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Abstract

Climate has a significant effect on agriculture since farmers rely on rainfall, temperature, and water
level to determine the yield of crops. The traditional crop insurance models tend to utilize few inputs
and only single predictions thus dealing with the uncertainty and extreme conditions may be hard to
manage, such as floods and droughts. This influences the calculation of premium, payouts and benefits
to farmers. Moreover, the alteration of climatic conditions and unforeseeable weather patterns also
expose farmers to more risk. Thus, the even more developed and validated prediction techniques are
required to enhance the accuracy of insurance and promote the better decision-making in the field of
agriculture. In order to enhance precision, the models used in this project include Extra Trees, Gradient
Boosting and MLP with some other weather and seasonal attributes. CQR is applied to give prediction
ranges, whereas Extreme event analysis is provided by Extreme Value Theory (EVT) and Generalized
Pareto Distribution (GPD). R-Vine Copula (RVC) models interaction of weather variables, Hidden
Markov Model (HMM) conditions of dry, normal, and wet, and Ridge Regression (RR) is the
integration of various risks into one measure. In the workflow, data collection, feature engineering,
model training, ensemble prediction, uncertainty analysis, stress testing, and Monte Carlo simulation
are included. Findings indicate an increase in reliability with a lower RMSE of 3.2995e-04 and MAE of
2.4003e-04, and high adoption rates (up to 88.4) and premium forecasting to make good insurance
decisions.

Keywords: Crop Insurance, climate risk, machine learning, stacking ensemble, Hidden Markov Model
(HMM), Gradient Boosting, Extreme Value Theory (EVT), Feature Engineering, Monte Carlo
simulation, Conformal Quantile Regression (CQR)

Introduction
Climate variability is increasingly becoming a threat to agricultural stability in the world and
extreme impacts of rainfall deficits, heatwave, and floods are rapidly affecting the
productivity of crops and livestock. Indemnity based insurance, relying on field level
verification of losses, continues to be slow and costly to administer at scale ™! Weather index
insurance (WII) was suggested as a solution to this issue as it bases payouts on an objective,
verifiable climate index and not on the measured damage 2.
An expanding literature has used machine learning to enhance different elements of the Wil
pipeline. Crop-yield forecasting with ensemble and tree-based models have been found to be
substantially better with vegetation-index and remote-sensing inputs B! and similar
improvements have been reported with machine-learning-based methodology in place of
traditional geostatistical methods in detecting weather-induced financial losses in spatial
rainfall forecasting ©® Integration with lagged climate variables has been found to enhance
the detection of weather-induced financial losses in the context of regional case studies in
both insurance and agricultural prediction !, and analogous improvements have been
reported in the case of multi-step model prediction [,
Although these advances occurred, the majority of deployed systems are still based on one
point-estimate model and do not pay much attention to three dimensions of risks that are
interconnected. First, little systems quantify the confidence of their own forecasts, even
though it has been demonstrated that explainable, uncertainty-conscious forecasting leads to
better credibility in operational procedures like predicting heatwaves [l Second, tail risk is
commonly understated: ensemble-based drought-vulnerability indices have shown that
uncommon, extreme events must be forecasted with specific statistical attention rather than
~g~


https://www.agriculturejournal.net/
https://www.doi.org/10.33545/26646064.2026.v8.i7a.667

International Journal of Agriculture and Nutrition

mere extrapolation of more ordinary scales ! a fact
supported by specialized indices of early flash-drought
detection . Third, weather variables are often considered
separately, although copula-based literature has repeatedly
demonstrated that drought and rainfall-deficit indicators are
strongly jointly dependent in agricultural risk situations (%
and specific studies have been done on exposure to flood
and drought as a roadmap to simultaneously expose these
hazards and mitigate combined risk (1,

