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Abstract

Disasters like droughts inflict about $123 billion in agricultural losses globally each year. But

targeted, preemptive aid programs—the focus of this thesis—can mitigate their impacts.

One approach to tackling these hazards is leveraging early warning systems, which combine
satellite data, climate models, and algorithms to predict disasters before they escalate. Prop-
erly used, these systems can trigger anticipatory action, a new type of humanitarian aid that
allocates aid resources before a hazard occurs: for instance, by distributing cash or drought-
resistant seeds ahead of expected weather extremes. This proactive approach is distinct from

traditional humanitarian aid efforts, which typically allocate aid after disasters occur.

Major global humanitarian organizations are accelerating efforts to develop early warning sys-
tems and anticipatory action initiatives. However, important challenges need to be addressed
as these systems scale. First, early warning forecasts are often inaccurate, biased, or generic
(e.g., “a drought is expected”) rather than fully impact-based (e.g., “an expected drought will
cause crop losses of 30% in this region”). And anticipatory action itself often employs blanket
approaches (e.g., providing the same amount of aid to everyone) rather than targeting resources
to the most vulnerable. In many contexts, early warning systems are only loosely connected to

anticipatory action frameworks, rather than functioning as a seamless, end-to-end approach.

A comprehensive review of the literature clarified the key challenges outlined above and in-
formed the overarching research question that guides the thesis: How can early warning sys-
tems and anticipatory action be designed to mazimize the impact of aid delivered to vulnerable
agricultural communities? This question is addressed through four research papers: Paper
I highlights how early warning systems and anticipatory action can be integrated; Paper 11
and Paper III advance scalable, impact-focused forecasts that predict actual crop losses, mov-
ing beyond generic alerts; and Paper IV integrates impact-based forecasts with mathematical
optimization to target the most vulnerable, and evaluates the practical effectiveness of the

framework using a simulation-based approach.

This DPhil research aims to make anticipatory action more timely, equitable, and targeted.
The research uses India as a case study, due to heightened climate vulnerability in its rice-
growing areas. The proposed approaches are broadly applicable to other agricultural settings

confronting climate risks. [Thesis word count: 47,464|



1 Introduction

1.1 What is this thesis about?

This doctoral thesis introduces an approach to deliver targeted preemptive aid in the
context of agricultural disaster relief by addressing gaps in early warning systems and
anticipatory action. Disasters inflict about $123 billion in agricultural losses each year
[1], but targeted aid programs can mitigate these impacts while ensuring that limited

humanitarian budgets are spent effectively.

Anticipatory action is a new type of humanitarian aid that disburses resources, such
as cash, drought-resistant seeds, or fertilizer, before a hazard occurs, when some given
disaster threshold is met [2|. For instance, if a flood forecast for a region passes a certain
level, a specified payout is automatically released. The payout is typically disbursed via
a blanket approach, in that the same level of funds are provided to all recipients in an
at-risk area. This proactive strategy is distinct from traditional humanitarian efforts,

which typically respond after disasters occur.

For anticipatory action to work, the forecasts that trigger the release of resources need
to be reliable; otherwise, “false alarms” can occur. This is the job of early warning
systems, which use satellite data, climate models, and algorithms to produce forecasts

that warn of impending hazards like droughts or floods [3].

Anticipatory action and early warning systems are exciting new fields in the humanitar-
ian sector. But two important challenges need to be addressed to ensure that preemptive

aid is disbursed in a targeted, transparent, and equitable manner (Figure 1.1).

The first challenge is that early warning systems have problems that constrain their

utility for anticipatory action schemes. Some early warning systems are inaccurate,



1. Introduction

complicating the targeted release of funds [4]; some are biased, in that they perform
better in some regions than others, impacting the fairness of aid allocation [5]; and some
are not impact-based, meaning that they produce generic flood or drought warnings,
rather than quantifying the real impact of these hazards, complicating efforts to give
aid to those who need it the most [6, 7]. Lastly, early warning systems often operate
in siloes from anticipatory action. This lack of harmonization means that warnings do

not consistently inform decisions on early action.

The second challenge is that anticipatory action itself is imprecise: aid is often dis-
tributed uniformly across at-risk regions, as if the population were monolithic, over-
looking differences in vulnerability. For instance, when facing drought, farmers without
irrigation may need more support than those with it. Incorporating vulnerability as-
sessments allows for more targeted aid, ensuring resources reach those most in need
and preventing waste of limited humanitarian budgets, which is crucial for donors,

humanitarian organizations, and governments [8, 9].

This thesis directly tackles these two challenges by answering a straightforward re-
search question: How can early warning systems and anticipatory action be designed to

maximize the impact of aid delivered to vulnerable agricultural communities?
The thesis answers this question by making the following contributions.

e First, I address gaps in agricultural early warning systems by introducing an end-
to-end architecture that fuses publicly available geospatial datasets with machine
learning to generate impact-based crop forecasts. This framework doesn’t just
warn of “floods” or “droughts” in general terms; it pinpoints how specific areas

will be affected, providing actionable intelligence rather than broad-stroke alerts.

e Second, I introduce a computational framework that integrates impact-based fore-
casts into optimization-based aid allocation schemes, enabling timely, equitable,
and cost-effective anticipatory action under constrained humanitarian budgets.
The practical effectiveness of this approach is demonstrated using a simulation-

based approach that compares it to traditional modes of anticipatory action.

This interdisciplinary research is at the intersection of humanitarian relief, geocompu-
tation, machine learning, meteorology, and operations research. India’s rice-producing
regions serve as a case study, given their vulnerability to extreme weather and the global

importance of rice as a staple crop.
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Early warning systems (EWS) produce forecasts that trigger anticipatory action
Challenge: Biased, inaccurate, siloed, and insufficiently impact-driven forecasts

EWS forecasts a hazard Hazard occurs
Timeline
Prior to a crisis: Window of opportunity: Recovery:
Longer-term preparedness Anticipatory action is used to distribute Conventional
measures (like access to resources to agricultural communities at risk humanitarian
drought-resistant seeds). Challenge: imprecise anticipatory action, response
causing ineffective aid distribution

Figure 1.1: Early warning systems and anticipatory action face challenges that limit
their ability to allocate aid precisely and effectively.

1.2 Context, gaps, and research question

1.2.1 Early warning systems and anticipatory action in brief

Investments in early warning systems can mitigate disasters in agriculture.
Disasters like floods, droughts, and storms are increasingly devastating agriculture
worldwide, climbing from about 100 events per year in the 1970s to nearly 400 per
year in the past two decades, data from the United Nations show [10]. From 1991 to
2021, they have caused an estimated $3.8 trillion worth of crop and livestock losses
[1], an average of roughly $123 billion per year in that time period. To put this into
perspective, this annual loss represents about 3% of global agricultural GDP, which
stood at 3.7 trillion in 2021 [11]. Lower- and lower-middle-income countries are hardest
hit, losing 10% to 15% of their agricultural GDP [1]. In India, climate shocks affected
23.2 million hectares of crops between 2019 and 2023, with 87% of districts vulnerable
to drought [12].

A promising approach for addressing these disasters is to use early warning systems to
anticipate risks like droughts and floods before they escalate. There is strong evidence
that investments in early warning systems are very cost-effective: for every $1 billion
spent annually on early warning systems and disaster response in developing countries,
an estimated $4 to $36 billion could be saved in avoided losses [13]. Recognizing this
potential, the United Nations launched a $3.1 billion “Early Warnings for All” initiative
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in 2022 to ensure that every person on Earth is protected by some form of early warning
systems by 2027 [14]. While progress has accelerated since its launch, with over 119
countries reporting multi-hazard early warning systems by late 2025, recent assessments
indicate that significant gaps in coverage and implementation persist, particularly in

vulnerable and low-income countries [15].

Notable agriculture-focused early warning systems include global systems such as the
United Nations’ Global Information and Farly Warning System (GIEWS) [16], and
regional systems such as the United Nations’ Somalia Water and Land Information
Management (SWALIM) system. Alerts from such systems have helped farmers miti-
gate risks by taking proactive measures, such as reallocating fungicide stocks to contain
wheat rust outbreaks in Ethiopia and harvesting crops early to prevent weather damage
in Zimbabwe [17, 18].

Anticipatory action can translate early warnings into concrete humanitarian
impact. Early warnings alone rarely suffice to prevent humanitarian or economic crises
[19]. While a drought forecast may provide critical lead time for decision-makers to plan
their response, acting on it effectively requires more than just awareness. It demands a

structured response.

This is the premise of anticipatory action, an emerging field that seeks to turn early
warnings into concrete, preemptive measures. Instead of waiting for a crisis to un-
fold and reacting after the fact, policymakers and aid organizations use forecasts to
issue cash transfers before droughts take hold, distribute drought-resistant seeds, or
advise farmers to harvest early [20]|. This approach, championed by institutions such
as the United Nations and the Red Cross, shifts disaster management from reaction to

preemption, ensuring that interventions are deployed where they can do the most good.

Anticipatory action has been used in diverse settings, from protecting livestock and
boosting milk production in Kenya and Sudan [21, 22|, to distributing drought-resistant
seeds and irrigation equipment in the Philippines and Madagascar [23, 24|, to mitigating
extreme cold impacts on herders in Mongolia [25]. In Afghanistan, cash and livestock
support improved household food security [23], while in flood-prone areas, such as
Bangladesh, simple interventions like waterproof storage drums helped families protect

critical supplies [23].

Anticipatory action is still in its infancy, with critical gaps that must be
addressed for meaningful impact as it scales up. In 2022, governments and in-
ternational organizations allocated about $390.6 billion for international development

financing, covering everything from economic growth initiatives to disaster response
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[26]. Within this, $277.1 billion went towards official development assistance (ODA),
which primarily funds long-term development projects, while $39.2 billion went to hu-

manitarian aid, defined as emergency relief for crises like natural disasters and conflicts.

Focusing on disaster response, total crisis financing, defined as funds used to prevent,
prepare for, and respond to disasters, accounted for about $76 billion [26]. However,

much of this funding is reactive, disbursed after disasters strike.

In contrast, only $0.9 billion was allocated to pre-arranged financing (PAF), which
ensures funds are available in advance, but only released when a disaster occurs. For
instance, an automatic payout triggered by a flood. An even smaller portion, just $148
million in 2023, was allocated to anticipatory action 27|, which goes a step further by
distributing aid ahead of disasters based on forecasts, rather than waiting for them to
happen. In 2023, anticipatory action funds reached approximately 10.9 million people

across 47 countries [27].

Because anticipatory action is still in its early stages, there is a unique opportunity
to shape its development, especially as the United Nations and other global bodies
call for more proactive humanitarian responses. In 2014, the UN General Assembly
urged “a shift towards an anticipatory approach to humanitarian crises,” and the Sendai
Framework for Disaster Risk Reduction 2015-2030, guided by the UN Office for Disaster
Risk Reduction (UNDRR), encourages states to invest in anticipatory methods [28].

1.2.2 Gaps in early warning and anticipatory action

Realizing the promise of anticipatory action will require revamping early warning sys-
tems by improving forecast accuracy, timeliness, and data quality, as well as designing
targeted approaches to allocating aid that genuinely reach those most in need. My
review of the literature revealed two overarching challenges that must be addressed to

maximize the impact of anticipatory action [29].

First, many early warning systems are not actionable, which limits their ability
to reliably inform anticipatory action. This is due to several factors such as inaccuracy,

bias, and a lack of impact-based predictions.

Early warnings are often inaccurate and biased [3]. One study found in much of the
tropics, weather forecasts have relatively poor skill in forecasting extreme temperature
and rainfall events [30], especially over longer lead times [31]. Another study found
that, between 2009 and 2020, the widely used Famine Early Warning Systems Network
(FEWS NET) for 25 African countries achieved around 84% accuracy, and unantici-
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pated weather shocks further hampered its projections [32]. Furthermore, in Ethiopia,
warnings proved more reliable in western regions than in the more food-insecure north-
east, likely due to insufficient information. Similar issues appear in Europe: an analysis
of nearly 20,000 production forecasts showed that forecasts systematically underesti-
mated production for wheat, rapeseed, and sugar beet [5]. Such regional or crop-specific
discrepancies in accuracy risk triggering unfair or misplaced humanitarian responses,
while repeated false alarms can create a “cry-wolf effect,” eroding trust and impeding

timely action during genuine crises [33, 34].

Many early warning systems are not impact-based, meaning that they predict the
weather without showing who will be hit hardest [35]. This can leave governments
and aid agencies unsure where to act. As a United Nations manual highlights, effective
warnings must move from stating what the weather will be (e.g., “drought is coming”) to
what it will do (e.g., “30% of crops will fail”) [36]. If a drought alert treats a commercial
farm with deep wells the same as a smallholder reliant on rainfall, even though the for-
mer can withstand weeks of dryness while the latter faces total crop failure, anticipatory
action may be misallocated. Impact-based forecasting fixes this by replacing generic
hazard maps with vulnerability maps, which helps aid organizations understand where
aid is needed most [37]. For agricultural early warning systems specifically, an impor-
tant gap is crop yield forecasting, which converts weather data into expected impacts

on crops [16, 38|, helping to anticipate food production risks or losses of livelihood.

Second, anticipatory action frameworks’ capacity to protect the most vul-
nerable is undermined by two design flaws: weak targeting of vulnerable groups

and poor integration with early warning systems.

Effective targeting of vulnerable populations remains difficult in practice. In most an-
ticipatory action schemes, blanket aid distribution remains common, meaning that the
same level of support is given to everyone despite differences in vulnerability. For ex-
ample, in a drought-hit district with 10,000 farmers and a $10 million budget, each
farmer might receive $1,000, even though a small-scale farmer reliant on rainfall faces a
far higher risk of losing the entire crop than an irrigated farmer using drought-resistant
seeds. A more structured plan could allocate $2,000 to those at greatest risk, $1,000 to
farmers with moderate risk, and $500 to those better prepared, all while staying within
the same $10 million budget. The need to target anticipatory aid more effectively has
been articulated by the United Nations: “simply acting early does not guarantee that
all benefit equally from anticipatory actions,” so “humanitarian actors need to actively
strive to be inclusive in all their efforts” [39]. Without it, already finite resources risk

being misdirected, arriving too soon, too late, or going to the wrong people, undermin-
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ing both trust and impact [40, 41]. Designing well-targeted aid allocation strategies is
critical in a world where humanitarian budgets are already constrained [9]. For instance,

funding gaps in humanitarian aid reached $32 billion in 2023 [42].

Moreover, due to its relative novelty, anticipatory action programs remain disconnected
from early warning systems. Forecasts for disasters like Cyclone Nargis (2008), the So-
malia famine (2011), and the 2021 floods in Germany were all in place, yet catastrophic
losses occurred due to breakdowns in communication, coordination, or institutional
readiness [43]. Simply possessing a forecast is not enough; rather than asking, “What
forecasts do we have?”” a more fitting question is, “What decisions need to be made,
and what forecast information is required to support them?” [19]. As the Centre for
Disaster Protection emphasizes, anticipatory action must be fully integrated into early
warning systems rather than functioning as a separate add-on [44]. Without this shift,

early warnings will remain passive alerts rather than the catalysts for decisive action.

1.2.3 Research questions and case study region

My review of the literature clarified the key challenges outlined above and informed the

research questions that this thesis addresses [29]. The overarching research question is:

RQ: How can early warning systems and anticipatory action be designed to max-

imize the impact of aid delivered to vulnerable agricultural communities?

