. Ensemble methods—
Random Forest and XGBoost—demonstrated strong
performance across diverse agro-climatic zones and became
dominant approaches in the mid-2010s. A landmark
benchmarking study by Paudel et al. (2021) [7] confirmed that
machine learning models consistently outperform statistical
and process-based counterparts at large-scale yield
forecasting. However, ensemble approaches require hand-
crafted temporal feature aggregation, discarding the sequential
structure of growing-season climate data.

Deep learning approaches addressed the temporal
limitation by treating climate data as ordered sequences. Khaki
and Wang (2019) [8] demonstrated substantial improvement
using deep neural networks for district-level yield estimation.
CNN-LSTM hybrid architectures further improved accuracy
by combining convolutional spatial feature extraction with
recurrent temporal modeling [9]. A systematic review by
Oikonomidis et al. (2022) [10] of 70+ deep learning yield
prediction studies identified two major unresolved challenges:
modeling long-range temporal dependencies over a complete
growing season (6-8 months), and the near-universal absence
of meaningful uncertainty quantification—challenges that
directly motivate the CAT framework reviewed here.
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B. Transformer Architectures for Agricultural Time-Series

The Transformer architecture of Vaswani et al. (2017)
[11] uses multi-head self-attention to model direct weighted
dependencies between all sequence positions simultaneously,
overcoming the vanishing gradient problem inherent to
sequential  recurrent  networks.  Several  time-series
Transformer variants have been developed: the Temporal
Fusion Transformer (TFT) [12] wuses variable selection
networks and gating for mixed static-dynamic inputs; the
Informer [13] employs ProbSparse attention for long-sequence
efficiency; PatchTST [14] processes temporal segments
enabling efficient growing-season representation; and
iTransformer [15] inverts attention to model cross-feature
dependencies. Despite these advances, none incorporate crop-
biology-specific adaptations: all treat temporal positions as
equally important, ignoring the established agronomic fact that
crop yield is disproportionately sensitive to climate during
flowering and grain-filling.

C. Remote Sensing and Multi-Source Data Fusion

Satellite-derived vegetation indices provide spatially
continuous crop canopy observations unavailable from
ground-based monitoring. The Normalized Difference
Vegetation Index (NDVI) from MODIS Terra/Aqua (250m,
16-day) provides a continuous 20+ year record critical for
multi-year model training. The Enhanced Vegetation Index
(EVI) reduces atmospheric and soil background
contamination. Leaf Area Index (LAI) is directly linked to
radiation interception and dry matter accumulation [16]. ESA's
Sentinel-2 mission (10m, 5-day) enables plot-level crop
assessment particularly valuable for India's predominantly
smallholder farming landscape [17]. ERAS5S—the fifth-
generation ECMWEF global reanalysis (31km, hourly, 1940-
present)—provides the most comprehensive global gridded
climate record for agricultural research, validated extensively
for South Asian applications [18]. Prior multi-source fusion
work has predominantly used naive feature vector
concatenation, imposing no structural relationship between
modalities and providing no mechanism to dynamically
weight their contributions.

D. Uncertainty Quantification in Deep Learning

Decision-making in agricultural policy, crop insurance,
and humanitarian early-warning requires probabilistic yield
estimates rather than point predictions. Bayesian Neural
Networks [19] provide principled posterior uncertainty but are
computationally prohibitive for high-dimensional multi-modal
architectures. Monte Carlo Dropout [20], while accessible,
produces poorly calibrated intervals—particularly when test
distributions diverge from training, which is the common case
in climate-driven agricultural prediction. Deep Ensembles [21]
offer better calibration at 5-10x training and inference
overhead. Conformalized Quantile Regression [22] partially
addresses coverage issues but does not deliver the distribution-
free, model-agnostic guarantees of full conformal prediction.

E. Conformal Prediction and Its Extensions

Conformal Prediction, developed by Vovk, Gammerman,
and Shafer [23], provides formally guaranteed finite-sample
coverage: P(Y € C(X)) > 1-o, without any distributional
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assumption, as long as calibration and test data are
exchangeable. Split conformal prediction [24] makes this
computationally efficient by using a held-out calibration set.
The critical limitation of standard conformal prediction for
agricultural forecasting is the violation of the exchangeability
assumption under inter-annual climate distribution shift—
precisely when reliable uncertainty intervals are most needed.
Gibbs and Candés (2021) [25] proposed Adaptive Conformal
Inference (ACI), which maintains long-run coverage validity
under arbitrary temporal distribution shifts through an online
threshold-updating mechanism, providing the theoretical
foundation for CAT's uncertainty quantification component.
Despite successful applications in medical diagnostics and
autonomous vehicles, conformal prediction had not been
applied to Transformer-based crop yield prediction before the
work reviewed here.

