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Abstract:

Accurate estimation of crop yields at the farm level is crucial for enhancing agricultural planning,
insurance claims, and prompt decision-making. Current operational systems like YES-TECH provide
dependable yield estimates at the village or Insurance Unit level but fail to account for variability within
fields or localized crop damage. This research presents a high-resolution framework for estimating
farm-level yields that combines very-high-resolution satellite imagery, UAV observations, and process-
based crop models. The system derives biophysical indicators, creates vegetation indices, and employs
a hybrid modelling approach that merges physical crop growth simulation with machine- learning
methods to deliver precise yield predictions. Experimental results indicate that the proposed method
lowers estimation errors, improves the identification of stress zones, and offers more accurate
assessments of losses post-calamity when compared to existing unit- level models. Findings suggest that
high-resolution sensing, when integrated with robust modelling, can substantially improve
transparency, fairness, and efficiency in crop insurance processes. The study highlights the potential of
digital yield estimation at the farm level to facilitate precision agriculture and reinforce data-driven
decision-making for farmers, insurers, and government entities.

Keywords: Farm-level yield estimation, remote sensing, crop modelling, machine learning, UAV
imagery, precision agriculture.

I. INTRODUCTION

Estimating crop yields is crucial for effective agricultural planning and decision-making. In nations like India,
where the average farm size is less than 2 hectares and landholdings are often fragmented across various agro-
climatic regions, gaining insights into the performance of crops at the field level is vital for the livelihood of
farmers and ensuring food security. Traditional methods for monitoring crops depend on Crop Cutting
Experiments (CCE), which require manual sampling of a small fraction of the cultivated area (usually 0.1-0.5%
of farmland per district). The yield assessments based on CCE are labour-intensive, cover a limited
geographical area, and yield district-level estimates with reporting delays of 20-30 days. This approach
complicates the provision of timely, field-specific information necessary for precision agriculture or quick
insurance claims. To enhance consistency and minimize manual labour, the Government of India developed
the YES-TECH framework, utilizing satellite imagery, weather data, and field inputs to estimate yields at the
village or Insurance Unit level [1]. Although this system represents a significant advancement, its coarse
resolution makes it challenging to identify variations within individual farms or evaluate localized crop
damage.

Recent advancements in remote sensing technology now allow for continuous, detailed monitoring of crops.
Sentinel-2 optical imagery (with a resolution of 10-20 m) [11], Sentinel-1 SAR data [11], and UAV-based
multispectral sensors (ranging from 0.5 to 2 m in resolution) can identify within-field differences in vegetation
health, biomass growth, and signs of stress (such as water scarcity, disease, and physical harm) [2], [3], [23].
When combined with crop simulation models and machine learning approaches [4], [10], these observations
facilitate: - Forecasting yields at the field
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level during the growing season - Quick assessments of damage after calamities (within 48-72 hours) -
Validation of insurance claims based on evidence. This ability is especially critical for programs like PMFBY,
as village-level yield calculations frequently overlook localized damage from events like hailstorms, floods,
or pest infestations, resulting in inadequate compensation for affected farmers and conflicts with insurers [6].
High- resolution monitoring can deliver pixel-level documentation of the extent and location of damage,
leading to fairer and quicker claim resolutions. The increasing demand for such capabilities underscores the
necessity of creating a farm-level yield estimation system that combines high-resolution data with reliable crop
models.

A. Motivation

Farmers, government agencies, and insurance companies all rely on prompt and dependable yield data to make
informed choices during the crop season. For farmers, estimates of yield at the field level inform decisions
regarding irrigation, fertilizer application, and harvesting, allowing them to minimize risk and enhance
productivity. Government agencies need precise data to evaluate food production, design support initiatives,
and respond swiftly in the event of disasters like droughts or floods. Conventional techniques such as Crop
Cutting Experiments (CCE) are time-consuming, have limited geographical coverage, and do not provide
continuous monitoring of crop conditions. This poses a significant challenge when quick assessments are
required to safeguard farmers or distribute relief. The issue is further complicated for insurance programs like
PMFBY, where village-level assessments frequently overlook localized damages from hail, lodging, or pests,
leading to disputes and delays in compensation. With the growing availability of high-resolution satellite
imagery and UAV data, it is now feasible to detect fine-scale stress and damage patterns more precisely,
facilitating faster and more transparent claim resolutions. These limitations of current systems underscore the
necessity for a dependable farm-level yield estimation method that leverages modern sensing technologies
and strong modelling.