This broad question is further divided into two subsidiary research questions, empha-
sizing the thesis’ focus on computational and data-driven approaches to designing early

warning systems and decision-making structures for anticipatory action:

e B

SQ1: How can early warning systems deliver scalable, impact-based forecasts that
anticipate crop production shocks?
SQ2: How can early warning forecasts power computationally optimized aid allo-

cation decisions to maximize the effectiveness of anticipatory action?

India serves as the empirical case study through which these research questions are
operationalized. While the analytical framework developed in this thesis is intended
to be broadly applicable, India offers a particularly instructive context for anticipatory
action, given its scale, climatic volatility, and the centrality of agriculture to rural

livelihoods.

Over half of India’s land area is devoted to agriculture, and approximately 70% of rural
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households rely on farming as their primary source of income [45, 46]. Much of this
agriculture is rainfed, leaving production highly exposed to climate shocks that are

projected to intensify in coming decades [47].

Despite productivity gains since the 1950s, driven by expanded use of fertilizers, ir-
rigation, and improved seeds, extreme weather still causes sharp fluctuations in the
yields of key crops such as rice, wheat, and maize [48]. One study of 58 years of yield
data (1961-2017) across seven major crops (e.g., rice, pulses, wheat) found rainfall
and extreme temperatures to be major drivers of yield variability [49]. More recently,
record-breaking heat in March 2022 scorched wheat fields, cutting yields by up to 15%

and prompting India to ban wheat exports for domestic food security [50, 51].

Climate models suggest that India will face more frequent extreme precipitation events
and hotter, drier summers, creating further risks for its food systems [52, 53, 48]. Such
extremes can slash household incomes by 25-60%, trigger conflicts over water, and force
families to withdraw children from school or migrate in search of relief [54, 55, 56].
Although early warning systems have been highlighted as crucial for building resilience
[57], current systems in India still struggle with limited impact-based forecasting, poor
communication of alerts, and a lack of localized response plans [58, 59]. Strengthening
these systems is vital for paving the way toward more robust anticipatory action, helping
ensure timely, targeted interventions that protect vulnerable farmers before disasters

escalate.

1.3 Thesis structure and contributions

This integrated thesis is organized around four research papers that I led as first author,
in collaboration with international experts in agricultural early warning systems, antici-
patory action, and disaster risk management. Each paper addresses a distinct aspect of
the research question and contributes to the broader goal of integrating early warning

systems and anticipatory action to maximize resilience in agricultural communities:

Core Paper I (Chapter 2): “Towards optimal anticipatory action: maximizing the
effectiveness of agricultural early warning systems with operations research”
(Published in the International Journal of Disaster Risk Reduction).

What it does: This “background” paper provides both the foundational context for
this thesis and the central research question by introducing early warning systems and
anticipatory action, and discussing their role in mitigating climate shocks in farming

communities. The paper makes a case not only for integration between early warnings
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and anticipatory action, but also for major advancements in the computational under-
pinnings of forecasting and decision-making to pave the way for proactive, data-driven

resilience in agricultural systems.

Why it matters: This study pinpoints the broader disconnect between having a haz-
ard forecast (e.g., for droughts or floods) and using that information to effectively
protect agricultural livelihoods. It demonstrates how to move beyond “blanket” aid
distributions, where each farmer gets the same payout regardless of risk, and adopt a
more nuanced approach that matches higher payouts to those facing greater vulnera-
bilities (e.g., rain-fed smallholders), while minimizing waste in regions better equipped
to withstand shocks. For farmers, that translates into more timely, targeted relief
when forecasts indicate trouble ahead; for aid agencies, it offers a transparent, data-
driven way to explain who gets how much aid, and why; for funding organizations, it
provides greater confidence that every dollar spent tangibly boosts climate resilience.
Additionally, the paper clarifies opportunities for developers of early warning systems
and anticipatory action protocols to refocus future research and development efforts,

ensuring that improved forecasting actually leads to more targeted interventions.

Core Paper II (Chapter 3): “Modern computational approaches for rice yield pre-
diction: a systematic review of statistical and machine learning-based methods”

(Published in Computers & FElectronics in Agriculture—April 2025 issue).

What it does: This paper systematically surveys 156 studies on statistical and machine
learning-based approaches for crop yield forecasting. It not only highlights which tech-
niques and datasets are typically used at different scales (field-level vs. region-level
predictions) but also exposes critical stumbling blocks like limited ground-truth data,
inconsistent approaches for model validation, and difficulty generalizing across diverse
regions and cultivars. By clarifying these data and algorithmic gaps, the review offers
a practical foundation for effective design of yield-focused forecasting systems that can

integrate into agricultural early warning systems.

Why it matters: By documenting the chief stumbling blocks in rice yield forecasting,
from inadequate ground-truth data to limitations of certain algorithms, this review
points the way toward more powerful yield forecasting approaches that work as part of
real-world, operational solutions. Better forecasting systems mean agricultural produc-
ers receive earlier, more accurate warnings about potential crop losses, and governments
can mobilize resources in a more targeted and timely manner. The review also guides
research and development toward scalable approaches, rather than one-off proofs of

concept. Ultimately, bridging these gaps can elevate yield forecasting into a core com-
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ponent of agricultural early warning systems.

Core Paper IIT (Chapter 4): “Feasibility of Machine Learning-Based Rice Yield
Prediction in India at the District Level Using Climate Reanalysis and Satellite Data”
(Published in Agricultural Systems—October 2024 issue).

What it does: Building on insights from the systematic review, this study implements
a fully programmatic, end-to-end workflow to forecast district-level rice yields in India
using climate reanalysis data (e.g., ERA5) and satellite imagery (e.g., NASA MODIS).
By automating data ingestion, preprocessing, and validation within a single pipeline, it
demonstrates that subnational yield predictions can be generated at scale without rely-
ing on commercial or proprietary tools. Machine learning models are trained on these
openly available datasets, and an interactive visualization tool reveals where forecasts
tend to over- or underestimate yields to highlight any potential regional patterns of
bias. The paper provides a reference architecture for integrating large-scale geospatial

data and machine learning models into production-grade early warning systems.

Why it matters: By harnessing freely available climate and satellite data, this paper
complements more generic hazard alerts (e.g., “drought on the way”) with location-
focused yield forecasts (e.g., “rice shortfall likely in District X”). Yield prediction is
often a missing piece in early warning systems, and filling that gap can guide aid agen-
cies toward areas at the highest risk of crop losses. In addition, because all tools used
are open source, the work offers a practical starting point for research and development
teams looking to refine and scale similar yield-forecasting approaches in real-world an-

ticipatory action settings.

Core Paper IV (Chapter 5): “Planning ahead: optimizing early warning-driven
anticipatory action cash transfers via an open-source web application”
(Submitted to the International Journal of Disaster Risk Reduction; currently under

revision to address reviewer comments prior to resubmission,).

What it does: This paper applies mathematical optimization (e.g., linear programming)
to determine not just how much cash assistance to allocate, but also where and when to
release it in phased tranches. A central feature is a user-friendly, web-based tool that
lets practitioners or policymakers easily compare different allocation scenarios without
needing to write code. Built on open-source optimization and visualization libraries,
this system demonstrates how inputs from early warning models can be translated
into a transparent, spatially explicit plan of who gets aid, in what amount, and at

which stage. Additionally, a simulation-based approach is used to test our optimization

10
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1. Introduction

strategy against a simpler, population-based “blanket” method, allowing us to pinpoint

when and where the optimized plan consistently improves outcomes.

Why it matters: Accurate hazard forecasts alone won’t prevent wasteful or poorly
timed disbursements. Even with the right early warning, if distributions are ad hoc or
“one-size-fits-all,” limited budgets can still be squandered. By systematically balancing
vulnerability scores, budget constraints, and equity criteria, the proposed tool helps
ensure resources flow to the farmers or districts most at risk, and at moments when it can
do the most good. In so doing, it supports more credible, impact-oriented anticipatory
action, giving aid agencies a practical way to justify decisions, and creating a clearer

path from forecast to meaningful, targeted interventions.

Discussion and Conclusions (Chapter 6): Integrates the thesis findings across
forecasting and optimization, assesses methodological and institutional constraints, and
reflects on the implications for institutionalizing anticipatory, decision-oriented early

warning systems.

Together, these papers offer a structured foundation for better integrating early warning
systems with anticipatory action in agriculture, while also strengthening the algorithms
that underpin both forecasting and structured decision-making. The methodologies and
tools developed are designed for practical implementation, and the overall framework
is adaptable beyond India’s rice sector, potentially supporting more data-driven, risk-

informed disaster preparedness initiatives in diverse agricultural contexts worldwide.

1.4 Engagement with academic experts

This thesis benefited from the expert review and insights of leading researchers across
multiple disciplines. They co-authored papers and provided feedback on key method-
ological components. Jonas Jagermeyer (NASA Goddard Institute for Space Studies
and Columbia University) and Marijn van der Velde (Joint Research Centre of the Eu-
ropean Commission) reviewed sections on agricultural monitoring using satellite and
climate data. Jim Hall (Professor of Climate and Environmental Risk, University of
Oxford), Marc van Homberg (Scientific Lead of the 510 Netherlands Red Cross and Pro-
fessor, University of Twente) and Marleen de Ruiter (Assistant Professor of Disaster
Risk Management, Vrije Universiteit Amsterdam) contributed expertise in disaster risk
monitoring and climate risk. Sagar Surendra Deshmukh (Assistant Professor of Agri-
cultural and Rural Technology, IIT Guwahati) contributed expertise on agricultural

challenges in India. The optimization components of this work benefited from feedback
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Table 1.1: Summary of research papers that form the integrated thesis

RQ: How can early warning systems and anticipatory action be integrated to maximize resilience in

vulnerable agricultural communities?

Paper 1 Paper 11 Paper III Paper IV
Title Towards optimal Modern Feasibility of Planning ahead:
anticipatory action: computational Machine optimizing early
maximizing the approaches for rice Learning-Based Rice  warning-driven
effectiveness of yield prediction: a Yield Prediction in anticipatory action
agricultural early systematic review of  India at the District cash transfers via an
warning systems statistical and Level Using Climate open-source web
with operations machine Reanalysis and application
research learning-based Satellite Data
methods
Research RQ: How can early SQ1: How can early SQ1: How can early SQ2: How can
ques- warning systems and ~ warning systems warning systems enhanced early
tions anticipatory action deliver scalable, deliver scalable, warning forecasts
ad- be designed to impact-based impact-based power
dressed maximize the impact forecasts that forecasts that computationally
of aid delivered to anticipate crop anticipate crop optimized aid
vulnerable production shocks? production shocks? allocation decisions
agricultural to maximize the
communities? effectiveness of
anticipatory action?
Methods Literature review Systematic review Machine learning Mathematical
Comparative model development optimization (linear
analysis of Climate and satellite  programming)
forecasting data analysis Simulation of cash
techniques Model transfer strategies
interpretability and Web-based
bias detection decision-support tool
Relevance Bridges hazard Reveals key data Implements Uses data-driven
forecasts and and algorithmic gaps  district-level yield optimization to
structured in yield forecasting predictions using allocate resources
decision-making for for early warning open data and ML efficiently based on
more effective systems for large-scale early improved forecasts
anticipatory action warning adoption
Publicat. Published: Published: Published: Published:
status International Computers € Agricultural Systems,  International

Journal of Disaster
Risk Reduction,
March 2025

Electronics in
Agriculture, April
2025

October 2024

Journal of Disaster
Risk Reduction,
September 2026
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1. Introduction

from Burcu Balgik (Professor of Humanitarian Relief Chains, Ozyegin University) and
Lily Xu (Postdoctoral Researcher, University of Oxford; Incoming Assistant Professor

of Industrial Engineering and Operations Research, Columbia University).

1.5 Insights from professional work

Throughout my part-time DPhil, I have also served as a Director of Data Science
at McKinsey & Company, where I was part of ACRE, a specialized group focused
on leveraging artificial intelligence to address agricultural challenges. This position
offered a unique vantage point on problems that cut across global agricultural systems.
In addition, I gained access to cutting-edge datasets spanning agriculture, climate,
and earth observation, as well as hands-on experience deploying predictive models and

optimization algorithms at scale across food systems.

My work at McKinsey included predicting disease pressure on rice in China, building
digital twins of sugarcane farming operations in India, estimating field-level weekly
blueberry production and quality in Peru, evaluating food security monitoring sys-
tems in East Africa, forecasting sugar beet supply in the United Kingdom, estimating
wheat production in France, monitoring rice production in the Philippines, modeling
micronutrients in the world’s soils, and forecasting citrus production in Brazil (Figure
1.2). It also included structuring investments into the Saudi Arabian food production
systems and optimizing the flow of crops from farm to processing mills in various con-
texts. Visiting agricultural production sites across Peru, India, the United Kingdom,
Saudi Arabia, and elsewhere, I gained first-hand insight into the priorities of farmers,
government officials, investors, and humanitarian practitioners, all of whom shape the

complex ecosystem in which data-driven agricultural innovations must operate.

A common theme across these projects was the disconnect between forecasting and
decision-making. Even in highly commercialized agricultural settings, stakeholders of-
ten had access to good forecasts, such as next week’s crop yield and quality, but subse-
quent decisions, like where to export given prevailing market prices and logistics costs,
were still made using simple heuristics or gut-feel rules. In cases where mathematical
optimization was introduced, significant increases in value were observed. However, op-
timization remains underutilized in agriculture compared to industries like aerospace,
e-commerce, semiconductors, or automobile manufacturing, where it is more deeply

embedded in decision-making processes.

These experiences reinforced two central pillars of this thesis. First, they underscored

the importance of good forecasting techniques as the backbone of effective agricultural
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1. Introduction

Figure 1.2: Examples of agricultural production sites visited during my professional
career, such as blueberry farms in Peru (left) and rice paddy fields in India (right).

monitoring systems, particularly in anticipating shocks such as droughts or disease
outbreaks. Second, they highlighted the need for structured decision frameworks to
translate these forecasts into timely, targeted interventions (in both private and public

sector contexts), aligning closely with the thesis’ focus on anticipatory action.

1.6 Concluding thoughts

This thesis demonstrates how coupling impact-oriented forecasting with computation-
ally optimized anticipatory action can transform limited humanitarian resources into
more precise and timely interventions for those most at risk. By linking forecasts di-
rectly to decisions, it offers scalable methods that strengthen early warning systems

and improve the targeting of aid.

No single framework can deliver flawless early warnings or perfect anticipatory action.
Challenges remain, from engineering global-scale monitoring systems to coordinating
stakeholders. Yet by addressing key methodological gaps and providing practical tools,
this thesis lays the groundwork for more decisive, data-driven responses to agricultural

crises, complementing broader efforts in disaster risk reduction and climate resilience.

14



2 Towards optimal anticipatory action:
maximizing the effectiveness of agricultural
early warning systems with operations

research

A version of this chapter is published online in the International Journal of Disaster
Risk Reduction (March 2025 issue).