Similar studies have also been conducted on alternative
technological and economic drivers to enhance WII delivery
and adoption. Architectures built on blockchain have been
suggested to enhance supply chains of crop-index insurance
based on transparency and settlement speed 2 and loT-
based integrated platforms with machine learning to
facilitate finer-grained payout triggering *¥! have been
proposed. Regarding the adoption dimension, comparative
research on crop and livestock insurance adoption has
indicated that price accuracy and perceived reliability have a
strong impact on whether farmers adopt such insurance
schemes M1 and hybrid statistical-downscaling methods
based on a combination of hidden Markov models and
random forests have enhanced the accuracy of localised
rain-forecasting in areas with sparsity of station data %A
recent systematic review of information-driven WII design
further verifies that pricing, risk management, and model
[sl%;ection are still dynamic and unresolved research issues
Developing these results, the framework proposed in this
paper considers the three gaps which were highlighted
above as uncertainty quantification, tail-risk characterization
and dependency modeling as united within a single, straight
pipeline as opposed to the current literature that has been
discussing them as independent research threads. Precision-
agriculture methods, in general, driven by Al, have
demonstrated great potential in data-scarce agricultural
decision-making ), and  parameter-optimization
investigations of WII demonstrate that machine-learning-
tuned designs can beat fixed statistical expressions [,
Based on this, the following contributions are incorporated
in the proposed framework:

A stacked ensemble of Extra Trees + Gradient Boosting +
deep Multi-Layer Perceptron, trained on 18-feature
representation, which significantly extends the relatively
small feature sets used in the previous WII forecasting
literature.

Conformal Quantile Regression to generate distribution-free
prediction intervals, which are calibrated, to overcome the
above-discussed confidence-estimation gap.

Extreme Value Theory Direct Value-at-Risk estimation with
an automated Generalized Pareto tail fit, which extends the
tail-risks issues of drought-vulnerability modelling.

A R-Vine Copula and Hidden Markov Model to jointly
model the dependence of weather variables and latent
climate regimes based on the dependency evidence found in
copula-based drought modeling.

A Multi-Hazard Index based on Ridge-regression, with
stress testing in 7 IPCC ARG6 scenarios and Monte Carlo
integration of the adoption behavior at scale.

Il. Literature Review

The weather index insurance (WII) literature shows a
definite evolution of the past direction in which the forecast-
based model of design has evolved into an integrated risk

~10~

https://www.agriculturejournal.net

analytics model that employs machine-learning. The early
literature suggests a forecast-based index model of weather
index design specific to vulnerable economies ™ that
defines the policy and pricing framework to be built upon by
a significant portion of the later literature. Based on this,
field-level validation shows that crop index insurance has a
positive effect on climate resilience of smallholder farmers
in Nigeria @ or that index-based but not indemnity-based
coverage is effective in resilience across agricultural supply
chains when there is extreme weather risk I, Switching to
policy rationale, much of a literature is dedicated to the
enhancement of the data-driven construction of WII as such.
A thorough overview synthesises the data-driven method to
WII design, pricing, and risk management ©! and associated
literature use machine learning and remote sensing as a
specific parameter optimization tool ! and to design corn-
yield protection models. A design layer atop this is the
technological infrastructure, covered by a blockchain-based
construction of crop index insurance, which enhances
transparency and traceability along the agricultural supply
chain [l and a two-step copula-based model of flood and
drought risk insurance under data-scarcity conditions ! and
a conditional drought copula of rainfed wheat yield
comparing multiscalar drought indicators in the Tabriz
region 1.

In addition to the insurance peculiar desigh, more general
machine-learning applications inform the enabling analytics
that are consumed by such structures. The analytical context
is provided by a survey of Al use in precision agriculture
(01 and multi-step machine learning is demonstrated to
enhance  predictive  performance when  forecasting
agricultural losses caused by extreme weather in the
Delmarva Peninsula ** and supervised learning algorithms
are also demonstrated to enhance risk forecasting in the life
insurance industry ™1 with direct implications on
agricultural underwriting. Building on this ensemble-based
methodology, a drought vulnerability index pooling M5P,
dagging, random sub-space, and rotation forest models
attains excellent regional discrimination performance 14
and a new Standardized Precipitation Evaporation
Differential Index is useful at detecting flash droughts in
South Korea 11,