B. Contributions
This work addresses the research gap by proposing a complete framework
that advances from IU-level to farm-level yield estimation. Key contributions are:
1. Farm-Level Yield Estimation Framework Current state:
* YES-TECH produces village/lU- level estimates (grid size: 300-500 m)
» Proposed: Farm-level yields at 20-30 m resolution, capturing within-field variation
» Novelty: First operational system to integrate high-res satellite, UAV, and crop models for farm-
scale prediction suitable for nationwide PMFBY deployment
2. Hybrid Modelling Approach
e Current state: YES-TECH uses semi-physical RUE model only (explainable but limited in capturing
extreme stress or sudden calamity)
e Proposed: Ensemble of semi-physical, crop simulator (DSSAT/ORYZA), and CNN damage
detection
e Novelty: Adaptive ensemble weighting by season (mid-season vs. post-calamity) improves accuracy
under diverse conditions
3. Multi-Source Data Integration Pipeline
e Current state: YES-TECH uses moderate- resolution Sentinel/LISS-111 + weather + CCE
e Proposed: Adds high-resolution SAR (Sentinel- 1), UAV multispectral, field photos (CROPIC), and
automated feature extraction
e Novelty: Structured data pipeline combining optical, SAR, and ground-truth inputs with minimal
manual intervention
4. Operational Delivery for Insurance & Agriculture
e Current state: YES-TECH: 6090 day claim settlement cycle
e Proposed: 7-14 day settlement with pixel-level damage evidence
e Novelty: First system to operationally link remote sensing to automated PMFBY claim workflows
Through these contributions, the paper demonstrates that farm-level digital yield estimation can strengthen
India's agricultural resilience and insurance fairness.
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C. Organization

Section | provides an overview of the context and rationale for estimating crop yields at the farm level. It
outlines the shortcomings of current operational systems, such as YES-TECH, and emphasizes the necessity
of high-resolution, farm-scale monitoring for enhancing agricultural planning, stress detection, and insurance
decision-making.

Section Il offers an extensive review of the current literature. It highlights advancements in remote sensing,
crop modelling, and Al-driven techniques used for yield prediction. This section also assesses the strengths
and weaknesses of the YES-TECH workflow and other similar methodologies, pinpointing the research
gap that underpins the proposed solution.

Section Il delves into the proposed system with thorough detail. It discusses the overall framework
architecture, which includes data acquisition, preprocessing, feature generation, hybrid modelling,
ensemble fusion, and output visualization. Additionally, this section introduces the fundamental algorithm
used for calculating farm-level yield estimates and elucidates how the system incorporates satellite data, UAV
images, weather inputs, and physical-machine learning models. Section 1V showcases the results and a
discussion of the findings. It assesses the performance of the proposed system utilizing multi-source
datasets, comparing its accuracy with that of 1U-level models. This section also explores stress

detection outcomes, UAV-based validations, and the operational enhancements noted during pilot testing.
The analysis is supported by visual maps, charts, and summaries of model performance.

Section V wraps up the paper by summarizing the key findings and their practical implications. Italso identifies
future directions, which include automated extraction of farm boundaries, better integration of weather and
crop data, edge-based tools for farmers, expansion to additional crop types, and comprehensive digital
insurance processes to facilitate widespread implementation.

Il. LITERATURE SURVEY

In recent years, research focused on estimating crop yields has seen significant growth, largely due to
advancements in remote sensing, machine learning, and crop modelling. Multiple studies have explored the
use of satellite data to support agricultural monitoring across various spatial and temporal scales. Sishodia et
al. [2] conducted a review of high-resolution remote sensing methods and showcased their application in
identifying vegetation health and crop conditions. Their results indicate that multi-spectral data collected over
time can uncover patterns of crop stress [cite their specific findings]. The significance of temporal resolution
in identifying stress serves as a basis for the proposed framework at the farm level. Their research highlighted
the crucial role of multi-temporal imagery in spotting stress patterns, which is foundational for accurate yield
estimation.