F. Summary of Research Gaps

The literature reveals a critical and unaddressed gap at the
intersection of these five research domains. No prior work has
simultaneously: (i) incorporated crop-specific phenological
domain knowledge into a Transformer's positional encoding
and attention mechanism; (ii) integrated climate time-series,
satellite vegetation indices, and static agronomic features
through structured cross-modal attention with dynamic gating;
(iii) applied conformal prediction to provide formally
guaranteed yield uncertainty intervals; and (iv) deployed
Adaptive Conformal Inference to maintain coverage validity
under inter-annual climate distribution shifts. The CAT
framework reviewed in this paper represents the first
integrated solution to all four gaps.

III. PROPOSED METHODOLOGY

A. Research Pipeline Overview

The CAT framework implements a six-stage research
pipeline transforming raw agricultural data from multiple
sources into calibrated probabilistic yield predictions. Fig. 1
illustrates the complete pipeline architecture.

Fig. 1: Six-Stage Research Pipeline of the CAT Framework

ERRS Climate HODIS NOWY Districtvela
BAA Statistcs (CRISAT)

: ‘ ‘
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Fig. 1: Six-Stage Research Pipeline of the Climate-Adaptive
Transformer (CAT) Framework

B. Dataset Construction and Feature Engineering

The study constructs a dataset of 7,182 farm-year
observations spanning 10 Indian states (Punjab, Haryana,
Uttar Pradesh, Bihar, West Bengal, Madhya Pradesh,
Maharashtra, Karnataka, Tamil Nadu, and Rajasthan), 80
districts, 3 crop types (Rice, Wheat, Maize), and 15 growing
seasons (2010-2024). The dataset is partitioned into non-
overlapping temporal subsets: training (2010-2020, n=5,280),
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calibration (2021-2022, n=952), and test (2023-2024, n=950),
preventing data leakage between periods.

Each farm-year record contains 75 input features
organized into three parallel streams: (i) a climate sequence
tensor of shape (N, 12, 4) containing monthly temperature
(°C), precipitation (mm), solar radiation (MJ/m?), and
reference evapotranspiration (mm/day) from ERAS; (ii) three
vegetation index proxy features—NDVI Peak, EVI Peak,
LAI Peak—from MODIS; and (iii) 21 static agronomic
features including soil pH, nitrogen/phosphorus/potassium
content, fertilizer applications, irrigation status, and
categorical region/crop metadata. Missing values (<2.1%) are
imputed using training-set medians, fitted on the training
partition only to prevent leakage. Three independent
StandardScaler instances normalize each modality stream
separately, preventing high-variance rainfall columns from
dominating the scaling of soil features.

TABLE I

Dataset Summary: 7,182 Farm-Year Observations Across Indian Agro-
Climatic Zones

Attribute Value Source Notes
Farm-year 7182 ICRISAT / Each: 1 district x 1
records ’ State Depts season X 1 crop
Temporal IMD, ERAS, 15 seasons; includes 3
coverage A=A MODIS drought, 2 flood years
3 (Rice, State Rice: Kharif; Wheat:
Crops Wheat, Agriculture . . R
. Rabi; Maize: Kharif
Maize) Depts
States District Crop  All 5 major Indian agro-
10 . A
covered Cutting climatic zones
Districts Revenue 480-1,140 farm-year obs.
80
covered Dept. per state
YieldRange ¢ s9tha  ICRISAT Mean 3.20 £ 0.55 t/ha
(Rice)
VieldRange =) ¢1¢ha  ICRISAT ~ Mean3.570.50 t/ha
(Wheat)
Yield l'lange 0.6-5.4 t/ha ICRISAT Mea.n 2.94 + 0:60 t/ha;
(Maize) highest variance
ERAS, . .
Input 75 total MODIS, 48 cllma.te +3 vegetatzon
features + 21 static + 3 categorical
State
Train / Cal/ 70/13/ Temporal 5280 /952 /950 — no
Test 17% split only data leakage across splits

C. CAT Architecture

Fig. 2 presents the complete CAT architecture overview.
The model processes three parallel input streams through
specialized encoder modules before integration through cross-
modal fusion and a final regression head.
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Fig. 2: Climate-Adaptive Transformer (CAT) Architecture Overview

Fig. 2: Climate-Adaptive Transformer (CAT) Architecture — Three-
Stream Encoder with Cross-Modal Fusion, PAPE, and Conformal
Uncertainty Quantification