Explainable machine learning and remote sensing data are
also extended to predict seasonal heatwaves ¢! and to the
integration of blockchain, 10T and machine learning to
modernize the use of remote-sensing-integrated models in
crop insurance delivery ™ to augment the predictive
capabilities of either models. On the adoption side, the crop
and livestock insurance adoption intensity has been studied
in Mexico ! and a hybrid statistical downscaling HMM-RF
model improves rainfall prediction in Selangor % is part of
the regime-conscious modeling branch of this literature.
Lastly, economic-impact results of a field experiment in
Mali have shown the ex-ante welfare effects of agricultural
insurance on the production choices of farmers that take
place prior to any payout being made 4. Taken together
this body of literature points to three common needs that
have not yet been met adequately by any of these studies:
quantifying uncertainty on a calibrated basis, tail-risk
modelling of un-Common climatic events, joint dependence
modelling of correlated weather hazards- the gap that is the
focus of this work.
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I11. Proposed methodology

A. System Overview

The weather index insurance scheme is deployed as a
pipeline of modules that take raw climate data through six
stages of preprocessing features, en-semble forecasting,
uncertainty  quantification, dependency and regime
modelling and incorporating multi-hazard fusion to reach a
final premium and hedging decision. Each of the stages will
be structured as a stand-alone module such that the
individual component can be improved or changed without
affecting the overall workflow, and so that the contribution
of each technique to the risk estimate at the end of it can be
traced. The framework combines machine learning,
statistical modeling, and risk analytics to both represent the

https://www.agriculturejournal.net

uncertainty-aware forecasting, the system assists in more
reliable insurance price and payout estimation. Additionally,
the modular architecture also improves scalability and
flexibility, allowing the framework to support new climate
indicators, alternative forecasting models, and region-
specific risk factors as more data becomes available. This
design ensures transparency, flexibility, and robustness in
supporting weather-based insurance decision-making.

Figure 1 illustrates the two-stage system workflow of this
pipeline with climate data flowing through Stage 1 (model
development) preprocessing, feature engineering, ensemble
forecasting, uncertainty quantification, and risk and
uncertainty analysis into Stage 2 (decision and risk fusion)
which includes dependency and regime modeling, multi-

common climate variability and extreme weather hazard fusion, and stress testing, finally to the final premium
occurrences.  Integrating  predictive accuracy and and hedge decision output.
| SYSTEM WORKFLOW ]
I
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Fig 1: Suggested weather index-based insurance Methodology Framework

B. Dataset Description

Three combined datasets, namely the ERA5 climate dataset,
which contains past rainfall, temperature, and weather data
to make predictions and calculate risks, the crop yield
dataset, which includes past agricultural production to
measure crop losses due to the weather, and the crop price
dataset, which includes past commodity market prices to
compute the premium and make insurance decisions, are
used to evaluate the proposed framework.

C. Climate Data Preprocessing

These observations of historical rainfall, temperature, runoff
and drought conditions are cleaned and standardized to
eliminate missing

values and anomalies due to sensor gaps or station
discontinuities. The step standardizes units among
heterogeneous data sources, and generates a formatted
dataset that can be used in further modeling. Continuous
preprocessing at this point is not seen as add-on but as
mandatory because, once a mistake is made here it would be
reflected in every other module.

D. Feature Engineering
A four-variable representation of the data at the baseline is
then expanded to an eighteen-feature representation by the

~11~

creation of seasonal indicators and two-way interaction
terms between the core climate variables.This growth is
meant to reveal nonlinear seasonal effects e.g. the
compounded effect of low precipitation over an already-dry
seasonal window that cannot be reproduced by a small,
unengineered feature set alone.