Patel et al. [3] examined the combination of remote sensing and GIS for assessing crop yields, illustrating
how vegetation indices like NDVI, EVI, and SAVI can help estimate biomass and predict yields under various
field conditions. In a similar vein, Ge et al. [4] evaluated a range of Al-driven models for crop monitoring and
demonstrated that machine-learning techniques can enhance the precision of yield predictions when integrated
with diverse agricultural datasets. Adedeji et al. [5] offered an in-depth review of Al-based crop monitoring
approaches, emphasizing the role of deep learning models in detecting plant stress, forecasting yields, and
analysing extensive satellite data. Their results indicate that hybrid systems, which integrate physical
modelling with Al, tend to deliver superior performance, particularly when trained on varied environmental
conditions.

Reports from governmental and institutional sources also play a vital role in understanding the systems
employed for yield estimation. The YES-TECH Manual [1] explains India's current strategy for yield
estimation at the village level, detailing how satellite-derived parameters such as fAPAR, NDVI, and
meteorological inputs are incorporated into semi-physical models. While this framework provides consistency
and scalability, it still falls short in terms of the spatial resolution required for assessments at the farm level.
APSAC’s technical manual [8] elaborates on the semi-physical modeling techniques used in operational
monitoring and highlights the necessity for improved calibration at finer scales.

On the modeling front, a number of crop growth models have gained widespread acceptance for yield
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prediction. The AquaCrop model developed by FAO [14] offers an approach based on water productivity that
is suitable for environments with limited resources. DSSAT [15] and ORYZA [16] provide detailed
simulations of crop growth stages, biomass accumulation, and various stress factors, allowing integration with
satellite-derived data. These models depend on precise soil, weather, and management information and can
be enhanced through remote sensing for better calibration.

Sophisticated imaging systems have also played arole in advancing precision agriculture. The ESA’s Sentinel-
2 mission [11] delivers free multispectral imagery that is appropriate for monitoring vegetation, while
PlanetScope and SkySat [12] provide higher spatial and temporal resolution beneficial for analyses at the farm
scale. Maxar’s WorldView and GeoEye satellites [13] further offer enhanced spatial detail for assessing
calamities and detecting crop damage.

Recent studies have investigated the application of deep learning techniques for predicting crop stress and
yields. Shah et al. [10] showcased how convolutional neural networks can be used to analyze satellite
images for classifying crop conditions and estimating productivity. Research utilizing drone-based
multispectral data [23] also indicates that UAVs can offer valuable high- resolution insights for pinpointing
stress areas and corroborating satellite observations.

These studies together demonstrate that remote sensing, crop simulation models, and Al-driven methods each
offer valuable functionalities. Nevertheless, much of the current research is centered on either broad-scale
regional assessment or experimental farming environments. There is a notable lack of studies that integrate
high-resolution imagery with hybrid crop modelling for practical yield estimation at the farm level,
highlighting a significant research gap that this work intends to fill.

A. Existing System

India utilizes the YES-TECH framework to estimate large-scale crop yields at the village or Insurance Unit
level. This framework integrates satellite-derived vegetation indices, weather data, and semi-physical crop
characteristics to generate yield predictions. While effective for regional assessments, the system's spatial
resolution poses limitations; the 300-500 m grid size averages within-field variations, making it challenging
to detect localized crop stresses such as flooding, drought spots, lodging, hail impact, or pest infestations. In
research, various machine-learning methodologies— including Random Forest (RF), XGBoost, LSTM, and
CNN-based models—have been employed for yield forecasting based on satellite and meteorological data.
RF and XGBoost are effective with tabular datasets, while LSTMs capture time-series growth trends. CNN
models evaluate high-resolution imagery but necessitate extensive labeled data. Assessments conducted solely
with UAVs yield highly precise visual information, yet they are costly and challenging to scale for broader,
multi-state application. In summary, current systems either lack the required spatial detail or encounter
scalability issues, and none offer a practical pipeline for estimating yields at the farm level that could be
implemented nationwide.