Temporal Transformer Encoder: The core encoder is a
four-layer Transformer with d model=128 and 8 attention
heads, processing the (12, 4) monthly climate sequence. A
linear projection maps 4-dimensional monthly climate vectors
to 128 dimensions before the encoder. Pre-Layer
Normalization is used for training stability. GELU activation
is applied in 256-dimensional feed-forward sublayers (0.15
dropout). A learned temporal aggregation step computes
attention-weighted  pooling over the 12  monthly
representations, producing a (N, 128) climate summary vector.
Static Feature Encoder: The 21-dimensional static agronomic
feature vector is processed by a two-layer MLP (GELU,
dropout) producing an (N, 128) static context representation.

Output Regression Head: A three-layer fully connected
network (128—64—32—1) with GELU activation and 0.075
dropout produces scalar yield predictions. Training uses
AdamW optimizer (weight decay 1x10™%, LR 3x107),
OneCycleLR scheduler with 20% warm-up and cosine
annealing, Huber loss (6=1.0), early stopping (patience=12),
and gradient clipping (norm=1.0).

D. Phenology-Aware Positional Encoding (PAPE)

Standard sinusoidal positional encoding treats all
sequence positions interchangeably. PAPE extends this with
two additional learnable components: (i) a phenological
embedding table of shape (12, 128) providing fully learnable,
position-specific adjustments through gradient descent; and
(i1) a seasonal harmonic projection capturing the bimodal
Kharif-Rabi agricultural calendar through four harmonic
features—sin(2nt/12), cos(2nt/12), sin(4nt/12), cos(4nt/12)—
projected through a linear layer. The combined encoding is:

PE(t) = SinusoidalPE(t) + LearnedPhenoEmbed(t) +
HarmonicProjection(t)

A learnable Phenology Attention Mask—a (3, 12)
parameter matrix (3 crops X 12 months)—is initialized from
published crop physiology literature: Rice weights peak in
July—August (grain-filling and heading); Wheat weights peak
in March—April (terminal heat stress sensitivity); Maize
weights peak in June—July (tasseling and silking). These
weights become additive attention biases applied before each
softmax, amplifying attention toward yield-critical months
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while remaining trainable for refinement. Fig. 3 visualizes the

resulting attention weight distributions.

Fig 3:Phenclooy Atentan Mask — Mean Tempora Attention Weights by Month
Wheat (Rabi)

Rice (Kharif) Maize (Kharif)
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Fig. 3: Phenology Attention Mask — Mean Temporal Attention
Weights by Month for Rice, Wheat, and Maize

E. Cross-Modal Fusion Module

Rather than naive concatenation, the fusion module
integrates the three modality streams through two sequential
cross-attention operations. In stage one, the climate
representation (query) attends to the projected vegetation
index features (key, wvalue), integrating peak-canopy
development information with the temporal climate profile. In
stage two, the climate-vegetation fused representation queries
the static agronomic context, incorporating soil resources,
irrigation access, and regional factors. A sigmoid-gated
weighting vector (dimension 128) computed from all three
modality representations dynamically controls their relative
contributions, enabling the model to up-weight monsoon
rainfall for rainfed farms in Maharashtra and soil resource
conditions for irrigated farms in Punjab. This context-sensitive
weighting is the key structural innovation distinguishing cross-
modal fusion from concatenation.

F. Conformal Uncertainity Quantification

Split Conformal Prediction is applied post-hoc to the
trained CAT model using the 952-sample calibration set. For
each calibration sample i, the nonconformity score is defined
as the absolute residual: s; = |y; — f(xj)|. For a specified
miscoverage rate a, the conformal quantile is:

gr-a = [(n+1)(1—a) /n empirical quantile of {si, sz, ..., S}
The prediction interval C(x) = [f(X) — qi-a, f(X) + qi-a]
carries the formal finite-sample guarantee P(Y € C(X)) > 1 —a
without any distributional assumptions. Adaptive Conformal
Inference (ACI) extends this to sequential deployment by
updating the effective miscoverage threshold at each test step:

o {ttl})=a t+y-(a—err t), whereerr t=1[yi €C(x)], vy
=0.05

When coverage fails (err t = 1), the threshold decreases,
widening subsequent intervals. When coverage holds, the
threshold increases for efficiency. This self-correcting
mechanism guarantees that the long-run empirical coverage
satisfies lim_{T—oo} (1/T) X err_t < a, regardless of temporal
climate distribution shift between calibration and deployment
periods.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

A. Experimental Setup

All experiments were conducted on Google Colab
infrastructure equipped with an NVIDIA Tesla T4 GPU
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(16GB GDDR6, CUDA 7.5). The development environment
used Python 3.10, PyTorch 2.1 with CUDA acceleration,
scikit-learn 1.3, and XGBoost 2.0. All random seeds were
fixed to 42 across Python, NumPy, and PyTorch for full
reproducibility. CAT model training completed in 14 seconds
of wall-clock time, terminating at epoch 24 via early stopping.