Abstract

Agricultural communities worldwide face escalating climate-induced hazards, including droughts,
floods, and extreme temperatures. Early warning systems have emerged as a key defense, pro-
viding forecasts that trigger anticipatory action, such as cash transfers or distributing drought-
tolerant seeds, before a crisis materializes. However, these interventions often rely on static
thresholds and blanket aid allocation strategies, limiting their overall effectiveness. This paper
shows how operations research and data-driven optimization can refine resource allocation by
accounting for varying vulnerabilities, budgets, and logistics. We first review agricultural risks
and the evolving role of early warning systems and anticipatory action. We then introduce key
optimization methods (e.g., linear programming, stochastic models) and illustrate their poten-
tial benefits with regard to more targeted aid funding. We conclude with research directions
that set the stage for subsequent chapters, which delve deeper into designing impact-based
algorithms for agricultural early warning systems, and integrating these methods into decision

frameworks that enable equitable, targeted anticipatory action.
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2. Towards optimal anticipatory action

2.1 Introduction

In agricultural regions around the world, communities increasingly face climate-related
crises such as droughts, floods, and erratic temperature shifts [60, 61, 62]. Anticipatory
action, which is a type of preemptive intervention informed by early warnings, such
as distributing cash transfers to farmers ahead of a predicted drought, has been used
to reduce the impacts of these crises by enabling preparedness before disasters strike.
From drought in East Africa to Mongolia’s severe winter “dzud,” this proactive approach
to disaster management has gained popularity across international organizations and
governments, offering lower cost and greater efficiency over the reactive approach of

addressing damages and losses after they have already occurred.

Yet translating early warnings into effective anticipatory action remains challenging. A
game developed by the Red Cross Red Crescent Climate Centre simulates this complex-
ity: participants, acting as either farmers or donors, allocate limited resources across
flood and drought scenarios, balancing immediate risks with resource constraints to
safeguard lives and livelihoods [63]. Many different real-world scenarios involve similar
decisions: should funds go toward cash subsidies, early harvest advisories, or micro-
irrigation tools? Effective action depends on the ability to allocate scarce resources

across regions with widely varying needs.

The reality of anticipatory action often involves difficult trade-offs under time pressure
and uncertainty. Resources are finite, and decisions about where to direct aid, how
much to allocate, and when to act are complex [20]. Currently, many response plans
depend on pre-defined thresholds or simplified heuristics to guide decisions, which can
overlook nuanced needs across different areas or population groups. For example, one
study of anticipatory action concluded that there remain significant deficiencies in “un-
derstanding the optimal balance between in-kind /service delivery and cash assistance”
and “determining the frequency and amount of distributions” [64]. As anticipatory
action scales up and becomes more widespread, minimizing subjective judgment in
resource allocation can help create systems that are more just, adaptive to evolving

conditions, and scalable.

Despite its increasing popularity, anticipatory action remains constrained by limited
funding and the complexity of coordinating diverse stakeholders. In 2023, only $148
million, representing less than 1% of the $70 billion in global disaster financing, was
allocated to anticipatory action, supporting just 10.9 million people across 47 countries
[65, 66]. Even with efforts from 125 organizations, NGOs, and local partners, respon-

ders face persistent difficulties in aligning resources with needs, addressing contingent
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Humanitarian
needs

Impact reduction from
anticipatory action

Further potential impact reduction
from optimized anticipatory action

Anticipatory
action

Early warning Humanitarian Shock/event
trigger aid provided occurs

Time

Figure 2.1: Comparative humanitarian needs over time under different response ap-
proaches. The red curve represents traditional reactive responses, the blue curve rep-
resents anticipatory action based on early warnings, and the green curve illustrates the
potential for further impact reduction through optimized anticipatory action.

liabilities, and adapting interventions to regional disparities. Achieving greater impact
will require more precise and equitable methods to allocate scarce resources under these

constraints.

In this article, we discuss how mathematical optimization can improve the effectiveness
of agricultural anticipatory action, as illustrated in 2.1. We begin by examining the
current state of early warning systems, followed by an exploration of how optimization
methods have been applied in other fields and the potential of these methods to im-
prove anticipatory action. We then outline directions for future research: enhancing
early warning systems, integrating them with optimization frameworks, and applying
optimization to improve the effectiveness of anticipatory action in the humanitarian

sector.

While the goal of this paper is not to present optimization as a panacea, we aim to
highlight a useful tool that anticipatory action practitioners should consider adding to
their toolkit. The practical application of optimization is already gaining momentum
in the humanitarian sector. The World Food Programme’s “Optimus” system demon-
strates how optimization methods can save millions in donor funding by identifying the
most cost-effective strategies for food distribution [67]. Through an online decision-
support tool, Optimus integrates data on population needs, transport routes, and local
market conditions to optimize food basket design, sourcing, and delivery networks, al-
lowing WFP to reach more people at lower costs. Used in over 44 operations, Optimus
has saved more than $50 million to date by improving efficiencies and enabling quick,

evidence-based decisions, such as sourcing locally to cut lead times in Madagascar and
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diversifying food baskets in Ethiopia to respond to supply chain disruptions [68|. This
success underscores optimization’s potential to enhance anticipatory action, including
in agricultural contexts such as preemptively disbursing aid to farmers affected by haz-

ards like drought or flood, ensuring timely support and minimizing losses.

2.2 Failure to plan for weather shocks has a cost

Extreme weather events such as floods and windstorms, alongside cascading phenomena
like agricultural droughts or locust outbreaks, inflict diverse material and non-material
losses on farming communities. These range from direct economic costs, such as de-
stroyed crops and lost income, to indirect damages like food price inflation and long-
term degradation of soil quality. Non-economic effects, including mental health crises
and reduced social cohesion, further compound the challenges faced by vulnerable popu-
lations. While not all these consequences can be mitigated through anticipatory action,
understanding the breadth and complexity of these impacts is essential for designing
effective interventions. Coordinated, equitable resource allocation requires recognizing
how these losses differ significantly depending on regional conditions, hazard types, and
the socio-economic fabric of the affected areas, as these factors shape both the need for

preemptive measures and the feasibility of response strategies.

2.2.1 Effects on agricultural yields and economies

In 2020, billions of locusts descended on parts of East Africa, decimating cropland with
the worst swarms in decades [69]. Locust swarms, which can contain up to 80 million
locust adults per square kilometer, consume the same amount of food in a day as 35,000
people [70]. The livelihoods of nineteen million farmers and herders across Ethiopia,
Kenya, and Somalia were severely affected as a result [71]. The colossal swarms that hit
these countries were two years in the making, as major storms inundated a remote area
of Saudi Arabia in 2018, leading to an 8,000-fold surge in the desert locust population.
Strong winds subsequently drove the insects into East Africa in mid-2019, where wet

weather further bolstered their numbers.

Disruptions to agriculture caused by extreme weather events are not limited to East
Africa, as countries around the world have seen major shocks to agricultural supply
due to heavy rains and extreme temperatures. Vegetable prices in China’s Shandong
province doubled in 2021 as unusually heavy rains drenched northern swathes of China
in September, causing vegetables to lie ‘dead in the ground’ [72]|. British sugar beet
farmers lost 45 million pounds in 2020, as sugar beet yields decreased by 61% due to
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exceptional weather conditions, including the driest May since 1868 and the wettest
February since 1914 [73]. The windstorms in the United States in 2020, which tore
across the U.S. Corn Belt at speeds upwards of 100 miles per hour, left millions of
acres of corn and soybean fields destroyed, grain bins pummeled, and buildings leveled,
plunging many farmers in the region into economic uncertainty [74]. In Tamil Nadu,
India, there were 67 extreme weather days in 2024, nearly double the 27 days reported
in 2023. This led to the loss of 1,039 hectares of crops, significantly impacting farmers’
livelihoods [75].

These events illustrate some of the challenges faced by global agricultural producers.
There will be 10 billion people on Earth by 2050, or around 2 billion more people than
there are today |76]. This will test the global agricultural system and the farmers who
supply that system. Research has warned that agricultural production worldwide will
face challenges in meeting global demand for food and fiber [77, 78|, with food de-
mand estimated to increase by more than 70% by 2050 [79]. Such challenges include
climate-related pressures and extreme weather, biotic threats such as pests and diseases,
decreasing marginal productivity gains, soil degradation, water shortages, nutrient de-
ficiencies, urban population growth, rising incomes, and changing dietary preferences
[80, 81, 82].

Extreme weather events, like those mentioned above, often dominate newsfeeds, under-
scoring the broader variability and unpredictability that research has shown to impact
global agriculture. One study showed that climate variation accounts for roughly a third
(32-39%) of observed variability in crop yields [83]. Another study found that growing
season climate factors explain 20-49% of the variance of global yield anomalies, depend-
ing on the crop type [84]. Moreover, recent research has shown that climatic hazards
such as drought, extreme precipitation, and extreme temperature events exceeding his-
torical ranges are expected to become more common globally [85]. Increasingly severe
drought conditions could reduce economic output in the agriculture sector by 10% in
the absence of climate mitigation efforts [86]. Other regions where research has demon-
strated an increasing vulnerability to drought risk include South America, East Africa,
China’s Pearl River Basin, northern India, and Australia [87, 88, 89, 90].

Climate-induced destruction of crops has significant economic costs. For example, the
United States Federal Crop Insurance Program, which is a federally subsidized program
that pays farmers when their crop yields or revenues decrease, has paid out $143.5 billion
in federal crop insurance payments to farmers from 1995 through 2020, with two-thirds
of that amount paid out for crop damage from drought, excess moisture, hail, heat,

excess wind, and cold weather exacerbated by climatic change [91]. Moreover, analyses
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of climate model simulations provide high confidence that anthropogenic climate forcing
has increased U.S. crop insurance losses, with temperature trends alone in the U.S.
contributing $27 billion of the national-level crop insurance losses over the 1991-2017
period [92]. Global insurer Munich Re has estimated that the worldwide economic
cost of natural disasters from extreme weather increased from $25 billion per year
during the 1980s to $175 billion in 2016 [93]. Globally, three-quarters of harvested
areas (454 million hectares) between 1983 and 2009 experienced drought-induced yield
losses, translating to crop production losses of $166 billion. Globally averaged, a single

drought event decreases agricultural gross domestic production by 0.8% [94].

2.2.2 The human cost of climate extremes

Farming is hard work: debt, loneliness, long days, and stress [95]. Consider for example
the economic lives of the two billion people who live in about 475 million small farm
households on farming plots of land smaller than two hectares [96]. Many are poor,
food insecure, and have constrained access to markets and services. They operate their
farms as business owners, providing an estimated 80% of the food produced in Asia and
sub-Saharan Africa [97], and raise capital from multiple sources to invest in productive
assets, such as a bicycle, spade, or bag of seeds. They take decisions which might lead

to financial gain or financial hardship.

And to produce food, smallholder farmers must grapple with numerous decisions: what
to plant; when to plough, seed, and harvest; which fertilizers and crop protection prod-
ucts to use and when; how much of the harvest to retain for household consumption
and how much to sell on the market to raise funds; and how much of the harvest to keep
in storage. Smallholder farmers make such decisions in economic environments where
markets function sub-optimally, and they are exposed to risks such as weather shocks,
geopolitical risk, and price fluctuations. Ultimately, the decisions that smallholders
make under such uncertainty have tangible implications for their livelihoods, such as

their ability to invest in themselves and their children [98].

Given the challenging conditions in which farmers operate, it may come as no surprise
that researchers have identified farming as a particularly stressful occupation associated
with a number of occupational and mental health risks [99, 100, 101, 102|, and that
farmers have been found to have worse mental health issues than the general population
[103]. Studies on mental health in agricultural communities around the world in the last
40 years have revealed numerous mental health risk factors, such as financial hardship
[104], bad weather [105], government policy [106], lack of control over market condi-
tions [107|, paperwork [108|, financial struggles [109], pesticide exposure [110], limited
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social mobility [111], anti-immigrant discourse [112], increased workload at peak times
[113], poor housing conditions [114], exposure to loud machinery [115], isolation and
lack of social support [116, 117|, drought [118|, water scarcity [119], concerns about
children [120], rural-urban schisms [121], substance abuse [122], time pressure [123],
farming bureaucracy [124|, marital problems [125], crowded living conditions [126], and
occupational injury [117]. Such mental health struggles have also been found to be
linked to suicide risk in farming populations [127, 128, 129, 130, 131, 132, 133, 134],
and research has shown that farmers face significant barriers to help-seeking behaviour

[135, 136, 137, 133].

Compounding the litany of day-to-day stressors that farmers face, they must also con-
tend with increasingly erratic weather patterns induced by climate change and the
effect on their livelihoods. One study noted that in developing nations, farmers’ con-
stant exposure to weather extremes is a significant factor in the low productivity of
agriculture, the slow pace of economic development, and persistent poverty [139]. More
specifically, studies have shown that extreme climate events have led to: declines in
up to 50% in household income from tea sales for Chinese tea farmers [140]; increased
anxiety due to perceived impacts on profitability of farming operations for farmers in
the United States [141]; heightened worries about the weather, undermined ideas of
self-identity, and greater perceived risk of depression and suicide for farmers in Aus-
tralia [142]; decreased crop yields and reduced income for smallholder farmers in six
Central American regions [143]; greater mental stress due to crop loss, income loss, inef-
fective disaster management, destruction of infrastructure and homesteads, and limited
capacity to deal with shocks [144]; crop and income losses for Malagasy farmers [145];
low crop yields and high crop failure in South Africa [146]; recurring crop failures from
typhoons, flooding, and dry spells, hampering the smallholders’ farming economy in the
Philippines [147]; and increased financial losses between 2000 and 2020 for Dutch farm-
ers [148]. In India, climate shocks have affected 23.2 million hectares of crops between
2019 and 2023, with 87% of districts vulnerable to drought. This has forced many rural
households to sell livestock at distress prices and shift to casual labor, exacerbating

their economic instability [12].

2.3 Agricultural early warning systems and anticipa-

tory action

Early warning systems and anticipatory action are fundamentally interconnected, with

the former acting as the foundation for the latter by providing advance notice of poten-
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tial hazards that enables timely interventions. Early warning systems monitor and fore-
cast risks such as droughts, floods, or locust outbreaks, offering the information needed
to activate targeted measures before disasters occur. For example, a drought forecast
can trigger the preemptive distribution of drought-tolerant seeds or the scheduling of
cash transfers to protect vulnerable households. Effective anticipatory action relies on
this connection, as it transforms early warnings into actionable steps that reduce the
impact of hazards. In this section, we explore how existing agricultural early warning
systems function and the types of anticipatory actions they facilitate, highlighting their

critical role in mitigating weather-induced shocks to agricultural systems.

2.3.1 Early warning systems are a cost-effective means to mit-

igate climate risk

Given the large economic and human cost of climate-induced pressure on agricultural
production systems, understanding, responding to, and mitigating the impact of ex-
treme climate events is important for a wide range of stakeholders in the global food
system, including farmers in both advanced and less advanced economies [149]. Accord-
ing to the Global Commission on Adaptation, there are several methods that can help
agricultural communities become more resilient to the effects of climate change. These
include making new infrastructure more resilient, improving dryland agriculture crop
production, making water resource management more robust, and crop diversification.
An example of the latter includes intercropping in Pakistan and Bangladesh, where
farmers grow more than one crop in the same field to minimize risks associated with
yield and income loss [150]. In Northern China and Nepal, farmers have adopted more

resilient crop varieties such as cotton and coarse cereals [151, 152].

To increase farmers’ resilience to climate shocks, a range of strategies, such as those
mentioned above, must be deployed. However, evidence shows that investing in early
warning systems (EWSs), which provide advance notice of potential hazards or disas-

ters, may offer a high return on investment.