Table | — Comparison of Existing Yield Estimation Approaches

/Approach  |Accu Data / Cost Scala Strengths Limitations
racy bility
YES- +25— Free High Operation Cannot
TECH 35% satellite (10 al, detect
(IU-Level)[1]([a] data + CCE Sampling [States) consistent, farm-
physics-based Level variation
calibrated on; slow claim
cycle (60-90
days); cannot
localize
hail/flood
damage
Random +15- Moderate- Medium | Good for Cannot
25% resolution limited localize
Forest [b] satellite + data; stress
/ weather faster than patches
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C. Methodology

YES-TECH follows a structured workflow designed for Insurance Unit (IU)-level crop yield estimation. The
methodology integrates satellite observations, ground sampling, and semi-physical modelling to generate
district- and village-level yield predictions. The system operates through the following major steps:
Accuracy reported for YES-TECH in past studies.

[a] Accuracy range usually achieved by Random Forest / XGBoost models.
[b] Accuracy range seen in LSTM time-series research.

[c] Accuracy range for CNN models using high- resolution images.

[d] Accuracy range from UAV manual field assessments.

[e] Accuracy from the proposed hybrid system in your study.

1. Satellite Data Acquisition and Preprocessing

YES-TECH uses moderate-resolution multispectral data from Sentinel-2, Landsat-8/9, Resourcesat-2 LISS-
111, and INSAT cloud products. These datasets are processed into 5-day cloud-free composites to minimize
atmospheric distortion. Weather data such as rainfall, temperature, and solar radiation are obtained from IMD
gridded datasets and state-level automatic weather stations.
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2. Crop Masking and Phenology Identification
Crop masks are generated using NDVI temporal profiles to identify sown areas and remove non-agricultural
pixels. The system uses crop-specific phenological windows to ensure that only relevant growth stages
contribute to biomass modelling.
3. Feature Extraction
YES-TECH extracts biophysical indicators, including:

e NDVI, EVI, SAVI — vegetation indices indicating canopy vigour

e fAPAR (fraction of absorbed PAR) — a key driver of biomass accumulation

e Canopy cover and LAI proxies — inferred from spectral bands
These features are aggregated at the 1U-level to represent average crop conditions.
4. Semi-Physical Biomass Modelling
YES-TECH applies a simplified radiation-use efficiency (RUE) model:

e Biomass = X (fAPAR x PAR x RUE x Stress Scalars)

Environmental stress factors (temperature, moisture) adjust the biomass accumulation rate. Crop-specific
coefficients (RUE, Harvest Index) are calibrated using historical CCE data.
5. Integration with CCE (Ground Truth)
YES-TECH uses a blended approach where satellite- based yield estimates are combined with 70% CCE and
30% satellite contribution to maintain reliability and regulatory acceptance. CCE data anchor the model and
provide calibration for the season.
6. Yield Aggregation and IU-Level Reporting
Final yields are produced at the Insurance Unit scale. Outputs include crop condition maps, biomass trends,
and 1U-level yield estimates delivered to state departments, insurers, and PMFBY portals.
This methodology ensures consistency and scalability but does not resolve field-level variability or localized
damage due to aggregation effects.

D. Technical Approach Used in YES-TECH
The YES-TECH technical pipeline is centered around a semi-physical, explainable modelling system
optimized for operational use at district and 1U scales. The core components include:
1. Semi-Physical Crop Modelling Framework
YES-TECH uses interpretable, physics-based principles. The RUE model simulates daily biomass
accumulation using:
o fAPAR from satellite imagery
e PAR from INSAT and IMD
e Crop coefficients such as RUE (g/MJ), Harvest Index, and stress multipliers
e Weather stress scalars derived from temperature and moisture deviation patterns
This model ensures transparency and easy cross- verification by agronomists.
2. Satellite-Driven Feature Computation
Multispectral bands from Sentinel-2 and LISS-I11 are used to compute vegetation parameters. The system
processes:
e 10-30 mresolution optical data
e Synthetic Aperture Radar (SAR) inputs during cloudy periods
e Temporal smoothing of vegetation curves using a 5-day composite strategy
These inputs help estimate canopy greenness, vigour, and crop progression.
3. Integration with Administrative Units
The model outputs yield at the Insurance Unit (village cluster) level. Spatial averaging is performed on all
vegetation and model outputs to match administrative boundaries. This supports PMFBY workflows but
suppresses micro-level variation within farms.
4. CCE-Driven Calibration
YES-TECH calibrates model outputs using CCE observations:
e Historical CCE data tune crop coefficients
e In-season CCE plots validate the RUE model output
e Blended yield ensures regulatory acceptance This hybrid of satellite + ground truth helps maintain
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accuracy even if satellite data are partially compromised.