TABLE 11
CAT Hyperparameters and Baseline Configurations
Component Parameter Value Justification
Transformer Balances depth vs.
Encoder Layers (N) 4 overfitting on 5,280
samples
Consistent with
d_model 128 PatchTST; fits 8 heads
of 16-dim each
Attention 8x16-dim su‘bspaces
8 capture diverse
Heads
temporal patterns
FFN 2x q_model; standard
. q 256 in transformer
Dimension q
literature
Harmonic Matches full annual
PAPE Period 12 months agricultural cycle
(Kharif-Rabi)
Better weight decay
Training Optimizer AdamW than Adam for
Transformers
Learnin OneCycleLR with
g 3x10 20% warm-up +
Rate . .
cosine annealing
Loss Robust to outlier
Function Huber (6=1.0) yields; smoother than
MAE
Earl Monitors validation
Sto 13171 Patience=12 Huber loss; prevents
pping overfitting
Balances adaptation
ACI Step Size v 0.05 speed vs. interval
width stability
Baselines Random 500 trees ‘max_depth=15‘,_
Forest min_samples_split=4
max_depth=8, Ir=0.05,
XGBoost 500 trees histogram
construction
hidden=256,
LSTM 2-layer dropout=0.2
Bidirectional,
BIiLSTM 2-layer hidden=256,
dropout=0.2
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B. Overall Model Performance

Table III presents the complete performance comparison
across all five models on the 950-sample held-out test set. All
metrics are computed on inverse-transformed predictions in
the original t’/ha scale. Fig. 4 visualizes the comparative
performance across key metrics.

TABLE III

Comprehensive Model Performance — Test Set (2023-2024). Bold = Best
Result per Column.

Meidt | R | TOSE | MAE | GOEE | o,
R;‘:rde‘;“ 0.8012 04108  0.3241 10.82 5
XGBoost 0.8234 03864 03052 10.14 4

LSTM 0.8380 03126 0.2480 8.23 3
BiLSTM 0.8401 03065  0.2440 8.10 3

(Pmﬁ;‘i x0T 02484 01952 6.15 1

— Test Set (
RMSE (t/ha) MAPE (%)
4 Lower is better + Lower is better
o108 wa
0.40 oasss 1014

Fig. 4: C ive Model

Coefficient of Determination (R")
1 Higher is better

05720 035
omm o306 83w

086 030 81

025

020

015 ad

H
RMSE (Uha)
MAPE (%)

oson2
080 010

0,08

—_ —— —— — 0.00 - 0 —
Madom  tchoos s BT ar Rt seos s o don oot s e o

Fig. 4: Comparative Performance of All Five Models — R?> RMSE,
and MAPE on Test Set (2023-2024)

The CAT model achieves R* = 0.8720, explaining 87.20%
of total yield variance across 10 states and 3 crops on the held-
out test set. The RMSE of 0.2484 t/ha represents a 7.97%
reduction relative to LSTM (the strongest sequential baseline)
and a 39.56% reduction relative to Random Forest. The
MAPE of 6.15% confirms predictions are within 6.15% of
actual yields on average across all three crops and ten states.
Critically, CAT ranks first across all four evaluation metrics
without exception—demonstrating comprehensive
improvements rather than metric-specific gains. Table IV
quantifies the percentage error reductions relative to each
baseline.

TABLE IV
CAT Error Reduction Relative to Baseline Models

VS.

. VvS. VvS. .
Metric LSTM XGBoost Random Interpretation
Forest
R +0.0232  +0.0356  +0.0530 une:elsasine d
Improvement  (+2.7%) (+4.3%) (+6.2%) P
variance
Smaller
L —7.97% —1154% —39.56%  prediction
Reduction
error
MAE -8.63% —13.12% -30.75%, LoWwer average
Reduction deviation
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VS.
VS. VS.

Metric LSTM XGBoost Random Interpretation
Forest
o,
MAPE —6.68%  —10.74% —43.13%  better %
Reduction accuracy

C. Training Dynamics

Fig. 5 presents the Huber loss curves for CAT and LSTM
across training epochs. The CAT model converges to a lower
final validation loss (=0.065) compared to LSTM (=0.096) and
terminates at epoch 24 via early stopping. The narrow train-
validation gap in CAT (~0.009) confirms that the
regularization strategy (dropout, weight decay, early stopping,
OneCycleLR) effectively prevents overfitting on the 5,280-
sample training set.