The United Nations Office for Disaster Risk Reduction (UNDRR) defines an early warn-
ing system as “an integrated system of hazard monitoring, forecasting and prediction,
disaster risk assessment, communication and preparedness activities systems and pro-
cesses that enables individuals, communities, governments, businesses and others to
take timely action to reduce disaster risks in advance of hazardous events” [153]. Ef-
fective early warning systems should be multi-hazard, designed to detect a variety of

hazards that may occur alone, simultaneously, or in a cascading manner.
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These systems are built upon four critical pillars: (1) Disaster risk knowledge, which in-
volves gathering and assessing disaster risk information; (2) Detection, monitoring, and
forecasting of hazards; (3) Warning dissemination and communication, ensuring timely
and actionable warnings reach at-risk populations; and (4) Preparedness and response
capabilities, empowering individuals and organizations to take necessary actions before
a disaster occurs [154]. These pillars form the foundation of the Early Warnings for All
(EW4All) initiative, which aims to ensure global multi-hazard early warning coverage
by 2027. At COP27 in November 2022, the United Nations announced an Executive
Action Plan which aims to ensure that all people on Earth are protected by early warn-
ing systems in five years, through targeted investments of $3.1 billion between 2023 and
2027 [14].

Early warning systems that focus on agriculture specifically come in many different
forms depending on their scope and focus. Some systems are designed to warn of
specific hazards, such as drought, floods, or locust outbreaks, while others address
multiple hazards simultaneously, reflecting the interconnected risks faced by farming
communities. The “agricultural” aspect of these systems may refer to their target
audience, such as smallholder farmers or large commercial operations, or to the specific
agricultural impacts they monitor, like crop losses or disruptions caused by geopolitical
or environmental factors. For instance, systems like the U.S. Drought Early Warning
System (DEWS) focus on meteorological droughts, while multi-hazard systems, such as
the Famine Early Warning Systems Network (FEWS NET), combine drought, rainfall,
and other factors to assess agricultural impacts. The following examples illustrate the
diversity of these systems, highlighting different approaches to addressing agricultural
risks globally:

e The Food and Agriculture Organization’s (FAO) Global Information and Early
Warning System (GIEWS) was one of the first global sources of information on
food production and food security. GIEWS uses geospatial data to monitor the
world’s food supply and demand conditions and identify weather-related issues

that may impact food security in member countries [16].

e The European Commission’s (EC) Joint Research Centre (JRC) maintains the
MARS Crop Yield Forecasting System (MCYFS), which predicts end-of-season

crop production levels in Europe as the growing season progresses [5].

e In addition to MCYFS, the JRC also maintains the ASAP (Anomaly hot Spots
of Agricultural Production) early warning system which aims to provide timely

information about possible crop production anomalies globally, primarily based
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on drought conditions [155].

e The GEOGLAM Crop Monitor is a tool that provides information on the cur-
rent state and potential future impact of crops in major producing and trading
countries, as well as the agro-climatic factors that may affect production. It is
part of the G20 Agricultural Market Information System (AMIS) and focuses
specifically on wheat, maize, rice, and soybean. The information provided by the
GEOGLAM Crop Monitor is based on multiple sources and is intended to be a

consensus assessment of global crop conditions [156].

e The Somalia Water and Land Information Management (SWALIM) project, es-
tablished by FAO, developed the Combined Drought Index (CDI) to monitor
drought conditions in Somalia. The CDI integrates hydro-meteorological data to
assess drought severity and assist in preemptive response measures across vulner-

able regions [157].

Early warning systems can monitor both slow-onset events, such as droughts, and rapid-
onset crises, such as floods or storms. The lead time associated with each type of hazard

can result in different warning message strategies or anticipatory actions being taken.

Over the years, evidence has emerged that early warning systems are a cost-effective
means of building climate resilience. One study estimates that investments of around $1
billion per year into early warning systems and disaster response systems in developing
countries could deliver benefits ranging from $4 to $36 billion [13]. Another study
shows that preparedness investments have saved an average of $2 in humanitarian
cost for every $1 spent, while other research shows that early warning systems have a
median benefit-to-cost ratio of 5:1 [158]. In Ethiopia, a drought early warning system
that reduces livelihood losses and dependence on assistance has a benefit-cost ratio of
3:1 to 6:1. The benefit-cost ratio of improving national hydrometeorological services in
developing countries is also in the range of 4:1 to 36:1. In line with one of the goals of the
United Nations’ Sendai Framework for Disaster Risk Reduction, increasing investment
in early warning systems would contribute to greater availability and access to disaster
risk information, which is necessary for attaining the sustainable development goals

[159)].
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2.3.2 Early warnings systems in practice: messaging and antic-

ipatory action

The cost-effectiveness of agricultural early warning systems is achieved through two
main avenues: direct farmer communication and support for anticipatory actions by
organizations. Timely, actionable information helps farmers reduce losses by adjusting
harvests, planting schedules, or protecting livestock ahead of adverse weather. Simul-
taneously, these systems enable governments, NGOs, and other agencies to allocate
resources and launch interventions proactively. By triggering early actions like cash
transfers, such systems can prove more effective than delayed, post-disaster aid, which
often arrives too late [160, 161].

Dissemination of early warning messages

Specific examples of the cost-effectiveness of early warning systems have been docu-
mented in farming communities in both lower-income and higher-income nations. Take
for example wheat rust, a disease which spreads via fungal spores dispersed by wind and
has exacerbated severe crop losses in Ethiopia. One study developed an early warning
system which helped policymakers allocate limited stocks of fungicide to combat the
spread of wheat rust during the 2017 and 2018 wheat seasons in Ethiopia. Wheat rust
alerts and agronomic advisories were sent via short messages to 10,000 development
agents and 275,000 smallholder farmers who rely on wheat for economic livelihoods and

subsistence [17].

A different program called the Scaling up Early Warning and Anticipatory Action for
Agriculture and Food Security Project (EWAA) provided early warning messages to
farmers in Zimbabwe to help them take action to protect their crops, livestock, and
assets. For example, one farmer said that she was able to quickly harvest her sorghum
before it was damaged by rain after receiving an SMS alert about the forecasted weather.
Another farmer reported that they decided to delay applying fertilizer when they were
notified through SMS that there would be high temperatures and no rain in the coming
days. Thus, the SMS alert system appears to have had some impact on the short-
term farming practices of the targeted group. In total, 13,790 recipients received early
warning messages through SMS and other formats during the 2021/22 agricultural

season [18].

The United Nations Development Programme (UNDP) and the Government of Sri
Lanka implemented an early warning system that provides agronomic advisories via

WhatsApp and Facebook to Sri Lankan field officers, who in turn circulate alerts to
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farming communities during cultivation planning meetings. Regional radio programmes

and YouTube channels also disseminate the messages [162].

Agricultural communities in Ethiopia and Nicaragua have benefitted from community-
based actions informed by early warnings and forecasts, both before and during the
agricultural season. While extreme events such as drought depressed yields for all
crops, farmers with access to early action advice were more able to mitigate impacts,

organized in accessing relief and recovered more effectively [163].

In some regions, there is also evidence that households are willing to pay for the alerts
from early warning systems. In Nepal’s flood-prone Lower Karnali River Basin, early
warning systems (EWS) have demonstrated significant cost-effectiveness in reducing
flood impacts. A study found that households saved an average of NPR 117,027 (USD
1,083) in movable property, livestock, vehicles, and health costs during floods, with a
benefit-cost ratio of 24 to 73 across different scenarios. Additionally, 98% of respondents
expressed willingness to pay an annual fee of NPR 79 (USD 0.70) to fund community-

managed EWS, sufficient to cover system maintenance and operating costs [164].

Anticipatory action for rapid-onset and slow-onset agricultural disasters

Anticipatory action is defined as “a set of interventions that are carried out when a
hazard poses imminent danger based on a forecast, early warning or pre-disaster risk
analysis” and is taken “before an anticipated disaster to mitigate its impact on people,

assets and infrastructure that are likely to be affected” [20].

Public sector organizations such as the World Food Programme (WFP), the Inter-
national Federation of Red Cross and Red Crescent Societies (IFRC), the Food and
Agriculture Organization (FAQO), and government agencies typically lead efforts in im-
plementing anticipatory action. These actions can range from short-term interventions,
like cash transfers and asset protection, to longer-term measures, such as distribut-
ing drought-resistant seeds or vaccinating livestock. Anticipatory action operates in
the critical window between preparedness and response in the broader disaster risk
management cycle. While preparedness builds general readiness, anticipatory action is
activated by specific forecasts, allowing targeted measures just before a disaster strikes.
This proactive approach reduces the need for expensive post-disaster responses and
strengthens overall disaster response by ensuring communities are better equipped to

face the imminent threat [64].

Anticipatory action is initiated when an early warning or forecast crosses a predefined

threshold (for instance, “release funds to region R if expected drought conditions sur-
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pass threshold T'”). These thresholds are part of an Early Action Protocol (EAP), which
guides the steps taken to protect communities before a disaster strikes. The EAP out-
lines the specific actions to be taken, the roles and responsibilities of each organization
involved, and the financial mechanism that releases the necessary funds once the trig-
ger is activated. For example, the Drought Early Action Protocol (EAP) used by the
Zimbabwe Red Cross is based on forecast and observational data predicting drought
hazards. It ensures that early actions, such as cash transfers or the distribution of

drought-tolerant seeds, are deployed promptly to mitigate the impact of droughts [165].

Anticipatory action can be implemented in response to both rapid-onset and slow-onset
hazards. For rapid-onset disasters, such as floods or cyclones, anticipatory actions are
typically triggered just days or even hours before the event. In contrast, slow-onset
hazards, like droughts or extreme winter conditions, offer longer lead times, sometimes
allowing for interventions months ahead. For slow-onset disasters, phased triggering
mechanisms are often used to align anticipatory actions with forecast lead times. These
mechanisms typically include a soft trigger at the seasonal scale, providing early indica-
tions of potential risks, followed by a hard trigger closer to the event based on short-term
forecasts [166]. For example, subseasonal-to-seasonal (S2S) forecasts can provide initial
warnings months in advance, allowing for preparatory actions like distributing drought-
resistant seeds, while short-term forecasts refine these actions as the hazard approaches.
This phased approach enhances the efficiency and timing of interventions, reducing the
overall impact of slow-onset hazards. The ability to act early in either rapid-onset or

slow-onset scenarios is critical in protecting lives and livelihoods [64].

The Food and Agriculture Organization has compiled a series of case studies where early
warning systems helped trigger anticipatory actions across various regions. For instance,
in Kenya, anticipatory actions protected livestock, resulting in cows producing nearly
an additional liter of milk per day, 80% of which was consumed by households, primarily
benefiting children under 5 [21]. In Sudan, early warnings triggered interventions such
as livestock vaccination and feed distribution, preventing severe losses. Each household
saved on average one animal, avoided significant losses, and benefited from increased
milk production, improving both nutrition and livelihoods during the drought [22].
In Mongolia, early feed distribution ahead of a winter “dzud” (cold wave) reduced
livestock mortality by the equivalent of four cattle per household [25]. Similarly, in the
Philippines, stress-tolerant seeds and micro-irrigation equipment distributed ahead of El
Nino—induced drought allowed families to maintain food production and avoid negative
coping strategies [23]. In Madagascar, the distribution of vegetable seeds and irrigation

equipment increased production sixfold in some cases, significantly reducing crop losses
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[24]. In Afghanistan, cash and livestock interventions during the La Nina-induced
drought significantly increased household food consumption, boosting milk production
[23]. Finally, waterproof drums distributed ahead of floods helped households save
critical goods, with over fifty percent of beneficiaries noting that the drums were used to
save food items with an average market value of about $9 per household [23]. Additional
examples of impact can be found in the World Food Programme’s Anticipatory Action
Year in Focus 2023 report [167].

2.4 Towards “optimal”’ anticipatory action

Anticipatory action is increasingly being recognized as a proactive way to mitigate the
most severe impacts of crises by acting early on forecast information. Yet, effectively
reaching the most vulnerable in a context of finite humanitarian resources remains a
pressing challenge. Research has highlighted challenges related to the risk of blanket
approaches, where aid is distributed broadly rather than strategically targeting those
most in need [168], and in determining the right balance between in-kind and cash
assistance, as well as in fine-tuning the timing and scale of distributions [64]. Put simply,
“anticipatory action models tested to date face challenges in effectively identifying where
and when to act, whom to pay, and how to quickly disseminate effective early warning

messages and deliver cash to widespread geographies before floods hit” [169].

Targeting challenges have been a persistent issue across both anticipatory action pilot
programs and standard humanitarian response efforts worldwide. In Bangladesh, aid
agencies struggled to coordinate targeting strategies in time [170], while in Ethiopia,
ensuring sufficiently granular targeting in drought-affected regions proved difficult [171].
In South Sudan, aid workers faced painful decisions about prioritization amid widespread
need [172], and in Bangladesh, blanket approaches to assistance often left the most vul-

nerable at a disadvantage, particularly among displaced populations [173].

A senior UN OCHA employee highlighted the extreme end of these challenges in the
context of flooding in South Sudan, where limited funding had forced particularly dif-
ficult trade-offs in anticipatory action [172]:

We only have one pot of money to respond to all shocks—climate, conflict,
and so forth. The funding comes in and we are trying to allocate based on
level of needs. There is no easy way to do this, even though we created a
methodology to help prioritise. At the cluster and inter-cluster level, we have
had to reallocate resources from one area to another. We have been clear

from the beginning that we are taking from the very, very vulnerable to give
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to the very, very, very vulnerable.

Efficient allocation of limited humanitarian budgets is essential for equity and impact.
Targeting aid based on risk ensures it reaches those most in need while maximizing
coverage within budget constraints [174]. This is especially crucial as evidence shows
large-scale aid, including World Bank funding, is often misallocated, failing to prior-
itize the most vulnerable even amid budget cuts [175]. At the same time, inclusive

approaches are necessary to ensure marginalized groups are not left behind [169].

Case studies in humanitarian response highlight the effectiveness of better targeting: in
Togo, refined aid allocation strategies during COVID-19 could reduce exclusion errors
by up to 21% [176|, while in Nigeria, optimizing resource distribution could prevent
approximately 84,000 deaths and 15.7 million malaria cases over five years [177]. In
some contexts, severe funding shortages have made transitioning from blanket aid dis-
tribution to targeted assistance not just beneficial, but unavoidable, such as in Syria,
where humanitarian agencies were forced to adopt stricter prioritization measures due

to resource constraints [178|.

As we will show in this section, optimization is an important technique that can help
address gaps in aid targeting by allocating limited resources, such as cash, water, and
seeds, in a way that aligns with the specific needs of affected communities. This ap-
proach makes interventions more targeted and resource-efficient, enhancing timeliness

and impact.

Mathematical optimization models offer a structured approach to these resource allo-
cation challenges, simulating entire systems under constraints like resource availability,
transportation logistics, and regional needs [179]. Such models support the simultane-
ous optimization of factors such as cash disbursement amounts, timing for maximum
impact, prioritization of resources like food or fodder in specific regions, and dynamic
adjustments as conditions evolve. Moreover, embedding early warning system outputs
into impact-oriented optimization models ensures that early warnings directly inform
decisions that minimize humanitarian costs or maximize recipient benefits, as opposed
to just producing alerts. This approach transforms early warning system outputs from

general predictions into valuable inputs to downstream decision models.