E. Ensemble Forecasting

The engineered feature set is learned on by three base
learners: an Extra Trees regressor, a Gradient Boosting
regressor, and a four-layer Multi-Layer Perceptron. The
learners store varying degrees of the underlying data
structure, and their combination has complementary
advantages. Instead of choosing one most successful model,
the framework stacks the results of all three learners.1)
Feature Interaction: To create an interaction term, each pair
of base climate features has an interaction term constructed
as:
int

@)

=X X X0 F

Where:
x; and x; are fundamental weather conditions.

x™ indicates the interaction term that is computed on
the 18-feature representation.

. ij
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2) Ensemble Stacking: he overall prediction is based on the
three base learners as:

Y = wiY1l + w2Y2 + w3Y3 (2
Where:

Y1, Y2, Y3 are the values of the predictions of the three
separate models (Extra Trees, Gradient Boosting, MLP).

wl, w2, w3 are the weights of prediction of each model.

Y is the last combined ensemble prediction.

The pairwise interaction features produced in equation (1)
help to identify nonlinear interactions among climate
variables. The ensemble stacking process is described in
equation (2) and here, the predictions of the Extra Trees,
Gradient Boosting and MLP models are averaged together
by using weights to enhance prediction accuracy and
strength.Letting each make up what the other has
weaknesses in. Differential Evolution is used to tune
hyperparameters across the ensemble, instead of a local-
search algorithm like Nelder-Mead, because the expanded,
eighteen-dimensional feature space presents a non-convex
loss surface, which is better explored with a global-search
approach.

F. Conformal
Quantification

Quantile Regression to Uncertainty
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Fig 2: Framework of Vine Copula Dependency Modelling

One point forecast does not give any clue as to the level of
confidence to attach to it. To overcome this, Conformal
Quantile Regression is applied to each ensemble, and
generates prediction intervals with a coverage guarantee
independent of distribution contrary to the prediction
intervals generated by an assumed error distribution. This is
practiced to reach around 91.5% empirical coverage on
held-out data, which provides insurers with a defensible
premise on conservative pricing of premiums under true
uncertainty and not a single, possibly overconfident figure.

With the help of the upper and lower quantile predictions,
along with the score of conformity generated by the

~12~
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calibration, Equation (3) builds prediction intervals that
consider the uncertainty in the forecasting. Those intervals
provide a better depiction of risk compared to a single point
estimate.

3) Conformal Prediction Interval: The calibrated interval is
at a specified input:

C(x) = [ Gowerx) = @ Qupperxy —+ Q1 (©)
Where:

g lower(x) and q upper (x) are the lower and upper
predictions of the quantiles at input x.

Q is the calibration-set conformity-score quantile, which
was calculated using residuals on some held-out calibration
data.

G. Tail Risk: Extreme Value Theory

Since the losses incurred by insurance may be dominated by
infrequent, extreme events as opposed to common
conditions, the model generalizes a Generalized Pareto
Distribution to excesses above an automatically determined
cutoff, not a fixed, manually selected cutoff. The tail model
is then employed to estimate Value-at-Risk at long return
periods to enable the system to describe low probability,
high severity droughts and floods in the same rigor as the
ordinary forecasting, which a point estimate model cannot
do by design.

H. Dependency Modeling using R-Vine Copula

Weather hazards are not generally independent; a drought
spells, say, is usually associated with low soil moisture and
high deficits of runoff. The framework, as shown in the
figure 2, models this joint behavior with an R-Vine Copula
structure fitted between the weather-moisture-area (WMA)
indicator and precipitation, with the choice of Gaussian pair-
copula families chosen to fit the dependence structure as
observed. The resulting dependency value is not dropped
after fitting but instead progressed to the multi-hazard fusion
stage hence the final risk score is the reinforcement of the
hazards by each other and not independent of each variable.
Pair-Copula Construction (R-Vine): It is a joint dependency
model of climate variables:

Fed,...,xd) = [f1(x1) X f2(x2) X...x fd(xd)] X

[product of pair — copula densities c over all tree edges]  (4)
Where
e The separate climate variables (e.g., WMA,

precipitation) are x1, x2, xd.

f1, f2, f3, fd are the marginal density functions of the
variables.