048 Fig. 7: Training & Validation Loss Curves — CAT ws. LSTM

0.40

0.30

0.25

Huber Loss

0.20

— CAT Train
= = CAT — Validation
LSTM = Train

LSTM — Walidation
Early Stop (Epoch 24)

0.15

0.10

______

0051

0 5 10 15 20 5
Epach

D. Predicted vs. Actual Yield Analysis

Fig. 6 presents the scatter plot of predicted vs. actual
yields for the 950-sample test set, disaggregated by crop type.
The CAT predictions closely follow the y=x perfect-prediction
line across the full yield range (0.9-5.8 t/ha), achieving a
Pearson correlation of r = 0.934. Slight dispersion increases at
the extremes—below 1.5 t/ha for drought-stressed rainfed
farms and above 4.5 t/ha for heavily irrigated farms in Punjab
and Haryana—reflecting limited training sample density in
these ranges.

Fig. 8: Predicted vs. Actual Yield — CAT (n=950)
R'=0.8720, RMSE=0.2484, Pearson r=0.934

61 mm Rice
N Wheat ’
- Maize 4

IS

Predicted Yield (t/ha)
w

1 2 3 “ S 6
Actual Yield (t/ha)

Fig. 6: Predicted vs. Actual Yield Scatter Plot — CAT Model, n=950
Test Samples (R*=0.8720, RMSE=0.2484 t/ha, Pearson r=0.934)
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E. Per-Crop Performance Breakdown

Table V presents per-crop performance disaggregated
across all models. Fig. 7 visualizes the R? and RMSE
comparisons. Wheat achieves the highest accuracy (R?>=0.889,
RMSE=0.236 t/ha, MAPE=5.51%) due to the more
predictable Rabi season thermal progression. Rice achieves
R*>=0.862 (MAPE=6.82%), reflecting greater monsoon
variability. Maize records R?=0.855 (MAPE=6.91%),
reflecting higher management diversity. CAT outperforms all
baselines for all three crops, demonstrating robust
phenological adaptation across distinct crop calendars.

TABLE V

Per-Crop Performance Breakdown — R?, RMSE, MAE, and MAPE for Rice,
Wheat, and Maize

MA MI
RMS
E MAP PICP@95 W
2
WD G088 S E " tha E @) % (t/ha
(t/ha)

) )

Random . 0.80 0.24
Foreet Rice T 0312 T 08s — —

Whea 0.83 0.22
. s 0285 T 798 — —
Maiz  0.81 .0 026 . B B

e 0 4
LSTM  Rice 0'883 0.280 0'222 8.89 87.4% 0'278
Whea 0.86 0.20 . 0.74
; o 0258 U0 722 88.1% |
Maiz 084 (00 023 oo ooh, 081
e 1 8 5

CAT %
(Propose  Rice 3% 0260 %20 s 9s2w 2
d

Whea 0.88 0.18 . 0.59
. o 0236 0 551 95.0% .
Maiz 085 (.0 022 o o510, 064
e 5 0 8

Fig. 3 ParCrop Pactarmande Broakdows Acrers All Madals

P Crop W Comparman Pur Lrep RMSE Comparisen

- T
: I | I | I
[T Ve

Fig. 7: Per-Crop R? and RMSE Comparison Across All Five Models
— Rice, Wheat, and Maize

F. Temporal Attention and Interpretability

Analysis of the mean temporal attention weights learned
by the CAT model confirms agronomically meaningful
patterns consistent with established crop physiology—
emerging from data-driven training without explicit
supervision toward specific months. Rice records peak
attention in July (0.121) and August (0.118), coinciding with
grain-filling and heading stages when rainfall deficits and heat
stress most severely impact grain number and weight. Wheat
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attention peaks in March (0.124) and April (0.119),
corresponding to dough stage and grain hardening when
temperatures exceeding 30°C cause irreversible protein
breakdown and flag leaf senescence. Maize peaks in July
(0.127), coinciding with tasseling and silking—the stage
determining kernel number per cob.

SHAP (SHapley Additive exPlanations) analysis confirms
that climate features account for 45.1% of total predictive
importance, followed by static agronomic features (34.7%),
and soil features (13.1%). Fig. 8 presents the SHAP feature
importance ranking for the top 15 predictors. Monthly
precipitation and temperature during crop-specific critical
windows consistently rank highest, validating the design
rationale of PAPE and phenological attention masking.