2.4.1 Making better decisions with operations research

The need for structured approaches to complex decision problems is the essence of op-
erations research, a field which emerged in the 1940s. Operations research, a discipline

at the intersection of management science, optimization, and decision science, emerged
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as the scientific study of making good decisions in complex systems [180, 181]|. The
term “operations” originally referred to military operations, as the field developed dur-
ing World War II when British scientists like Patrick Blackett and his team pioneered
methods to optimize military logistics, improving tactics by applying scientific princi-
ples to operational problems [181]. Around the same time, in the Soviet Union, Leonid
Kantorovich developed mathematical methods for optimizing resource allocation in the
Soviet Union under various constraints in his 1939 work, Mathematical Methods of Or-
ganizing and Planning of Production [182]. Kantorovich and Dutch economist Tjalling
Koopmans were awarded the Nobel Prize in Economics in 1975 for their contributions

to optimal resource allocation [183].

Kantorovich’s work laid the foundation for linear programming, arguably the most
important method in operations research. Linear programming is a mathematical tech-
nique used to determine the optimal outcome in a system with limited resources by
maximizing or minimizing an objective (such as cost or output) within a set of linear
constraints (such as labour or materials). In this context, the term “programming”
refers not to computer programming but rather the formulation of a detailed plan or
schedule of activities. The method was rediscovered and given its current name in
1947 by George Dantzig, who introduced the simplex algorithm, an efficient way to
solve these linear optimization problems [184]. Dantzig’s contributions to linear pro-
gramming paved the way for its application across a wide range of fields, including

transportation, manufacturing, and resource management.

These multiple strands of wartime operational research, resource allocation in economies,
and production planning converged into what we now recognize as the field of operations

research, with wide-ranging applications in industry, logistics, and public policy.

Linear programming paved the way for a wide range of algorithms collectively known
as mathematical programming. These include integer programming, which ad-
dresses decisions involving discrete variables, such as whether to undertake specific
investments or allocate resources to distinct regions [185]. Stochastic programming
allows decision-makers to account for uncertainty in variables by optimizing over mul-
tiple scenarios [186], while network optimization focuses on optimizing flows within
networks, such as transportation or communication systems [187]. Queuing theory
models systems with waiting lines, optimizing service efficiency in settings like health-
care or telecommunications, and dynamic programming tackles problems involv-
ing sequential decisions over time, commonly used in inventory and resource man-
agement [188]. Furthermore, robust optimization provides solutions that remain

effective under uncertain or variable conditions, offering greater resilience in planning
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[189, 190, 191|. Nonlinear programming extends these techniques to problems where
the relationships between variables are not linear, allowing decision-makers to optimize
in more complex systems involving nonlinear constraints or objectives [192]. Addition-
ally, multi-objective optimization techniques, such as the ant colony optimization
and NSGA-III algorithms, provide frameworks for finding optimal solutions in scenarios

with several competing objectives, balancing trade-offs between them [193].

In addition to these mathematical programming approaches, other decision-making
frameworks, such as data envelopment analysis [194], enable efficiency evalua-
tion across multiple decision-making units [195]. Meanwhile, multi-criteria decision
analysis (MCDA) tools, such as TOPSIS and VIKOR, help decision-makers evaluate
multiple options systematically [196]. Data envelopment analysis (DEA) and multi-
criteria decision analysis (MCDA) differ from mathematical programming techniques
in that they focus on evaluating performance across multiple criteria or units, rather

than directly optimizing an objective function within a set of constraints.

Collectively, these extensions of linear programming and related optimization meth-
ods have significantly broadened the set of tools available for aiding decision-makers in
real-world planning scenarios. The right optimization approach depends on the specific
nature of the problem: whether it involves uncertainty, multiple objectives, discrete
decisions, or dynamic systems, as well as factors like the scale of the problem, available
data, and the need for robustness in the face of variability [197]. The appeal of mathe-
matical programming lies in its structured approach and transparency. The solutions it
provides are not only optimal according to a set of criteria but also interpretable, mak-
ing mathematical programming particularly relevant in fields requiring both precision

and accountability.

As mathematical programming has evolved, it has been applied in fields as diverse as
planning the pre-positioning of personnel in fire departments [198|, water resource man-
agement [199], micro-grid optimization [200], national energy system design [201], liquid
natural gas supply chain planning [202|, construction planning [203], and production

scheduling in mining operations [204].

While mathematical programming is a powerful tool for solving complex decision prob-
lems, it is not without limitations. First, misspecified objectives or constraints can
lead to models that omit critical imperatives or misrepresent them, resulting in flawed
recommendations [205]. Second, overly simplistic assumptions, such as fixed decision
boundaries or inadequate feedback loops, may fail to capture the dynamic and in-

terconnected nature of real-world systems [206]. Third, these models can struggle to
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accommodate the divergent goals and priorities of multiple stakeholders, potentially
leading to solutions that favor narrow interests at the expense of broader equity [207].
Fourth, the quality of optimization outputs is heavily dependent on data, meaning is-
sues like mislabeling, mismeasurement, or incomplete datasets can introduce bias and
imprecision that undermine the model’s validity [208|. Fifth, reliance on approxima-
tion or relaxation techniques, while computationally efficient, may yield results that
lack formal guarantees, reducing their reliability in critical applications [209]. Finally,
treating optimization outputs as definitive without incorporating the necessary con-
textual information can lead to ethically questionable or impractical decisions [210].
Addressing these challenges requires not only technical rigor in model development but
also a deep understanding of the decision-making context to ensure that mathematical

programming delivers actionable and equitable solutions.

2.4.2 Operations research in humanitarian aid and agriculture

In addition to the broader applications described above, mathematical programming
has also been applied in disaster planning, though typically in a reactive, post-disaster

context, as well as in agricultural settings. Examples are given below.

Applications in humanitarian response to disasters Mixed-integer linear pro-
gramming (MILP) has been used to optimize vehicle routes and minimize aid distri-
bution times in a case study in Chile [211]. Similarly, in Korea, MILP was applied
to maximize the number of evacuees transported via helicopters based on aircraft ca-
pacity and urgency levels [212]. In another case, a stochastic programming model was
developed using mobile phone location data to enhance disaster preparedness and post-
disaster response [213]. A different study used MILP to design an efficient relief network
for Tran, optimizing relief operations in the wake of disasters [214]. Other applications
of MILP include the development of a two-echelon pre-disaster relief network for rare
disasters in Turkey [215], and a bi-objective MILP model aimed at minimizing the total
completion time of rescue operations during natural hazards in Iran [216]. Additionally,
mixed-integer non-linear programming (MINLP) was applied to real-time location data
to optimize rescue plans for trapped individuals [217]|, while MILP was used in Brazil
to allocate shelters and distribute relief supplies during emergencies [218|. Linear pro-
gramming was used to reduce procurement and logistics costs for 12 million mosquito
nets in Ivory Coast [219]. Moreover, robust optimization has been used to address un-
certainty in food procurement prices during humanitarian emergencies, demonstrating

improved outcomes compared to traditional approaches in scenarios like the Syrian food

32



2. Towards optimal anticipatory action

aid operation [220].

Applications in commercial supply chain planning for agriculture Optimiza-
tion models are widely applied in agricultural supply chains to address uncertainties
and improve decision-making. For example, a recent review outlined the progress in op-
timization for fresh fruit supply chains under uncertainty [221]. Mathematical program-
ming models have also been used to plan the harvest of fresh tomatoes in multi-farmer
supply chains under uncertainty [222]|. In the soybean industry, a two-stage stochastic
linear programming model with fixed recourse was proposed for tactical planning under
take-or-pay contracts [223]. In Mexico, a MILP model optimized the bioethanol supply
chain by determining the optimal number and location of storage centers, biorefineries,
and mixing plants, as well as the flow of biomass and bioethanol [224]. MILP was
also used to optimize production scheduling in a grain processing facility in Uruguay,
minimizing costs while considering practical constraints such as shelf life and storage
capacity [225]. In Chile, a mathematical model was developed to coordinate harvest
planning between farmers and wholesalers, optimizing decisions under uncertainty in
crop yield, prices, and demand [226]. In another study, a mixed-integer programming
model incorporated vehicle routing problem concepts to optimize the transportation
of harvested products from fields to a central depot [227]. Beyond purely commercial
objectives in supply chains, mathematical programming has also used to address en-
vironmental sustainability in agriculture. For instance, a bilevel linear programming
model was developed to formulate subsidy policies aimed at minimizing the environmen-
tal impact of agricultural activities [228]|. Another study employed MILP to optimize
a closed-loop supply chain for perishable agricultural products, balancing cost mini-
mization, COs emissions reduction, and responsiveness to demand [229]. In Brazil,
a multi-product MILP model optimized fertilizer logistics, minimizing costs and CO,

emissions while strategically placing fertilizer mixing factories [230].

Applications in long-term agricultural resource allocation Optimization mod-
els have also been used to address longer-term structural issues in agricultural resource
allocation. For example, a case study in China employed an optimization model for
agricultural water and land resource allocation under uncertainty [231]. In Bangladesh,
a mixed-integer non-linear programming model was formulated to optimize environ-
mental sustainability for flood control, drainage, and irrigation projects in deltaic re-
gions [232]|. A multi-level multi-objective stochastic programming model was developed
to formulate sustainable water-allocation schemes for arid agricultural regions [233].

Another multistage stochastic programming model optimized farmland irrigation man-
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agement under uncertainty, considering crop prices, precipitation, and irrigation water
availability to maximize farmers’ profits [234]. In Rajasthan, India, linear programming
was used to identify the most efficient crop combinations based on resource availability,

labor, water, and land, with particular attention to the benefits of crop rotation [235].

Applications in responding to acute risks Several studies have focused on op-
timizing resources based on short-term uncertainties in agriculture. For instance, a
multi-objective linear programming input-output method was applied to allocate water
across various economic sectors during drought conditions [236]. In another study, a
hydroclimatic monitoring system was integrated with linear programming to optimize
agricultural net benefit under scenarios of rainfall delay or reduction [237]. In Haryana,
India, linear programming was used to determine optimal land and water resource al-
locations, maximizing net returns from an irrigated area [238|. Similarly, a model for
managing drought risk through optimized water distribution under different drought

scenarios was developed and tested in Heilongjiang, China [239].

2.4.3 Opportunities for optimizing anticipatory action in agri-

culture

Similarly to the examples provided above related to humanitarian aid, anticipatory
action in agricultural contexts involves complex decisions that must balance multiple,
often competing factors under constraints [240]. Mathematical programming methods
such as linear programming and stochastic linear programming, are designed to address

these types of problems.

For instance, consider a drought scenario where cash transfers and drought-tolerant
seeds need to be distributed across multiple regions. The objective is to maximize the
impact of these interventions while minimizing costs and ensuring timely deployment.
A mathematical program, such as a mixed-integer linear program, could model this
by setting an objective function that maximizes the number of beneficiaries reached
or minimizes the cost of aid distribution. Constraints can include limited budgets,
transportation capacity, and time windows for intervention (e.g., ensuring seeds are
distributed before the planting season begins or cash transfers are made before house-
hold resources are exhausted). A stochastic linear program can further enhance this
model by incorporating uncertainty, such as varying rainfall forecasts or fluctuating
market prices for seeds, allowing decision-makers to optimize across multiple scenar-
ios [241]. The model can dynamically adjust as new forecast data arrives, ensuring

that both resources and timing are optimized across different phases of the interven-
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Figure 2.2: Schematic framework illustrating one possible configuration linking early
warning systems to optimized anticipatory action. In this example, the early warning
system utilizes data inputs such as remote sensing, weather data, and soil type maps
to trigger risk-based thresholds, forecasting hazard scores for farmers. Optimization
models allocate resources (e.g., cash transfers) by maximizing vulnerability coverage
under constraints such as total budget, farmer locations, and regional balance. The
outputs are illustrative decision maps indicating funding levels across grid cells, with
the potential for phased cash transfer strategies based on hazard dynamics. Other
configurations linking early warning systems to optimization models could be envisaged,
depending on the specific use case and decision-making context.

tion, from initial preparation to final deployment. By explicitly framing the problem in
terms of objectives, constraints, and uncertainty, mathematical programming offers a
structured, data-driven approach to making complex anticipatory action decisions more

efficient and impactful (see example A and Figure 2.2).
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Example: A mathematical program for cash transfer payouts to farmers in

drought-affected areas

Consider a government planning to allocate cash transfers to farmers who are expected to be impacted by
drought, based on predictions from an early warning system. The goal is to distribute funds optimally, given a

limited budget and the varying levels of vulnerability among farmers.

Let us define the following sets and parameters:
e Sets:
— F=/{1,2,...,N}: the set of farmers.
— R: the set of all regions.
o Parameters:
— x;: the amount of cash transfer to be allocated to farmer 7 € F'.
— wv;: the drought vulnerability score of farmer ¢ based on EWS outputs, calculated by overlaying
a probabilistic drought severity index, such as the Standardized Precipitation Index (SPI) or
the Standardized Precipitation-Evapotranspiration Index (SPEI), with a spatial grid of farmer
locations to capture localized risk levels and exposure.
— ¢;: the minimum cash required to adequately support farmer 1.
— B: the total budget available for cash transfers.
— r;: the region where farmer i is located.
— ¢r: the maximum allowable total cash transfer for region r € R, which accounts for regional
balance constraints.
The objective is to maximize the total vulnerability coverage across all farmers, subject to the budget and

regional constraints. This can be formulated as the following linear program:

maximize E VT

icF
subject to Z z; < B (Budget constraint)
i€l
Z z; < qr, Vr € R (Regional balance constraint)
i€F:r;=r

z; > ¢y, Vi€ F (Minimum support per farmer)

z; >0, VieF

In this formulation, the decision variables x; represent the cash transfers allocated to each farmer i. The objective
function Zie r vix; seeks to allocate funds to maximize the total vulnerability-weighted support, ensuring that
farmers with higher vulnerability receive more resources. The constraints ensure that the total budget is not
exceeded, that each region receives a fair distribution of aid via the regional balance constraint (gr), and that
each farmer receives at least the minimum cash required (c;). Additionally, a realistic constraint for logistics
or delivery capacity can be added, such as limiting the maximum amount of cash that can be distributed
based on logistical constraints in each region or incorporating path constraints. In this example, a hypothetical
machine learning model (such as XGBoost) can be used to predict drought severity for each region, generating a
vulnerability score for each farmer based on their location and relevant features (e.g., historical climate data, soil
conditions). There are an exponential number of possible allocations of cash transfers, rendering it impossible to
enumerate and evaluate the benefit of every possible allocation. However, this problem can be efficiently solved
using mathematical programming techniques, making it a powerful tool for integrating early warning system
data into equitable and targeted decision-making processes. Illustrative extensions of the model are provided in
the supplementary information.

While the core benefits of mathematical programming revolve around resource alloca-
tion, these techniques can be applied across multiple stages of the process, depending
on the decision-maker’s priorities. Examples are provided in Table A.1. Optimization

can address decisions at the level of protocol design, where triggers for interventions like
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cash transfers are set based on forecast data, or in real-time adjustments to the timing
and scale of aid delivery as new information becomes available. It can also be used to
optimize the mix of interventions, balancing immediate cash relief with longer-term re-
source needs, such as seed distribution or infrastructure like water storage. Each stage,
from pre-disaster planning to post-disaster recovery, offers distinct opportunities for op-
timization, with models tailored to maximize impact while minimizing costs, logistical

complexities, and uncertainty.