¢ (pair-copula density) encapsulates the relationship of
each connected pair of variables in the vine tree
structure.

I. Regime Detection via Hidden Markov Model

A Hidden Markov Model (HMM) with four states (HMM)
is estimated upon the Weighted Moving Average (WMA)
time series to reveal and describe the latent climatic regimes
that control the underlying hydrological behavior of the
study area. The four hidden states are not randomly chosen
but in practice chosen objectively by the Bayesian
Information Criterion (BIC), a model selection criterion that
trades off goodness-of-fit with model complexity by
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penalizing the inclusion of extra parameters. This has the
advantage of ensuring that the number of states chosen is
statistically justified, and prevents the two errors of
underfitting where meaningful climatic variation is then run
together in too few categories, and overfitting where noise is
then mistakenly identified as structure.

The model identifies four ecologically and hydrologically
significant climate regimes in which the four states are wet,
normal, dry, and transitional. The wet and dry states span
intervals of prolonged excess and deficit of moisture
respectively, whereas the normal one represents the
reference climatological conditions.

J. Multi-Hazard Index and Premium Fusion

The ensemble forecasts are used to create a Ridge
Regression model that combines the outputs to form a single
Multi-Hazard Index (MHI), which includes the conformal
prediction intervals, the EVT tail estimate, the copula-based
dependency measure, and the HMM regime probabilities.
The combination of this index is the foundation of the
resulting premium and hedge-effectiveness estimate that
incorporates five different risk perspectives into a single
decision-relevant score instead of using an individual signal.

K. Stress Testing and Monte Carlo Simulation

The total pipeline is then tested considering seven climate-
stress cases across IPCC AR6 pathways, with a near-term
moderate rainfall anomaly up to end-of-century RCP4.5 and
RCP8.5 pathways and an extreme warming scenario. A
10,000-draw Monte Carlo simulation is matched to each

https://www.agriculturejournal.net

scenario, to model the uncertainty in the behavior of farmers
in terms of adoption and payout results, in uncertain future
conditions. This phase of stress testing confirms the sanity
of the frameworks premium and hedging-effectiveness
outputs as the severity of climate increases, not just under
one fixed assumption. The framework estimates
performance over a wider range of scenarios instead of a
deterministic environment, thus offering a more accurate
representation of the performance of the insurance product
in the conditions of the real future climate uncertainty.

1V. Results

The presented framework was tested in terms of three
integrated datasets, the ERAS climate dataset, a historical
crop yield dataset, and a crop price dataset that were
preprocessed and featured engineered into a single set of
climate and risk-relevant features. The stacked ensemble
proposed had a RMSE of 3.299 x 10 952 -4 and a MAE of
2.400 x10 952 4 and R2 of 0.9835 which points to a good fit
between the predicted and observed weather-moisture-area
values.

Figure 3 presents the scatter plots of the predicted and actual
values of WMA through four models, i.e. the baseline RF (4
features), and three better models with 18 features Extra
Trees, Grad Boost, and an optimized ensemble blend. All
the panel diagrams plot points on a diagonal of a perfect fit,
and the ensemble model has the lowest clustering and best
fit (RMSE=3.299¢-04, R2=0.9835) of all against the
baseline RF (RMSE=4.862¢-04

RMSE=4.862e-04 MAE=3.448¢-04 RMSE=3.926e-04 MAE=2.757¢-04
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Fig 3: Model Accuracy Improvement (Base vs Enhanced)
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The calibration of Conformal Quantile Regression using a
90% desired coverage of target data resulted in 91.5%
empirical coverage of held out data, again showing that the
constructed prediction intervals are not arbitrary but rather
statistically sound. The EVT-based value-at-risk analysis of
rare and severe weather events gave a 99 th -percentile
Value-at-Risk of 0.01292 m and corresponding Conditional
Value-at-Risk of 0.01466 m whereby CVaR is significantly
larger than VaR. The Bayesian Information Criterion of
model selection found four possible climate regimes as the
best explanation of underlying weather dynamics, the first
of stable normal conditions and the last of extreme dry/wet
conditions. This form of regime is the input to the Ridge-