Fig. 8: SHAP Feature Importance — lbn 15 Features
{Red=Climate, gmt)
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Fig. 8: SHAP Feature Importance — Top 15 Features Ranked by
Mean |SHAP Value| (Red=Climate, Green=Vegetation Index,
Purple=Soil/Management)

G. Conformal Prediction Results

Table VI presents the conformal interval evaluation at
three confidence levels, and Fig. 9 visualizes the prediction
intervals across 50 representative test observations at each
confidence level.

TABLE VI

Conformal Prediction Interval Evaluation — Test Set (2023—-2024). PICP =
Prediction Interval Coverage Probability; MIW = Mean Interval Width;
PINAW = Normalized Average Width.

Conf. Target Observed MIW
Level PICP  PICP (thay  PINAW - Assessment
20 Marginal;
S 0.10  0.900 0.882 ~0.497 ~0.138  corrected by
(SCP)
ACI
Valid;
95% practically
(SCP) 0.05  0.950 0.940 ~0.621 ~0.172 useful for
insurance
999, Valid;
S 0.01  0.990 0.986 ~0.893 ~0.248  conservative
(SCP) :
by design
90, Valid long-
2010 0.900 >0.900 Adaptive — run under
(ACD) A
distribution
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Fig. 9: Conformal Prediction Intervals at 90%, 95%, and 99%
Confidence — 50 Representative Test Observations (Blue=Covered,
Red x=Uncovered, Dark Line=Predicted)

At the 95% confidence level, the observed PICP of 0.940
confirms formal guarantee validity in practice, with 94% of
test yields falling within the conformal bands. The mean
interval width of £0.311 t/ha per side is practically useful for
crop insurance threshold-setting and procurement planning. At
the 99% level, PICP=0.986 slightly exceeds the guarantee due
to the conservative quantile discretization property of finite
calibration sets. The 90% marginal shortfall (PICP=0.882 vs.
target 0.900) reflects inter-annual climate distribution shift
between the 2021-2022 calibration period and the 2023-2024
deployment, precisely the scenario motivating ACI.

H. Adaptive Conformal Inference Coverage Trajectory

Fig. 10 presents the cumulative empirical coverage
trajectory of ACI at the 90% nominal level over all 950
sequential test observations. The ACI mechanism self-corrects
the marginal coverage shortfall observed in standard split
conformal prediction: by dynamically narrowing or widening
intervals based on observed coverage at each test step, the
long-run empirical coverage converges to and maintains
>0.900, validating the theoretical guarantee of Gibbs and
Candés [25] in the agricultural deployment context.

Fig. 10: Adaptive Confermal inferance — Covarage Trajectory sver 950 Tast Obsarvations
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Fig. 10: Adaptive Conformal Inference — Cumulative Coverage
Trajectory Over 950 Sequential Test Observations (Target: 90%
ACI self-corrects and maintains long-run coverage > 0.900)
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I Economic Significance

The practical economic value of the CAT framework's
probabilistic forecasts can be illustrated concretely. For a
district under 50,000 hectares of rice cultivation, a 95%
conformal interval spanning +0.311 t/ha corresponds to a total
production uncertainty of approximately +15,500 tonnes. At
22,200 per quintal, this uncertainty translates to £334 crore in
potential revenue variance—information directly actionable
for buffer stock sizing, procurement planning, and insurance
premium calculation. The framework enables risk-stratified
decision-making: small interval widths signal high-confidence
years warranting aggressive procurement, while wide intervals
signal uncertain conditions requiring conservative hedging
strategies.

J. Why CAT Outperforms Sequential Baselines

CAT's structural advantage over LSTM stems from three
key mechanisms. First, the multi-head self-attention computes
direct weighted connections between all month pairs
simultaneously, eliminating the exponential gradient decay
that limits LSTM's ability to represent long-range
dependencies—such as the influence of April soil moisture on
October Kharif yields. Second, PAPE and phenological
masking encode agronomic growth-stage knowledge as
architectural inductive biases, enabling the model to
immediately focus representational capacity on yield-critical
windows rather than rediscovering this structure from data.
Third, cross-modal fusion enables dynamic modality-specific
weighting as a function of farm-crop-region context, whereas
LSTM simply concatenates all features.

CAT's advantage over XGBoost reflects the structural
inability of tree-based models to represent temporal sequential
dependencies. XGBoost receives monthly precipitation values
as independent flat features with no encoded temporal
adjacency; capturing 12-month sequential dependencies
requires explicit feature interactions of order up to 12,
exponentially expensive in the decision tree framework. The
Transformer's positional encoding provides this ordering for
free, and self-attention represents all inter-month interactions
through a learned bilinear form in a single operation.