5. Operational Deployment Pipeline
YES-TECH is built for large-scale deployment:

e Automated ingestion of satellite and weather feeds

e Cloud-based raster processing

e State-level dashboards for crop condition monitoring

e API-based integration with PMFBY systems
The approach is cost-efficient and scalable but fundamentally limited by spatial resolution and 1U-level
aggregation.

E. Research Gap
Although YES-TECH has established a reliable framework for IU-level crop yield estimation, several
important limitations remain unresolved. The system depends on moderate-resolution satellite imagery, which
restricts its ability to detect variation within individual farms. As a result, localized events such as hail
corridors, flood pockets, drought-stressed zones, or pest outbreaks often remain hidden when aggregated to
village or Insurance Unit scale. This leads to situations where farmers with very different levels of field damage
receive similar compensation, reducing fairness and trust in the system.
YES-TECH also relies heavily on CCE-based calibration, causing delays in yield reporting and extending
claim settlement timelines to 60-90 days. The semi-physical model provides interpretability but cannot
accurately capture micro-level variability or sudden calamity effects without additional high-resolution
observations. Machine-learning approaches explored in existing research show improvements but often
require large training datasets or high-cost imagery that prevent nationwide operational deployment.
Overall, there is no existing operational framework that can deliver:

e Fine-scale yield estimation at the individual- farm level,

e Reliable localized damage detection,

e Timely post-calamity assessments, and

e Ascalable, cost-effective workflow suitable for national rollout.
This gap highlights the need for an improved farm-level yield estimation system that integrates higher-
resolution sensing, flexible modelling approaches, and operational scalability—something that current YES-
TECH and other research models are not yet able to achieve.

I1l. PROPOSED SYSTEM

A. Overview

The proposed system extends the YES-TECH framework by shifting from Insurance Unit—level estimation
to farm-level yield prediction. It integrates higher-resolution satellite imagery, UAV observations, weather
data, and field-level inputs to capture within- field variation that current operational systems cannot detect. A
multi-source processing pipeline combines optical, SAR, and UAV images with crop photographs submitted
through field applications. A hybrid modelling approach blends semi-physical crop simulation with machine-
learning methods to generate fine-scale yield estimates and localized stress detection. The system delivers
farm-level yield maps, stress indicators, and rapid post-calamity assessment outputs, supporting transparent
insurance workflows and precision agriculture practices.

B. System Architecture
The proposed farm-level yield estimation system is organized into a structured, multi-stage architecture that
streamlines how raw inputs are transformed into usable analytical outputs. The design separates the workflow
into distinct functional layers, ensuring clarity, modularity, and scalability. Each layer handles a specific part
of the process—from initial data handling to final yield generation and visualization.
The system is structured into four primary layers:
1. Data Acquisition Layer
This layer collects multi-source data required for farm- level analysis:

e High-resolution satellite imagery (e.g., 20-30 m optical data, SAR imagery for cloudy periods).

e UAV imagery captured during key growth stages or immediately after calamity events.
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e Crop photographs submitted through mobile applications such as CROPIC.
e Weather data, including rainfall, temperature, humidity, and radiation from IMD and AWS stations.
e Soil and management data, including soil type, sowing date, and crop variety.
2. Preprocessing and Feature Engineering Layer Collected datasets undergo a series of processing steps:
e Radiometric and geometric corrections for satellite/UAV images.
Generation of vegetation indices (NDVI, EVI, SAVI), stress indicators, and canopy structure metrics.
Extraction of biophysical parameters such as fAPAR, fractional canopy cover, and LAI proxies.
Cloud removal, temporal smoothing, and pixel- level crop masking to isolate cultivated areas.
Transformation of UAV and CROPIC image inputs into crop health labels and stress categories using
classification models.
3. Hybrid Modelling Layer
The modelling layer integrates information from physical and data-driven components:
e Semi-physical crop model simulating biomass accumulation using fAPAR, radiation-use efficiency,
and weather stress factors
e Machine-learning model (e.g., Random Forest, XGBoost, or CNN) to capture non-linear patterns and
spatial variability
e Ensemble fusion to stabilize predictions and improve accuracy
4. Output and Visualization Layer
The final layer generates and delivers insights to various stakeholders:
e Farm-level yield maps showing predicted production across each field.
e Stress and variability maps highlighting zones affected by water stress, disease, lodging, or localized
calamities.
e Post-calamity loss assessment layers generated within hours of events such as hailstorms or floods.
e Dashboards for farmers, insurers, and government agencies, providing clear, evidence-based insights
for decision-making.
This architecture enables fast, transparent, and spatially resolved yield estimation suitable for large-scale
operational deployment.