Table 2.1: Optimization opportunities tied to anticipatory action enabled by early
warning systems (adapted from [242]). This table highlights how mathematical pro-
gramming can support anticipatory action decisions based on early warning systems.
For specificity, the illustrative examples focus on the perspective of rice farmers in South
Asia and the challenges they face.

Stage Intervention Type Illustrative examples of mathematical programming applications
Pre- Pre-positioning aid Objective: Optimize the allocation and pre-positioning of resources,
planning for anticipatory such as wind barriers or drought-resistant seeds, to ensure rapid and

and scenario action effective responses to forecasted hazards. For instance, strategically place
readiness wind barriers in regions with a high probability of damaging winds to

protect rice seedlings, or stockpile drought-resistant seeds in areas
projected to experience rainfall deficits. This approach improves the
speed and efficiency of anticipatory action.

Constraints: Storage and transport capacity, budget availability, and
lead time for deployment.

Required Data: Historical hazard profiles, real-time seasonal forecasts,

resource vulnerability indices, and logistics network capabilities.

Trigger threshold Objective: Identify and dynamically adjust EWS trigger levels to

optimization balance the risks of over-action (exhausting resources prematurely) and
under-action (allowing preventable losses). For example, setting a low
drought severity index (DSI) threshold, such as 40, may lead to
unnecessary cash transfers that deplete resources too early, while a high
threshold, such as 80, could delay critical interventions, resulting in
significant household losses. Optimizing these thresholds ensures timely
and effective actions tailored to evolving hazard conditions.
Constraints: Budget limits, lead time for resource mobilization, and
regional equity considerations.
Required Data: Historical drought impact data, real-time hazard
forecasts, household vulnerability indices, cost-benefit analyses of early

interventions, and adaptive decision rules for seasonal updates.

Table continued on next page
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Table 2.1 continued from previous page.

Stage Intervention Type

Illustrative examples of mathematical programming applications

Rapid-onset Early harvest and
hazard crop protection

response

Emergency input

deployment

Objective: Minimize rice crop losses by timing interventions based on
short-term EWS outputs. For instance, in the event of forecasted
hailstorms within 5-10 days [243], recommend early harvesting if crops
are mature enough, or deploy protective measures such as temporary
coverings to shield vulnerable rice seedlings.

Constraints: Farmer labor availability, access to protective materials,
transport logistics, and market readiness.

Required Data: 5-10 day hailstorm forecasts, crop maturity data,
availability of protective materials, and local road network conditions.

Objective: Rapidly support farmers in replanting after severe weather
events, such as high winds or hailstorms, that destroy rice seedlings. For
instance, provide immediate cash disbursements to enable farmers to
purchase replacement seedlings from local markets or ensure rapid
delivery of seedlings to affected areas for replanting early in the season.
Constraints: Availability of replacement seedlings, timely cash transfer
mechanisms, transportation logistics, and market access.

Required Data: Real-time EWS alerts, local seedling supply data,

farmer vulnerability indices, and transport network conditions.

Slow-onset Phased risk-based
hazard transfers

mitigation

Proactive water
management for

paddy farming

Objective: Gradually deploy cash transfers to stabilize households as
conditions deteriorate. For example, allocate larger payments during peak
drought periods while reserving resources for later needs [64].
Constraints: Fixed total budget, regional equity, and timing constraints.
Required Data: Seasonal drought forecasts, household income data,
and effectiveness of past transfers.

Objective: Optimize the distribution and replenishment of water tanks
to sustain rice paddies during delayed monsoons or prolonged dry spells.
For instance, strategically allocate water tanks to high-vulnerability areas
with limited groundwater availability, enabling farmers to irrigate crops
during critical growth stages [244].

Constraints: Tank availability, replenishment schedules, transport
capacity, and equitable distribution across regions.

Required Data: Seasonal drought forecasts, village-level crop
vulnerability indices, water tank storage capacities, transport network

information, and real-time monitoring of water use.

Beyond optimizing outcomes, mathematical programming can also bring additional

transparency to decision-making, which can be opaque in large-scale interventions. One

study highlights that “the design of any anticipatory action projects should consider

the practicalities of explaining the transfer amount to local authorities, community

leaders, people not targeted by the interventions, and other stakeholders who are part

of the approval process for the transfer value” [20]. Targeting vulnerable households

for anticipatory action before disasters is fraught with challenges, particularly when

aid decisions risk creating tensions among communities. In Madagascar, a cyclone
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season affecting nearly a million people exposed the difficulty of selecting recipients
when resources were insufficient to support all those impacted, necessitating the use of
risk pooling. Similarly, in Bangladesh, local NGOs emphasized the need for sensitive
targeting to avoid conflict, highlighting that anticipatory action often contrasts with
traditional aid operations, requiring careful planning and community engagement to

ensure fairness and trust [41].

Mathematical programming forces decision-makers to clearly articulate their goals and
constraints, such as maximizing the number of beneficiaries within a fixed budget or
minimizing logistical costs. This clarity not only helps explain why certain decisions
are made but also makes the decision-making process more defensible, as the assump-
tions embedded in the model are made explicit. Optimization models allow for the
transparent inclusion of potentially conflicting stakeholder objectives [245], as well as
explicit considerations of equity [246], enhancing clarity in balancing priorities like min-
imizing costs or ensuring fairness. Increased trust between stakeholders due to greater
transparency may play a role in improving the overall effectiveness of subsequent hu-

manitarian operations [247].

One example of how transparency can be applied is in dealing with the uncertainty of
trigger values, the critical thresholds used to initiate anticipatory actions. Stakeholders
may disagree on the appropriate course of action when trigger values are too low (e.g.,
initiating cash transfers prematurely when a drought is forecast but not severe) or too
high (e.g., delaying action until the drought has already caused significant harm). As
one study notes, “the negative consequences of acting in vain are significant and must
be factored in” [40]. Optimization can help address these challenges by openly articu-
lating the trade-offs between competing priorities, such as maximizing the prevention

of harmful events while minimizing unnecessary expenses.

For instance, in a flood scenario, optimization could show how reallocating aid based
on updated rainfall forecasts can reduce wasted resources and ensure the hardest-hit
regions receive priority. Similarly, in a drought, optimization models could adjust cash
transfer amounts dynamically, ensuring the most vulnerable households are supported
while staying within budget constraints. By making assumptions, constraints, and ob-
jectives explicit, optimization not only provides a framework to recalibrate decisions as
conditions evolve but also fosters trust among stakeholders through open and trans-
parent decision-making processes. This approach ensures that even when forecasts are

uncertain or imperfect, interventions remain both defensible and impactful.
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2.5 The path forward

To enhance the effectiveness of agricultural early warning systems and anticipatory
action, we must focus on improving existing systems and integrating them with opti-
mization frameworks. This section outlines key areas for advancement, aiming to build

more resilient and adaptive agricultural systems in the face of increasing climate risks.

2.5.1 Improve accuracy, lead time, and adoption of early warn-
ing systems

Early warning systems offer valuable input to anticipatory action but require improve-
ments in areas such as data quality and modeling accuracy to more reliably guide
optimization-based decisions that enhance both the timing and precision of interven-

tions. Research to improve early warning systems might involve efforts to:

Address gaps in data and methods. One study examined 8 major global and
regional agricultural monitoring systems, and found that gaps in data included crop
calendars, cropland maps, satellite imagery, mobile phone data, and reliable mete-
orological data. Gaps in methods include the need for better crop yield and crop
production forecasts, the operationalization of research methods at scale [16], the inte-
gration of near-real-time information to allow crop yield forecasting models to deal with
increasingly unprecedented weather extremes [248], and methods that allow users to in-
terpret why certain forecasts are being generated [249, 250]. Closing these gaps could
yield early warning systems with greater accuracy in predicting agricultural production

shocks and extended lead times for more proactive responses.

Address model performance issues and regional biases. Another study con-
ducted a statistical analysis on outputs of the Famine Early Warning Systems Network
(FEWS NET) for 25 African countries from 2009 to 2020. FEWS NET projections are
a widely used resource for monitoring, planning, interventions, and resource allocation.
The analysis showed that the overall system accuracy was 84%, but drops sharply with
ascending food insecurity, biasing toward over-projection [4]. Moreover, unanticipated
weather shocks also hindered projection accuracy [32]. Another evaluation of FEWS
NET showed that the system provided more accurate warnings in the western parts of
Ethiopia than the generally food insecure northeastern regions, likely due to insufficient
information. Early warning systems have also seen performance issues in Europe. One

study examined 19,980 crop yield forecasts published by member states of the Euro-
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pean Union across seven crops, and found that forecasts systematically underestimated
yields for wheat, rapeseed, and sugar beet crops [5]. Regional discrepancies in accuracy
may trigger unfair anticipatory actions for populations in these regions; false pessimism
may trigger expensive humanitarian response, potentially reducing funding for future
crises, while false optimism may fail to trigger a response when it is most needed [33].
False alarms in early warning systems may also lead to the ’cry-wolf effect,” where
individuals become less responsive to future warnings due to reduced trust in the sys-
tem, potentially hindering timely adaptation decisions and risking greater losses during

actual crises [34].

Address user adoption issues. Depending on the region, agricultural stakeholders
may not interact with the outputs of early warning systems in the intended manner.
In one region of Ghana, for instance, one study showed that just 60% of farmers paid
no or little attention to early warning drought information [251|. Furthermore, studies
in Ghana have also shown gender-based discrepancies in farmers’ willingness to pay
for climate-related warnings, with women less likely to pay for such information [252].
Previous research has highlighted the importance of setting application design stan-
dards in early warning systems to enhance usability by anticipating the complexity of
possible user demands [253]. Other research has also explored the role of gamification
to encourage citizens to share the outputs of early warning systems with each other to

foster wider adoption [254].

Develop objective-driven early warning systems for targeted decision-mak-
ing. Traditional agricultural early warning systems like ASAP and GIEWS serve
as general portals for users to access weather and yield projections, providing broad
overviews rather than specific actionable insights. However, evolving toward an impact-
driven approach could strengthen the role of EWS in guiding anticipatory action [255,
256). A promising example is the Netherlands Red Cross 510 initiative, which employs
impact-based forecasting (IBF) to predict drought consequences on specific outcomes,
such as crop yield anomalies, directly linking these forecasts to pre-defined, region-
specific early actions, such as resource allocation to mitigate food insecurity or prevent
livestock losses. Such targeted, impact-oriented early warning systems could pave the

way for more integrated planning and optimized decisions [165].
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2.5.2 Integrate early warning systems with accessible optimiza-

tion frameworks

While related fields have made progress in connecting forecasting systems with opti-
mization frameworks [237], significant advancements are still required to fully integrate
early warning systems with accessible, effective optimization tools tailored specifically
for anticipatory action. By strengthening these connections, early warning systems can
more directly support data-driven decision-making, enabling timely, targeted interven-
tions that maximize humanitarian impact. The following initiatives are proposed to

advance this integration:

Develop modular optimization toolkits building on open-source packages.
Create open-source toolkits with adaptable optimization templates for common scenar-
ios such as resource allocation, logistics, and prioritization. Leveraging Python-based
packages like PuLP [257] or Pyomo [258|, these templates can provide flexible, high-
level modeling tools without requiring extensive customization or mathematical exper-
tise. An adjacent example in another field is the Route Optimization Tool (RoOT),
a simple, open-source toolkit designed to reduce the need for advanced expertise in
optimizing health product distribution. RoOT uses a modular interface that enables
government logisticians to optimize routes for distributing health supplies, even in emer-
gency settings like cyclone responses, by selecting options aligned with available vehicles
and road conditions [259]. Each template in these toolkits should specify sections for
incorporating early warning data and input from multiple organizations, ensuring that
relevant anticipatory information and inter-agency considerations are embedded in each
planning scenario. In addition, these toolkits should specify sections for incorporating
early warning data and input from multiple organizations, and they should account for
trade-offs in multi-hazard scenarios where responses to one hazard might conflict with

another.

Ensure that the right stakeholders are involved in designing optimization—
driven systems. To maximize the adoption and utility of anticipatory action sys-
tems, leveraging best practices in human-centered design (HCD) is crucial. HCD em-
phasizes iterative engagement with end-users throughout the design lifecycle to ensure
systems are tailored to local needs. For example, a study on emergency preparedness
in rural communities showed that involving users in the design phase enhanced both
the usability and adoption of a mobile application by integrating their feedback into

system features [260]. Similarly, research on humanitarian IT adoption highlighted

42



2. Towards optimal anticipatory action

the importance of co-designing tools with stakeholders and fostering trust, as this en-
courages practical and effective integration of new technologies into decision-making
processes [261]. Finally, insights from digital decision support systems for population
health demonstrate that engaging users early during needs assessment and consistently
throughout prototyping and evaluation phases ensures that systems align with both
cognitive and contextual requirements, thereby fostering greater adoption and impact
[262|. Involving the right stakeholders is also critical to ensure that optimization only

occurs for relevant anticipatory actions that are appropriate for the local context.

Build capacity in optimization for anticipatory action. Conducting targeted
training sessions in optimization for anticipatory action practitioners can foster effec-
tive and confident application of these techniques in humanitarian contexts. Evidence
from diverse fields underscores the value of using engaging, context-rich examples to
enhance understanding and application of optimization methods. For example, role-
playing games inspired by Game of Thrones have been used successfully to introduce
linear programming concepts, allowing learners to solve fictional optimization problems
like blending poisons and scheduling troops for battle [263]. In another case, opti-
mization principles were taught using scheduling challenges from the 18-team Jupiler
Pro League, Belgium’s highest professional soccer division, which provided a real-world
framework to make complex constraints and objectives tangible [264]. Finally, a study
on wheelchair rugby demonstrates how predictive analytics can directly inform opti-
mization, as player performance predictions are integrated to optimize lineups, a useful
parallel to the integration of early warning systems with optimization in anticipatory
action [265]. In the field of humanitarian aid specifically, optimization education could
be embedded within existing educational initiatives like the Red Cross Red Crescent
Climate Centre’s simulation game, where participants, acting as farmers or donors,

allocate limited resources to manage flood or drought risks [63].

Establish a standardized evidence base for optimization assumptions. De-
veloping a centralized, standardized evidence base for optimization model parameters
would enable practitioners to incorporate data-driven assumptions into their models.
This resource would document the empirical impacts of specific interventions, allowing
users to ground optimization assumptions in real-world outcomes and maintain trans-
parency by tracing these assumptions back to empirical studies. For example, when
building a model to allocate cash assistance in response to a forecasted drought, stake-
holders might disagree on the potential impact of cash transfers on food security and

asset protection. With access to an evidence base, practitioners could reference stud-
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ies such as one that found cash transfers helped protect household assets and reduced
reliance on high-interest loans [266|, another that observed reduced debt accumulation
and increased food security following cash interventions [267]|, or a study demonstrat-
ing the effectiveness of anticipatory actions in protecting livestock [268|. By consulting
a curated database of impact studies, practitioners can set more reliable parameters,
thereby enhancing the accuracy and credibility of optimization models for anticipatory

action.

2.5.3 Concluding remarks

While optimization holds promise for enhancing anticipatory action, its application
should be approached with caution. As one optimization practitioner advises, seeking
to optimize processes that should not exist in the first place may risk encouraging
interventions that lack meaningful impact [269]. Rather than viewing optimization as a
comprehensive solution, it is better seen as a structured approach to improve decision-
making in contexts that may benefit from a rigorous and flexible approach to planning.
While optimization has proven useful in fields like supply chain logistics and emergency
response, its value in anticipatory action will depend on carefully aligning methods with
humanitarian objectives and ensuring that these tools are leveraged in a manner that

remains adaptable to the complex needs of crisis management.