V. KEY CONTRIBUTIONS

This work makes four novel and complementary
contributions to the intersecting fields of agricultural deep
learning and statistical uncertainty quantification:

Contribution 1 — Novel CAT Architecture: The Climate-
Adaptive Transformer is the first Transformer architecture for
crop yield prediction to incorporate phenologically adapted
positional encoding and a crop-specific learnable attention
mask initialized from agronomic prior knowledge. PAPE
simultaneously encodes the sinusoidal ordinal sequence, a
fully learnable phenological embedding, and a seasonal
harmonic projection—the latter specifically designed for the
bimodal Kharif-Rabi structure of Indian agriculture. The
Phenology Attention Mask encodes crop-specific growth stage
importance as learnable additive attention biases, enabling the
architecture's representational capacity to be directed toward
yield-critical climate periods while remaining fully trainable.
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Contribution 2 — Cross-Attention Multi-Modal Fusion:
The Cross-Modal Fusion Module integrates ERAS5 climate
time-series, satellite vegetation proxy features, and static
agronomic context through two sequential cross-attention
operations with sigmoid dynamic gating. This represents the
first application of structured cross-modal cross-attention
fusion to the combination of these three specific agricultural
data streams, replacing naive concatenation and enabling
context-sensitive modality weighting that adapts to crop type,
growing region, and irrigation status.

Contribution 3 — Conformal Prediction for Indian Multi-
Crop Yield: This is the first application and empirical
evaluation of Split Conformal Prediction for formally
guaranteed uncertainty quantification in Indian multi-crop
yield prediction, providing coverage validation at three
confidence levels (90%, 95%, 99%) on an independent held-
out test set and characterizing interval widths in agronomic
units (t/ha) suitable for operational risk management.

Contribution 4 — ACI for Climate Distribution Shift in
Agriculture: The integration of Adaptive Conformal Inference
into the agricultural yield prediction pipeline provides the first
demonstration that long-run conformal coverage validity can
be maintained under the inter-annual climate distribution shift
characteristic of Indian growing seasons—directly addressing
the coverage fragility documented for Bayesian and quantile-
based uncertainty methods in this domain.

VI. LIMITATIONS

Several limitations contextualize the reported results and
define the boundaries of the current framework. First, limited
crop diversity: the evaluation covers only three staple cereals
(rice, wheat, maize), excluding commercially important
species—sugarcane, cotton, groundnut, soybean, oilseeds,
pulses—each with distinct phenological calendars and climate
sensitivity profiles requiring separate attention mask
initialization and validation. Second, limited geographic
generalization: the ten evaluated states represent major
agricultural belts but exclude northeastern India, the
Himalayan foothills, and island territories with distinct agro-
climatic regimes not represented in the training distribution.
Third, proxy vegetation indices: the vegetation features used
are single-value proxies (NDVI Peak, EVI Peak, LAI Peak)
derived from climate inputs rather than actual temporally
resolved satellite retrievals; real MODIS or Sentinel-2 time-
series carry substantially richer phenological information.
Fourth, sub-district agronomic heterogeneity: the model
operates at district administrative level, aggregating over the
wide diversity of soil types, irrigation access, crop varieties,
and farm management practices within each district.

Fifth, the exchangeability assumption: although ACI
substantially mitigates coverage degradation under distribution
shift, it does not fully restore the formal exchangeability
guarantee required by standard conformal prediction when
calibration and deployment periods experience fundamentally
different climate regimes—as may occur under accelerating
climate change. Sixth, computational environment: while CAT
training completed in 14 seconds on a T4 GPU in the
experimental setup, operational nationwide deployment across
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all Indian districts, seasons, and crops requires additional
infrastructure development.

VII. FUTURE RESEARCH DIRECTIONS

A. Integration of Actual Satellite Time-Series

The highest-priority extension is replacement of the
single-value proxy vegetation features with actual multi-
temporal MODIS MOD13Q1 NDVI/EVI composites (250m,
16-day temporal frequency) and Sentinel-2 red-edge
chlorophyll indices (10m, 5-day revisit). These genuine
satellite time-series carry substantially richer phenological
trajectory information than peak-season proxies. The cross-
modal fusion module is architecturally designed to receive a
second temporal sequence—satellite observations at native
temporal resolution—alongside the monthly climate sequence,
enabling the model to learn dynamic cross-temporal
relationships between climate anomalies and their canopy-
level manifestation in vegetation index trajectories.