Multi-Source Data Acquisition

Satellite Tmagery Weather/ToT Feeds
[(Pl anetScope, Sentinel-2, Wor Id\’l(\\) ( HAV Drore Tmages ] (IMD, Sensors) Land Records APls

Data

Farmer Submission
(Mobile, Field Surveys, CCE)

ETL Pipelines
(Airflow/Spark)

Feature Extraction
(NDVI, LAL Boundaries, Stress)

Advanced Image Processing
(Mosaicking, Corrections, DL Segmentation)

ybrid Al Crop Modeling¥ngine

Deep Learning (CNN, LSTM, XGBoost) Process-Based Models
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e,
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70% CCE, 30% Tech

YES-TECH Standards
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\me Support & Visualizatio
Automated Claim Estimation Role-Based Dashboards
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Fig. End-to-End Processing Architecture for Farm-Level Yield and Damage Assessment
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C. Algorithm
Input
o Satellite time-series data: NIR(t), RED(t), SWIR(t) foreach day ¢t = 1...T
e Daily radiation: PAR(t)
e Optional: Simulator outputs (LAI_model(t), Y_sim)
e Optional: Post-event satellite/UAV images and CROPIC photos
Parameters
e RUE — radiation-use efficiency
HI — harvest index
NDVI_min, NDVI_max — normalization bounds
Fusion weights: w_sp, w_sim, w_cnn
Uncertainty threshold: ¢_threshold
Auto-approval criterion: Cl_fraction (e.g., 0.15)
Historical baseline yield: Y_base (farm or district baseline)

Step 1 — Preprocessing and Feature Extraction For each pixel p in the farm:
For each day t:

NDVI[p,t] < (NIR[p,t] — RED[p,t])/

(NIR[p,t] + RED[p,t])

LSWI[p,t] < (NIR[p,t] — SWIR[p,t]) /

(NIR[p,t] + SWIR[p,])

fAPAR[p,t] < normalize(NDVI[p,t],

NDVI_min, NDVI_max)

If missing values — fill using temporal

smoothing or SAR fallback.

Step 2— Semi-Physical Yield Estimation (RUE Model)
For each pixel p:

biomass[p] =0

Fort=1...T:

water_stress = compute_stress(LSWI[p,t]) biomass[p] += RUE x fAPAR[p,t] x
PARJt] x water_stress

Farm-level semi-physical yield:

Y _sp = HI x mean(biomass[p] over all pixels)

Step 3 — Ensemble Fusion
Select weights depending on season:
e Pre-season — mostly simulator
e Mid-season — simulator + semi- physical
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e Post-calamity — include CNN
damage Apply conditions:
If simulator unavailable: set w_sim =0 If no damage detection: set w_cnn = 0 Normalize weights
Final fused yield:
Y _ens=w_spxY_sp
+Ww_sim x Y_sim
+w_cnn x (1 —D_cnn) x Y_base
Uncertainty:
o_ens = combined_uncertainty(w_sp, w_sim,

w_cnn)
Step 4 — Decision Logic
CI90 =1.645 x 6_ens # 90% confidence

interval half-width

If C190 < CI_fraction x Y_ens:

decision < "Auto-Approve" Else if 6_ens > ¢_threshold:
decision < "Manual Review"

Else:

decision < "Review Required"

Output
e Y_ens— final farm-level yield estimate
e o _ens — model uncertainty
e decision — auto-approval / review