Supplementary information

This section provides additional extensions to the core cash transfer optimization model
introduced in the main text. These extensions demonstrate how the model can be re-
fined to address equity, uncertainty, multi-period planning, and logistical constraints.
While not exhaustive, the goal is to illustrate how mathematical programming models
can be used to flexibly and transparently incorporate new constraints and structures,
adapting the model to align with practical policy objectives and operational consider-

ations.

Farmer equity constraints

To promote fairness in allocating resources to farmers with similar vulnerability scores,
constraints can be imposed to limit the disparity in cash transfers among farmers with
similar vulnerability levels. Let & be a threshold indicating “similar” vulnerability,

and let € be the maximum allowable difference in cash transfers for such farmers. A
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conceptual constraint is:
lz; —x;] < e forall i,j where |v; —v;| <.
Since absolute values are not linear, practitioners typically linearize this via
T —x; < € z;—x; < e foralli,j with |v; —v;| <.

This ensures that farmers with similar vulnerability receive transfers that do not differ

by more than e.

Risk aversion in budget allocation

When drought forecasts are uncertain, the model can include a term that discourages
large allocations to regions with high forecast uncertainty. Let o, denote the uncertainty
in the forecast for region r, and A be a risk-aversion parameter. The objective function

can be modified to

max v — Aoy, ) T,
> )

where o, is the uncertainty corresponding to the region of farmer ¢. A larger A penalizes
allocations to uncertain regions, prioritizing more reliable areas while still balancing

overall vulnerability coverage.

Dynamic budget allocation across multiple periods

In some cases, planners may wish to allocate transfers over multiple time steps (e.g.,
months or seasons) as forecasts evolve. Let T" be the set of time periods, and B; the
total budget available in period ¢t. Define z! as the transfer to farmer 7 in period ¢.
Then

Y al < B, VteT,

el

T, = fo, Vi e F.

teT

The total amount x; allocated to farmer 7 is the sum of allocations over all periods.
Forecast information can be updated each period, allowing the model to be rerun or

adapted as conditions change.
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Regional prioritization with vulnerability targets

To ensure that highly vulnerable regions receive a minimum level of support, one may
add lower-bound constraints on regional allocations proportional to the region’s aggre-

gate vulnerability. Define

in > &Zvi, Vr € R,

T, =T T, =T

where « is a fraction indicating what portion of the total regional vulnerability must
be covered. This enforces a baseline of resource allocation in alignment with regional

vulnerability.

Logistics and delivery constraints

Realistic planning must account for logistical limitations, such as staffing, payment
infrastructure, or local capacity, that cap the feasible amount of transfers in each region.

Let L, represent this logistical capacity for region r. The original regional constraint

can be tightened by incorporating L,:

Z r; < min(qr, L,,), Vr € R.

T, =r

This ensures allocations to each region do not exceed either the equity-driven limit g,

or the local delivery capacity L,.

Summary

Each extension is an example of addressing real-world trade-offs in resource allocation
decisions. Fairness constraints balance equity and efficiency by promoting uniform
coverage among farmers with similar vulnerability scores, though this may limit aid
to the most vulnerable. Risk-aversion terms prioritize reliability in uncertain regions
but may reduce broader coverage. Dynamic budget allocation allows flexible, multi-
period distributions but adds computational complexity and requires frequent updates.
Regional minimums protect highly vulnerable areas but may divert resources from
others in need. Delivery constraints ensure practical implementation by accounting

for logistical limits, though this may restrict allocations based solely on vulnerability.
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Together, additional constraints like these can increase the practicality of optimization
models and their alignment with policy and operational needs. However, larger models
may require additional expertise to formulate, more data, and greater computational

resources to solve.
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3 Modern computational approaches for
rice yield prediction: a systematic review of
statistical and machine learning-based
methods

A version of this chapter was published in Computers & Electronics in Agriculture
(April 2025 issue).

Abstract

This systematic review examines the performance of various methods for rice yield forecasting,
an essential component of impact-based early warning in agriculture. Synthesizing 156 studies
from 2015 to 2025, it evaluates both conventional (e.g., linear regression) and advanced ma-
chine learning models (e.g., random forests, neural networks), which draw on climate data,
remote sensing indices (NDVI, MODIS), and UAV imagery. Key challenges identified include
limited data availability, overfitting, and difficulty in generalizing models across regions and
rice cultivars. Several gaps remain in standardizing evaluation metrics, incorporating ground-
truth data, and adapting models for real-world agricultural decision-making. Future research
should focus on integrating multiple data sources, enhancing model scalability, and devel-
oping frameworks for better uncertainty quantification. Addressing these gaps would boost
scalability, enhance trust in predictive accuracy, and position yield forecasting as a pivotal
component of early warning systems. The insights here provide the methodological underpin-
ning for the machine learning models developed in Chapter 4, ultimately guiding more precise,

impact-driven interventions that strengthen resilience in vulnerable farming communities.
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3. Modern computational approaches for rice yield prediction

3.1 Introduction

Rice is the most consumed grain worldwide, serving as a staple for half of the global
population. In 2022, it provided 17.2% of global caloric supply and 25% of calories
in Asia, home to over half of the world’s population [270, 271]. Demand for rice is
expected to increase by 25% by 2030 [272, 273|.

Accurate estimations of how much rice a country will produce in advance of the ac-
tual harvest can provide a number of benefits. Good forecasts help farmers improve
management, traders and insurers adjust pricing, suppliers manage stocks, and logistics
companies plan routes. National authorities can balance food imports and exports, en-
suring food security, while international aid organizations can swiftly mobilize resources
in anticipation of potential shortfalls [149, 64]. The benefits of advance prediction of
rice yields depends on the time horizon (a week ahead, a month ahead, etc.) and the

spatial granularity (country-level, district-level, field-level, etc.) of the predictions.

Despite these potential benefits, there have been limited reviews focused on the effec-
tiveness of machine learning-based approaches for rice yield prediction. Schauberger et
al. (2020) conducted a review of local to regional yield forecasting approaches across
44 crops in 71 countries [149]. Van Klompenburg et al. (2020) reviewed 80 studies
of machine learning and deep learning applied to crop yield prediction more broadly
[274]. Wu et al. conducted a topical review on rice yield estimation based specifically
on space-borne synthetic aperture radar (SAR) data [275]. Katsantonis et al. (2017)
reviewed approaches for forecasting rice blast, a type of rice disease which causes multi-
million dollar losses every year [276]. Darra et al. (2023) reviewed the extent to which
yield prediction can be fully digitized, across a number of crops and approaches [277].
Torre et al. (2021) reviewed remote sensing-based estimation of rice yields using various
models [278]. Other reviews have focused on rice area mapping [279, 280|, mechanis-
tic approaches to rice production forecasting [281], deep learning approaches for rice
leaf disease detection [282]; rice type classification [283]; rice nutrient deficiency dis-
orders [284]; smart farming applications such as smart irrigation [285]; and phenotype

prediction 286, 287].

This review makes several contributions that build on the previous literature by pro-
viding a comprehensive synthesis of 156 studies, offering four key contributions. First,
it employs a rigorous PRISMA-guided methodology, ensuring transparency and re-
producibility. Second, it systematically evaluates data sources, methods, performance
metrics, and challenges across studies, extending its scope beyond the temporal and ge-

ographic boundaries of prior reviews. Third, the review covers diverse data types, such
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as remote sensing, meteorological, and field data, across the studies reviewed, offering a
broader perspective compared to prior reviews that often focus on a single category of
data. Finally, it identifies critical gaps, including data limitations, overfitting, and chal-
lenges in generalizing models across regions and cultivars, while proposing actionable
directions for future research, such as uncertainty quantification and decision-support

integration.

3.2 Methods

3.2.1 Overview

A systematic review is a structured method of reviewing literature that ensures a thor-
ough, unbiased, and transparent evaluation of research on a specific question [288|. In
the context of machine learning for rice yield prediction, this involved systematically
identifying, selecting, and analyzing relevant studies to provide a comprehensive and

objective overview of the topic.

This research followed a step-by-step process based on guidelines for conducting sys-
tematic literature reviews proposed across several studies to ensure that the review is
thorough and reproducible [289, 290, 291, 292, 293, 294, 295|. The process began with
clearly defining the study’s scope and research questions, ensuring that the review ad-
dressed significant gaps in the literature. Next, we implemented a comprehensive search
strategy to identify and select relevant studies based on predefined inclusion and ex-
clusion criteria (following PRISMA guidelines, as shown in Figure 3.1). Following this,
we systematically extracted data from included studies using a structured template.
The extracted data was then synthesized and categorized for further analysis. The final
steps involved detailed analysis, such as comparing data, methods, and results across

studies to draw meaningful conclusions and recommendations.
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Figure 3.1: PRISMA flow diagram illustrating the study selection process. A total of
1,006 records were identified through SCOPUS and Web of Science. After removing 400
duplicates, 606 records were screened, leading to the exclusion of 428 records. Of the
178 reports sought for retrieval, 22 were not retrieved, and 156 reports were assessed
for eligibility. Following the exclusion of 3 reports, 153 studies were included in the
final review.

3.2.2 Detailed breakdown of methodological approach

1. Search strategy and pre-screening A systematic search was conducted in
the Web of Science and SCOPUS databases using specific search queries. For both
databases, the query focused on titles containing the terms “(rice OR paddy) AND
(yield OR production) AND (prediction OR forecasting OR estimation OR modeling
OR simulation),” and was limited to publications between January 1, 2015, and January
1, 2025.

The decision to limit the systematic review to studies published between 2015 and 2025
reflects the rapid advancements in machine learning (ML) during this period, marked by
milestones like the open-sourcing of TensorFlow (2015) and PyTorch (2016) [296]. These
years saw the emergence of more sophisticated algorithms, improved computational in-
frastructure, and access to larger, diverse datasets, significantly enhancing ML’s appli-
cability in agriculture. This timeframe also aligns with practical scope management,
avoiding an unmanageable number of articles while focusing on recent advancements
most relevant to current research and practice, as suggested in [297]. Furthermore,
previous systematic reviews have similarly restricted their scopes, with periods like
2016-2020 for ML in rice phenotype prediction [286], and 2008-2019, 2016-2021, and
2018-2023 for crop yield prediction broadly [274, 298, 299]. Thus, a 10-year timeframe

was chosen to maintain relevance and rigor.

The initial searches yielded 1006 results, which were reduced to 606 after removing
duplicates. As shown in Figure 3.1, further filtering excluded an additional 428 articles,
leaving 178 relevant studies. Of these, full texts for 156 were accessible through the
authors’ current journal subscriptions. Three records were unavailable as full texts in

English. The additional filtering of the 428 articles was made on the basis of the criteria
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outlined in Table 3.1.

Table 3.1: Systematic review inclusion criteria. These criteria outline the specific re-
quirements for studies to be included in the review to ensure a consistent focus on pre-
harvest rice yield prediction using machine learning-based models and relevant datasets.

Category Inclusion Criteria

Forecast Requirements Presents at least one “true” forecast for rice yield during the growing season,
made prior to harvest, and does not rely on post-forecast information such as

weather or crop growth data.

Methodology Uses empirical methods (e.g., machine learning or deep learning, including
techniques such as Neural Networks or XGBoost) or statistical models (e.g.,
linear regression, stepwise regression) provided they involve prediction.
Metrics like MAE, RMSE, or R? are mentioned for model validation.
Reference yields must be based on observed data from field studies,
experimental research, or administrative sources. Simulated data for
reference yields is not accepted. Studies utilizing a wide variety of data such

as UAVs, satellite data, or remote sensing data are included.

Focus Explicitly focuses on predicting rice yield (absolute or relative), not proxy
metrics like biomass or Net Primary Productivity (NPP).
Avoids crop simulation models, field experiments, or exploratory relationships
without prediction or forecasting. Avoids ambiguous studies lacking clear

prediction or forecasting. Greenhouse or pot experiments are excluded.

Publication Requirements Must be published in English and peer-reviewed. Review articles are
included only if they introduce a novel method or provide a quantitative

comparison of multiple methods.

2. Data extraction and analysis After applying the specified filters, 156 relevant
studies were identified and systematically analyzed. Data were extracted on various
variables, including study information (lead author, publication year, journal, title),
experimental setup (study region, rice type, forecast horizon, spatial resolution), input
data (types and sources including exogenous variables such as satellite or weather data),
methodology (model type used), evaluation methods (e.g., cross-validation, validation
sets), evaluation metrics, and qualitative information such as study limitations and
suggestions for future research. The choice of these data extraction fields builds on

previous systematic reviews of (not rice-specific) crop yield forecasting [274, 149].

Insights were consolidated into a master table and further processed or visualized using
Python packages like NumPy, Pandas, and Altair [300]. A thematic analysis was then
conducted, categorizing the studies into key themes such as modeling approaches, data
sources, and performance evaluation methods. This analysis allowed for the identifica-
tion of common patterns, emerging trends, and gaps in the existing research, providing

an overview of the current state of rice yield forecasting methodologies.
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Figure 3.2: Overview of articles included in this review. The panels show the distribu-
tion of papers by year (left), by country (center), and by journal (right). The charts
highlight the concentration of research in specific countries and journals, with a notable
rise in publications in recent years. Note that the 2024 cutoff is the month of Septem-
ber.

3.3 Results

3.3.1 Description of the data

Figure 3.2 shows a clear upward trend in the number of research papers on rice yield
prediction, with a noticeable increase in publications starting in 2019 and reaching a
peak in 2023 (the cutoff of 2024 data is the month of September). The data also high-
lights that the majority of these studies are contributed by researchers from India and
China, indicating strong regional engagement in this field. Additionally, a significant
concentration of these publications appears in the journal Remote Sensing, suggesting
that this journal is a primary outlet for rice yield prediction research. The full list of

papers can be found in Table A.1.
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3.3.2 Datasets and methods

The charts in Figure 3.3 present a quantitative overview of the variables and datasets
most commonly employed in recent rice yield prediction studies. In the domain of
remote sensing variables, the Normalized Difference Vegetation Index (NDVI) is the
most frequently used, appearing in nearly 50 studies (Figure 3.3, top left). Other com-
monly used remote sensing variables include the Enhanced Vegetation Index (EVI),
RGB imagery, and Synthetic Aperture Radar (SAR) data, though these are utilized
less frequently than NDVI. Regarding the datasets from which these variables are de-
rived, the MODIS (Moderate Resolution Imaging Spectroradiometer) dataset is the
most frequently used for remote sensing data, appearing in over 60 studies (Figure 3.3,
bottom left). UAV (Unmanned Aerial Vehicle) data and Sentinel-2 are also notable

sources but are used less frequently.

Climatic and meteorological variables are also heavily utilized, with precipitation being
the most commonly included variable, appearing in approximately 50 studies (Figure
3.3, top center). Temperature and relative humidity follow as the next most frequent
variables, highlighting their importance in understanding the environmental conditions
that influence rice growth. Other variables such as soil moisture, wind speed, and evap-
otranspiration are included in fewer studies. For climatic and meteorological datasets,
local meteorological stations are the most common source, utilized in nearly 80 studies
(Figure 3.3, bottom center). The CRU (Climatic Research Unit) dataset, as well as
datasets from the ECMWF (European Centre for Medium-Range Weather Forecasts)
and NASA’s POWER project, are also used, though to a lesser extent.