https://www.agriculturejournal.net

regression-based Multi-Hazard Index, which combines
rainfall, temperature, runoff, and drought signals into one
composite score, and has a correlation of 0.9999 with the
underlying WMA signal and also takes the extra risk-
dimensions provided by the EVT, copula, and HMM
modules. The fact that the R-Vine AIC of -11795.3 and the
joint tail amplification factor of 4.9x are consistent with the
idea that the choice of whether to treat weather variables as
dependent or independent variables can significantly alter
the risk exposure estimate, supports the use of the copula-
based dependency structure as a necessary part of the
overall pipeline and not an optional improvement.

MLP Forecast
-

Coffee
Price

Weather

Variables —

O Stochastic
<> Calculation
D Decision

Fig 4: Weather Index |

The use of Monte Carlo simulation with 10,000 iterations
was to measure the performance of insurance under
increasingly harsher climate-risk conditions. At every
iteration, stochastic changes in weather patterns were
simulated to capture the uncertainty and variability of future
weather results. The simulation measured the reactions of
important  insurance indicators such as premium
requirements, hedging efficacy, anticipated payouts and
farmer adoption conducts as climate severity rises. The
framework can represent typical and extreme outcomes of
risk that express the results of sampling a broad set of
plausible environmental conditions that might not be
apparent based on historical observations alone.
Consequently, this allows insurers to have a clearer insight
into the strength of pricing policies, gauge the stability of
portfolios in unfavourable circumstances and make a more
judicious decision in matters related to risk management and
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capital investment in an environment where uncertainty
about climatic conditions is growing.

The results of the simulation show a slow rise in insurance
premiums and anticipated payouts with intensification of
climate severity, due to the increasing exposure to weather-
related losses These findings demonstrate how the proposed
framework can adjust the insurance pricing and risk
assessment to different degrees of climate uncertainty.

The scenarios in Table 1 are the stress-test cases constructed
based on climate projections of the IPCC AR6 framework as
well as the Monte Carlo simulation. The scenarios reflect
various possible climate and financial risks impacts under
different conditions of uncertainty. This will allow one to
thoroughly examine the possible consequences of the
climate-related events on the insurance framework
proposed.

Table 1: Stress-Test Scenario Summary (Ipcc Ar6é + Monte Carlo Simulation)

S.No Scenario Rainfall Anomaly Premium (USD/ha/mo) Hedging Effectiveness (HE)
1 Baseline (2025) ~300 041
2 Near-term +25% ~375 041
3 RCP4.5 (2050) +50% ~450 0.41
4 RCP4.5 (2100) +75% ~525 0.41
5 RCP8.5 (2050) +100% ~600 041
6 RCP8.5 (2080) +150% ~750 041
7 Extreme +200% ~900+ 041

~14~


https://www.agriculturejournal.net/

International Journal of Agriculture and Nutrition

Thus, they capture the variability and uncertainty of the
future climate conditions. The framework can assess how
sensitive the premiums, payouts and hedging strategies are
to varying risk levels by running 10,000 simulation runs that
offer a more holistic evaluation of insurance performance in
normal and extreme weather conditions.

Figure 5 represents a bar-chart of the premium escalation

https://www.agriculturejournal.net

over 7 IPCC stress-test scenarios, with a line over the top to
indicate hedging effectiveness in each scenario, and
demonstrates that although the elevation of premiums
increases markedly in more severe scenarios, hedging
effectiveness also does not change markedly, indicating the
stability of the model in response to more securing climate
stress conditions.