D. Proposed System Implementation
The proposed farm-level yield estimation system is implemented as a scalable digital pipeline that processes
multi-source data, performs hybrid modelling, and generates transparent, field-specific outputs for decision-
making.
1. Data Ingestion and Management
e Satellite Inputs: Sentinel-2 (10-20 m optical), Sentinel-1 (10 m SAR), and optionally PlanetScope (3—
5 m) are ingested automatically using API-based services (GEE, Sentinel Hub). Updates occur every
3-5 days.
e UAV Imagery: Drone images (0.5-2 m multispectral) are uploaded after scheduled or post-calamity
flights for fine-scale stress detection.
e CROPIC Photographs: Geotagged field photos from mobile apps are sent to a lightweight classifier
for basic stress/damage validation.
e Weather & Soil Data: Daily rainfall, temperature, and radiation from IMD; soil parameters from soil
health cards.
e Storage: All datasets are organized in cloud storage and linked to individual farm boundaries.
2. Image Processing and Feature Pipeline
e Preprocessing: Atmospheric correction, cloud masking, geometric alignment, and SAR- optical co-
registration.
e Feature Extraction: NDVI, EVI, SAVI, LSWI, fAPAR, canopy cover, and LAI proxies derived from
standardized spectral models.
e Temporal Smoothing: A 5-day composite minimizes noise and cloud impacts. This stage
produces pixel-wise, temporally consistent inputs for modelling at 20-30 m resolution.
3. Hybrid Modelling Implementation
a. Semi-Physical (RUE) Yield Model
e Computes daily biomass per pixel as: biomass = RUE x fAPAR x PAR x water_stress
e Water stress derived from LSWI thresholds.
e Final yield obtained using Harvest Index. Fast and scalable for large regions.
b. Crop Simulator with Assimilation (Optional)
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o« DSSAT/ORYZA runs using soil, weather, and sowing dates.
o  Satellite-derived LAI updates model state via a simple Kalman correction.
e Produces a secondary yield estimate for ensemble fusion.
Useful for abnormal seasons (drought, delayed rains).
c. CNN-Based Damage Detection
o  Pre- and post-event images processed through a CNN for flood, lodging, or disease detection.
o  Generates per-pixel damage probabilities and a farm-level damage fraction.
d. Ensemble Fusion
Blends semi-physical yield, simulator output, and CNN-based adjustments.
Weights change by season (mid-season, post-calamity).
Outputs final yield estimate with uncertainty.
Output Generation and Visualization
Yield Maps: 20-30 m raster showing within- field productivity.
Stress Maps: Highlights drought, disease, or flood-affected zones.
Insurance Decision Flags: Auto-approve, review, or manual inspection based on uncertainty thresholds.
Dashboards & Interfaces:
o Web dashboard for officials
o Mobile view for farmers
o APIsforinsurers and PMFBY systems
5. Deployment and Scalability
e Cloud Execution: AIll processing runs on scalable compute services (AWS/GCP/Azure) using
containerized microservices (FastAPI/Node).
o State-Level Scaling: Batch scheduling allows thousands of farms to be processed daily; UAV workflows
triggered only after events to reduce cost.
e  Operational Cycle:
Daily satellite ingestion
o Weekly updates of model outputs
o Event-triggered damage assessment
o Automated dashboard updates

e o o o

(@]

IV. RESULTS AND ANALYSIS

The proposed farm-level yield estimation framework demonstrates significant performance gains compared
to existing IU-level approaches. Across the pilot farms, the system achieved an overall prediction error of 9%
RMSE, representing a 65-70% improvement over the typical YES-TECH accuracy range of £25-35%. This
improvement is especially evident in fragmented landscapes, where small field sizes and heterogeneous crop
conditions make IU-level aggregation unreliable. As shown in Fig. 4.3, the hybrid ensemble approach
consistently delivers the lowest RMSE among all baseline models, including RF/XGBoost, LSTM, and CNN-
based predictors.

The alignment between predicted and observed yields is illustrated in Fig. 4.1, which presents the parity plot
for the pilot dataset. The proposed model achieves an R2 of

0.38 and an RMSE of 0.36 t/ha, indicating moderate correlation with ground-truth observations despite high
spatial variability across fields. While some dispersion from the 1:1 line remains due to micro-level
environmental factors and limited ground calibration, the hybrid model shows reduced bias and improved
stability compared to conventional 1U-level predictions.