B. Graph Neural Networks for Spatial Modeling

In the current CAT model, each farm-year is treated
independently. Agricultural yields are spatially autocorrelated:
adjacent districts share soil types, microclimates, crop mixes,
and market infrastructure, meaning prediction errors are
correlated across geographic space. A natural extension
constructs  district-level ~ spatial ~ graphs  connecting
geographically adjacent or climatically similar districts, with
graph attention propagation enabling information sharing
across the network. This architecture would improve
prediction accuracy during spatially extensive weather
extremes—regional drought, heat waves, or flooding events—
by allowing each district to leverage observations from
neighbors experiencing similar or leading climate conditions.

C. Climate Change Scenario Projection

The current CAT framework operates retrospectively,
using observed historical climate records. A high-value
forward-looking extension applies the trained encoder and
fusion module to CMIP6 climate model projections for 2030—
2050 and 2050-2100 under multiple IPCC emissions scenarios
(SSP2-4.5, SSP5-8.5). Because the framework provides
conformal uncertainty intervals, each forward projection
carries a formally calibrated probability range characterizing
model and climate uncertainty. This enables probabilistic
agricultural vulnerability mapping: identifying which states,
crop types, and growing seasons face highest risk of yield
decline under climate change, and quantifying the magnitude
and uncertainty of those projected declines.

D. Operational Web Deployment

Translating the CAT framework into an operational
forecasting tool accessible to agricultural officials requires
developing a production-grade web application with three
components: a prediction API serving CAT inference on
incoming  district-season-crop  inputs; a browser-based
dashboard enabling non-technical users to enter agronomic
parameters and retrieve yield point estimates and conformal
intervals; and a data ingestion pipeline automating the weekly
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download of ERAS climate updates and monthly MODIS
composites, dynamically updating forecasts and ACI
thresholds as the growing season progresses. The target
inference latency of ~8ms per district per season (observed on
GPU) enables real-time response even for full-nation queries
covering all 80 study districts.

E. Expanded Crop and Region Coverage

Extending the framework to a broader range of
commercially important crops (sugarcane, cotton, soybean,
groundnut) requires developing crop-specific Phenology
Attention Mask initializations from the respective plant
physiology literature and acquiring additional training data
covering the distinct growing regions and calendar structures
of these crops. Expanding geographic coverage to northeastern
India, the Himalayan foothills, and arid zones of Rajasthan
and Gujarat would substantially improve the framework's
applicability for national food security planning.

VIII. CONCLUSION

This paper provided a comprehensive review of the
Climate-Adaptive Transformer (CAT)—a novel deep learning
framework that simultaneously addresses four long-standing
structural limitations in computational crop yield prediction:
temporal blindness to growth stage windows, modality
isolation in multi-source data integration, the absence of
formally guaranteed uncertainty quantification, and
distributional fragility under inter-annual climate variability.

The CAT architecture's three principal innovations—
Phenology-Aware Positional Encoding, a Crop-Specific
Learnable Attention Mask, and Cross-Modal Fusion through
sequential cross-attention with sigmoid gating—collectively
enable the model to process growing-season climate sequences
with agronomic domain knowledge embedded in the
architecture's inductive biases. Evaluated on a comprehensive
dataset of 7,182 farm-year observations spanning India's major
agro-climatic zones, CAT achieves R*=0.8720, RMSE=0.2484
t/ha, and MAPE=6.15%, consistently outperforming Random
Forest, XGBoost, LSTM, and BiLSTM baselines across all
evaluation metrics.

The conformal uncertainty quantification component
delivers the framework's second major contribution: formally
guaranteed prediction intervals at 90%, 95%, and 99%
confidence levels, validated empirically on the held-out test
set. The Adaptive Conformal Inference mechanism maintains
long-run coverage validity under inter-annual climate
distribution shift, addressing the fundamental limitation of
existing Bayesian and quantile-regression uncertainty methods
in  non-stationary  agricultural  environments.  The
interpretability of the model—confirmed by the emergence of
biologically meaningful attention patterns and SHAP feature
importance rankings—enhances the framework's credibility
and adoptability for operational use by agricultural policy
professionals.

The CAT framework represents a  significant
methodological advance toward practically deployable,
theoretically grounded, and agronomically interpretable yield
forecasting capable of supporting crop insurance pricing,
national procurement planning, and humanitarian early-
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warning systems across South Asia's agriculture-dependent
economies. The integration of domain-specific inductive
biases with distribution-free statistical guarantees through
conformal prediction establishes a generalized methodological
template transferable to other crop-climate systems
worldwide.
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