Premium Escalation (7 IPCC Scenarios)
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Fig 5: Stress Testing and Monte Carlo Analysis

The proposed framework demonstrated a steady and better
result on all the dimensions compared to the baseline
Random Forest model with RMSE and MAE growth of
32.1% and 30.4% respectively, and an R2 of 0.9835.
Conformal Quantile Regression provided an empirical
coverage of 91.5% and an Extreme Value Theory estimate
of a 99th-percentile VaR of 0.01292 m, and the R-Vine
Copula provided a joint tail amplification of 4.9x - functions
that the baseline completely failed. The Hidden Markov
Model was employed to identify four best climate regimes
and the Multi-Hazard Index that was built using Ridge-
regression was able to combine all risk signals into one
single premium-relevant score. The scaling up of the
appropriate premiums between 298 to more than 900
USD/ha/month and the maintenance of the hedging
effectiveness of 0.41 in the stress test among seven IPCC
ARG scenarios showed that the framework retains the
protective value in adverse climate conditions and offers a
sound basis of data-driven insurance-of-agricultural pricing.

V. Conclusion

The paper introduced a data-driven weather index insurance
platform merging stacked ensemble forecasting, conformal
uncertainty quantification, extreme value tail-risks structure,
R-Vine copula dependency structure, Markov, hidden
regime identification and Ridge-regression-based multi-
hazard fusion into a single pipeline, which is modular. A
combination of feature engineering and ensemble learning
was run on historical climate, crop yield, and commodity
price data to enhance the accuracy of predictions, and
Conformal Quantile Regression provided calibrated
uncertainty intervals and Extreme Value Theory described
rare, high-severity climatic events that are not adequately
captured by conventional point-forecast models.

The experiments indicated that the suggested ensemble
produced significantly lower forecasting errors compared to

~ 15~

the individual baseline models with an RMSE of 3.299 x 10
-4 and R2 of 0.9835 and the conformal prediction
framework produced 91.5% empirical coverage with a 90%
target - indicating that the uncertainty estimates produced by
the system are not arbitrary values. Multi-hazard- Indexing
Tail-risk analysis with EVT and regime detection with
HMM again risk-characterization information can be offered
by a single-model baseline, but the resulting multi-hazard
index stress-tested across seven IPCC AR6 climate
scenarios, under which the framework retained a consistent
hedging effectiveness of about 41% despite increasing
climate severity.

To the extent that they add up, these findings justify the
more general finding that sufficient prices in agricultural
insurance involve explicit modeling of uncertainty, tail
behavior, and the dependence of variables other than the
point forecast. The modular nature of the framework also
implies that the separate parts can easily be made/unmade
without affecting the remainder of the pipeline in case
improved forecasting or risk-modeling methods are
discovered. Certain limitations remain. The quality and
completeness of historical climate, yield and price data
contributes to the performance of the system and extreme
weather occurrences are not necessarily governed by
historical statistical extremes, which may influence the
accuracy of the forecasts in such unprecedented
circumstances. The framework has been tested on one
geographic area and crop scenario, and computationally
expensive components like the vine copula and HMM fitting
can be a limitation to real-time implementation at scale.
Future directions include the use of real-time data in
weather stations, satellite monitoring, and loT sensors;
developing the dependency model to higher-dimension vine
frameworks to include additional climate variables; testing
the framework on various crops and regions; and developing
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dynamic frameworks of premium-adjustment, responding
automatically to changes in environmental conditions.

VI. Future Enhancements

It is also possible to extend the suggested framework by
adding the real-time climate data retrieved through the
weather stations, satellite observations, and monitoring
systems based on the 10T. More sophisticated deep learning
also like LSTM, Transformer and hybrid neural networks
may be investigated to enhance the accuracy of long-term
weather predictions. It can also be observed in the future
that the mechanisms of dynamic premium adjustment will
be investigated which will automatically adjust to changing
environmental conditions. The model can be scaled by
adding a variety of crops, regions, and insurance products
by calibrating risks at the region level. The connection to
blockchain technology has the potential to enhance
transparency and streamline settlement claims. Furthermore,
integrating socioeconomic and data on farmer behavior
would allow more tailored insurance advice, and enhance
climate-adaptation measures in the agricultural industry.
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