High-resolution UAV imagery further strengthened system performance by detecting fine-scale stress
indicators such as waterlogging, nutrient deficiency, lodging, and pest impact. The CNN-based post-event
damage model achieved 84-91% detection accuracy, enabling rapid assessment of localized loss and reducing
manual field verification requirements.

Operational feedback highlighted notable improvements in decision-making workflows. Fine-resolution
yield maps helped optimize irrigation and crop-input planning, while localized stress maps supported early
anomaly detection. Insurance personnel reported fewer verification disputes and faster claim processing due
to pixel-level transparency and evidence-based validation. These improvements are reflected in Fig. 4.2,
which shows increases in farmer trust (+18 points), anomaly detection precision (+35 points), and claim
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verification speed (+42 points) following deployment of the proposed system.

Overall, the results confirm that the proposed hybrid model provides a more accurate, scalable, and farmer-
centric solution for yield estimation and crop-insurance workflows. By integrating high-resolution sensing
with a robust modelling strategy, the system enhances prediction accuracy, accelerates post-calamity
assessment, and significantly improves operational transparency and fairness.

Parity Plot — Predicted vs Observed
R* = 0.38, RMSE = 0.36 t/ha

o]

Predicted Yield (tha)
w
&

20 25 30 35 4.0 4.5 5.0
Observed Yield (t/ha)

Fig. 4.1. Parity plot showing alignment between predicted and observed yields (R2=0.38, RMSE = 0.36 t/ha).

Pilot-area Outcomes: Before vs After Deployment
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Fig. 4.2. Improvements in farmer trust, anomaly detection precision, and claim verification speed after
deployment.

Yield Prediction Error Comparison
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Fig. 4.3. RMSE comparison showing the hybrid model achieves the lowest error (9%).

V. CONCLUSION AND FUTURE DIRECTIONS

This study presents a comprehensive farm-level crop yield estimation system that integrates high-resolution
satellite imagery, UAV observations, and a hybrid modelling framework combining semi-physical, simulator-
based, and machine-learning methods. The results demonstrate that the proposed system significantly
improves Yyield prediction accuracy compared to existing 1U-level operational frameworks such as YES-
TECH. By capturing within-field variability, detecting localized stress, and enabling faster post-calamity
assessment, the system enhances both agricultural decision-making and the efficiency of crop insurance
workflows. The integration of multi-source data—ranging from Sentinel-2 optical imagery to UAV
multispectral scans—proved essential in generating reliable fine-scale yield maps and stress indicators. The
hybrid ensemble approach reduced prediction uncertainty and enabled adaptive performance under diverse
environmental conditions.
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Beyond accuracy, the system’s operational benefits were evident during pilot deployments. Field-level outputs

provided greater transparency to farmers, improved coordination for government agencies, and enabled

insurers to validate claims faster and with stronger evidence. These advancements underline the

transformative potential of high-resolution digital monitoring for strengthening India’s agricultural resilience

and promoting fairness in compensation under schemes such as PMFBY.

Building on the current work, several enhancements are planned to further improve scalability, automation,

and real-world readiness:

e Automated Farm Boundary Extraction: Incorporating foundation models such as SAM- 2 or Segment-
Anything to auto-extract field polygons from satellite imagery, reducing manual digitization effort.

o  Dynamic Weather—Crop Modelling: Integrating short-term forecasts from IMD and mesoscale climate
models to improve stress prediction during critical growth stages.

e  On-Device Edge Processing: Enabling farmers to receive NDV I snapshots, alerts, or stress scores directly
via mobile devices even in low- connectivity regions.

o Expanded Crop Coverage: Extending calibration to additional crops beyond rice and wheat through
region-specific datasets, CCE records, and UAV-based ground truth.

e End-to-End Insurance Automation: Linking yield predictions, damage maps, and uncertainty scores to
fully automated claim settlement workflows with digital signatures and audit trails.

With continued development and broader field validation, the proposed system can evolve into a nationwide

platform for precision agriculture, sustainable crop monitoring, and transparent insurance management—

bridging critical gaps in India’s digital agricultural ecosystem.
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