Measurement data variables show a more focused application, with biomass and Leaf
Area Index (LAI) being the most frequently used, though they appear in fewer than 10
studies each (Figure 3.3, top right). Other variables such as plant height and yield data
are less commonly used. Measurement data is predominantly collected through field
surveys, with experimental data and soil data being utilized in fewer studies (Figure
3.3, bottom right).

Figure 3.4 presents the frequency of modeling methods used in the studies papers eval-
uated. Neural Networks (NN) are the most frequently employed, appearing in nearly 70
studies, followed by Random Forest, which is used in about 50 studies. Linear Regres-
sion and Support Vector Machines (SVM) are also commonly used, with occurrences
in approximately 40 and 30 studies, respectively. Long Short-Term Memory (LSTM)
models and Convolutional Neural Networks (CNNs) are featured in over 30 studies, in-

dicating their application in handling sequential and spatial data. Other methods such
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Figure 3.3: Overview of the most frequently used variables in the articles included
in this review. The panels show the top 15 subcategories for each of the three main
data categories: Remote sensing data (left), Climatic and meteorological data (center),
and Measurement data (right). In each panel, subcategories outside the top 15 are
grouped into an “Other” category, providing a concise view of the most commonly
studied variables across different domains.

as Multiple Linear Regression (MLR), Polynomial Regression, and XGBoost appear
less frequently, with each being used in fewer than 30 studies. Less common meth-
ods include Lasso Regression, Ridge Regression, and Decision Trees, which are used
in fewer than 20 studies. A variety of other methods, including Gradient Boosting
Machines (GBM), Bayesian Regression, and Light GBM, appear sporadically across the

literature, each featuring in fewer than 15 studies.

Figure 3.5 presents the distribution of R?, MAPE (Mean Absolute Percentage Error),
and MAE (Mean Absolute Error) metrics from rice yield prediction studies, organized
by country. While these metrics are influenced by the specific machine learning methods

and study designs employed, such as variations in sample sizes, feature sets, validation
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Figure 3.4: Distribution of the top 30 modeling methods employed in the research
papers appraised in this review. The chart groups methods into categories such as
tree-based, linear/generalized linear models, neural network-based, time series, genetic
algorithms, and others. Neural Networks (NN) and Random Forest are the most fre-
quently used methods. “Other methods” represents a collection of diverse approaches
utilized less frequently across the reviewed studies.

methods, and forecast horizons, they provide insight into the range of performance
achieved across diverse contexts. Direct cross-country comparisons may not always be
appropriate due to these methodological differences, but the reported statistics remain

valuable for identifying general trends and benchmarking model effectiveness.

Other systematic reviews of crop yield forecasting research have noted similar challenges
in comparing performance metrics. For instance, one study noted that “The forecasting
performance depends on various factors, including crop, region, method, lead time to
harvest and input diversity” and “the majority of studies (52%) does not provide an

out-of-sample assessment of their performance” [149].

The R? values, reflecting the proportion of variance explained by the models [301],
are consistently high in training datasets (upper left panel of Figure 3.5) across most
countries, with values often exceeding 0.65 for countries like China, Japan, and Spain.
This suggests strong model fits for training data in these regions. Higher ranges in R?

values are observed for countries like Bangladesh and Thailand. In testing datasets
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(bottom left panel of Figure 3.5), R? values exhibit greater variability, with countries
such as Bangladesh, China, India, and the Philippines showing a broader range of per-
formance, reflecting potential challenges in model generalization. By contrast, countries

like Japan, South Korea, and Pakistan showed narrower R? bounds.

The MAPE values, representing the percentage error in predictions, reveal considerable
variability across countries in the testing datasets (bottom middle panel of Figure 3.5).
Countries like China and Spain exhibit consistently low MAPE values, often below 6%,
indicating strong relative prediction accuracy. However, countries such as India and
Indonesia show higher MAPE ranges. The variability in MAPE highlights the potential
influence of factors such as data quality and model parameterization, particularly in

regions with greater agricultural heterogeneity or data sparsity.

The MAE values, which measure the absolute error in yield predictions, also vary
substantially in the testing datasets (bottom right panel of Figure 3.5). Research papers
on countries such as Bangladesh, Myanmar, and Spain demonstrate low MAE values.
In contrast, countries like China, India, and Sri Lanka exhibit higher MAE values, with

some exceeding 0.8 t/ha, indicating substantial absolute prediction errors.

Figure 3.6 shows the most common challenges across studies, with limited generaliza-
tion across crops and regions being the most frequently cited issue, followed by con-
cerns about model sustainability and overfitting. Data-related problems such as the
absence of agronomic data and poor data quality also feature prominently, emphasizing
the ongoing difficulty of accessing reliable inputs for modeling. Computational pro-
cessing requirements and continuous data integration are key engineering challenges,
highlighting the scalability barriers of deploying models in real-world settings. Addi-
tionally, the chart reveals significant operational challenges, including the difficulty of
integrating model outputs into decision-making frameworks and effectively communi-
cating uncertainty to non-experts, underscoring the need for better alignment between

model outputs and stakeholder needs.

3.4 Discussion

3.4.1 Strengths and limitations of the current review

In this systematic review, we aimed to compile, categorize, and evaluate the Al-based
approaches used in rice yield prediction studies. Despite the comprehensive coverage
of recent research on the topic, several limitations must be acknowledged. First, the

inclusion of studies was restricted to those published in English, which may have led to
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Figure 3.5: Distribution of R2, MAPE, and MAE values by country across the reviewed
research papers (for papers where these metrics were unambiguously reported). The box
plots illustrate the variability of these metrics within different countries, showcasing the
differences in model performance. Each subplot represents a different metric, with R2,
MAPE, and MAE on the left, middle, and right, respectively. The top row provides the
training data metrics, while the bottom provides them for testing data. Direct cross-
study comparisons may not always be appropriate due to methodological differences
across papers.

an under-representation of research conducted in non-English-speaking regions. This is
particularly relevant for regions like Southeast Asia or Latin America, where significant

rice cultivation occurs, and valuable local insights might be missed.

Additionally, the focus of this review on peer-reviewed literature may have excluded
valuable contributions from non-academic sources, such as government reports, industry-
led initiatives, or unpublished data from NGOs. These non-peer-reviewed sources often
offer practical insights into the operational implementation and scalability of machine

learning models in real-world settings, particularly in resource-constrained environ-
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Figure 3.6: Distribution of the most common challenges identified across stud-
ies, categorized by challenge type, including data challenges, modeling chal-
lenges, engineering/scale-up challenges, visualization/usability challenges, and oper-
ational /policy challenges.

ments [302]. For example, some startups such as Cropln have developed commercial
Al-based models that address challenges such as data integration and real-time forecast-
ing, issues that are less frequently addressed in academic literature [303].The omission
of these perspectives might narrow the scope of understanding, especially when con-
sidering the deployment and adoption of these models in regions where food security
is a pressing issue. Expanding future reviews to include gray literature and field-level
case studies could provide a more comprehensive and actionable understanding of the

barriers and opportunities in deploying crop yield prediction models at scale.

3.4.2 Limitations in the articles reviewed

Comparing studies on crop yield predictions poses significant challenges due to varia-

tions in study design, geographic focus, and data quality.

Study design Machine learning models that integrate remote sensing and meteo-
rological data to predict yields at a national or regional scale may not be directly
comparable with studies focusing on yield predictions at the individual field level. Var-
ious studies, such as Islam et al. (2023) and De Clercq et al. (2024), used machine
learning techniques and earth observation data to predict rice yields at the district level,
measuring performance with metrics like RMSE, MAE, and MAPE [304, 250]. These
models, while offering large-scale insights, rely on coarser spatial resolution data that
can obscure local variabilities critical for field-level predictions. In contrast, Basir et
al. (2021) applied neural networks to predict yields based on transplanting parameters

in Bangladesh, relying on field-collected data, which offers high resolution but lacks
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the scalability needed for broader regional applications [305]. The differences in data
types, spatial resolution, and modeling approaches between these studies make direct

comparisons of their outcomes problematic.

For instance, while district-level predictions provide useful information for policymakers
managing food security, they may overlook the nuances of individual field conditions
such as microclimate effects or local soil variability. On the other hand, field-level
predictions using high-resolution UAV-based imagery, as done by Mia et al. (2023) in
Japan, can capture specific crop health and growth patterns but may struggle to gener-
alize findings across larger, diverse regions [306]. Similarly, Ghose et al. (2021) used a
model based on atmospheric oscillations to predict regional yields in Bangladesh, where
atmospheric and climatic factors play a dominant role [307]. The use of large-scale at-
mospheric drivers versus on-the-ground parameters further complicates the ability to
generalize results across different scales. These differences in methodology underscore
the importance of tailoring yield models to the scale and purpose of the study. With-
out careful consideration of these factors, direct performance comparisons may lead
to misleading conclusions about model efficacy and the applicability of findings across

scales.

Geographic focus Geographic variability also introduces challenges when compar-
ing rice yield prediction models across different regions. Models tailored to specific
environmental conditions may not perform well when applied to areas with different
climates, soils, or agricultural practices. For instance, Fu et al. (2023) used multi-
spectral and SAR data to estimate rice yields in Thailand based on rice phenology
stages, an approach suited to the monsoon-driven climate of the region but potentially
less applicable to arid areas like Iran, where Asmar et al. (2024) integrated physical
and deep learning models to forecast yields under water-scarce conditions [308, 309].
Even within the same region, variability can affect model performance. Mokhtar et
al. (2024) showed that adding soil data improved model accuracy in parts of China,
highlighting how local environmental factors like soil quality can significantly impact
prediction outcomes [310]. Another study by Brinkhoff et al. (2024) on field-level rice
yield forecasting notes that their method “relies on rice-specific phenology models and
sowing date, which may not be available in other rice-growing areas, potentially lim-
iting scalability” [311]. These differences underline the need for region-specific model
calibration, as cross-regional comparisons without accounting for local conditions can

lead to misleading conclusions about model performance.

Despite the limitations on the geographic scalability of some studies, other research has
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explicitly focused on national /regional scalability. One study on rice yield prediction
at the district level in India concludes that, despite the focus on Kharif-season rice
in India, the approach “could be replicated and scaled to other regions” due to the
use of globally available input features like ERA5 climate data and MODIS satellite
imagery [250]. Another study applying convolutional neural networks to paddy rice
in Iran noted potential for the model to be “adapted and applied to different regions
and crop years” [309]; similar claims on the regional scalability of field-level rice yield
prediction in China were made in Yu et. al. (2023) [312]. Nevertheless, there is limited
evidence that globally generalizable models have been developed that would be useful

for decision-makers in different countries at arbitrary levels of granularity.

Temporal coverage of datasets Differences in data length and availability compli-
cate the comparison of rice yield prediction models, as varying datasets can produce
misleading impressions of model performance. For example, Sathya et al. (2023) used
an MLR-LSTM model trained on seven years of data from the Tamil Nadu Delta, re-
porting an R? of 0.93, while Ekanayake et al. (2021) applied Random Forest and other
techniques to 11 years of data in Sri Lanka, finding R? values ranging from 0.61 to 0.99
across districts [313, 314]. To take a hypothetical example: although the Tamil Nadu
model appeared to perform better, this could be an artifact of the smaller dataset,
where reduced variability might artificially inflate R2? values. In contrast, the longer
dataset in the Sri Lankan study introduces greater variability, which may lower R?2
without necessarily reflecting poorer predictive capability. These differences illustrate
that metrics like R? are context-sensitive, and high scores in shorter datasets do not au-
tomatically signify model superiority. Consequently, comparisons across studies should
account for dataset variability and length to avoid drawing flawed conclusions about

model effectiveness.

Challenges in inconsistent performance metrics and cross validation meth-
ods Comparing rice yield prediction models across studies presents significant chal-
lenges due to the inconsistency in evaluation metrics, dataset lengths, and reporting
methods. Metrics like RMSE, MAPE, and R2, though frequently employed, are not
universally comparable. For instance, MAPE is particularly prone to distortions in
low-value (i.e., low-yield) conditions [315], making it difficult to compare directly with
RMSE, which emphasizes overall error magnitude without being sensitive to specific
yield ranges. Moreover, R2, while commonly used, often fails to capture key aspects of
model performance such as bias and error distribution [316]. Additionally, variations in

how studies perform train-test splits, whether temporal or random, further complicate
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comparisons. Some studies emphasize training set performance, while others highlight
test set outcomes, leading to discrepancies in how model generalizability and robustness
are interpreted. These inconsistencies in metric selection, data handling, and reporting
approaches contribute to divergent conclusions about model performance across regions

and study conditions.

For instance, regarding performance metrics, in the study by Zhou et al. (2023), rice
yield prediction in Hubei Province was evaluated using CNN-LSTM, CNN, and Con-
vLSTM models, and evaluation metrics included RMSE, MAE, and the correlation
coefficient, with data split into training (2000-2013), validation (2014-2016), and test-
ing (2017-2019) sets [317]. The study highlighted the superior performance of the
CNN-LSTM model, reporting RMSE, MAE, and R values for the test set. In Tanaka
et al. (2023), the authors reported using relative root mean square error (rRMSE) and
R? as evaluation metrics for their CNN-based model for rice yield estimation, explaining
68% of the yield variation with an rRMSE of 0.22 [318]. Pankaj et al. (2024) evaluated
multiple regression techniques for rice yield prediction using R2, RMSE, and MAE,
with models split into a 70% training and 30% test set, and averaged over ten trials
for robustness [319]. Similarly, Marong et al. (2024) applied RMSE and R? to assess
Random Forest models in Malaysia, achieving an R? of 0.954, but without address-
ing low-yield distortions that might arise with MAPE [320]. These examples illustrate
how variations in metric choices and dataset handling can obscure cross-study compar-
isons, underscoring the need for standardized evaluation frameworks to avoid skewed
interpretations of model effectiveness across diverse agricultural conditions and data

environments.

Further complicating the comparability of model performance across studies is the
choice of cross-validation methodology. As mentioned above, some studies adopt a
train-test split methodology where earlier years are used for training and subsequent
years are reserved for testing, ensuring a clear temporal separation between datasets
[317]. This approach contrasts with studies that employ leave-one-year-out (LOYO)
cross-validation, where each year is systematically left out as a test set while all other
years are used for training. Both methods address temporal dependencies but reflect
different strategies: one provides a fixed temporal partition, while the other tests a
model’s generalizability across all years. [312, 311]. Each approach may have merits
depending on the specific goals of the study and the characteristics of the available
data.
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3.4.3 Implications for future research and development

In the following section, we explore potential areas of future research that could enhance
the real-world impact of rice yield prediction models, including improving data avail-
ability and integration (e.g., expanding access to ground truth data, building centralized
repositories, leveraging hyperspectral imaging and SAR); advancing model development
and scalability (e.g., enhancing generalization across regions and cultivars, integrating
process-based and machine learning approaches, exploring frontier deep learning mod-
els, standardizing reporting guidelines); and enabling user-centric operationalization
and deployment (e.g., adopting modern data engineering practices, embedding models

into decision-making systems, and improving the visualization of model outputs).

A. Data availability and integration

Expand access to ground truth data The availability and quality of ground truth
data on yield, phenological stages, and agronomic practices represent important bottle-
necks in the performance of rice yield forecasting models. Yu et al. (2023) highlighted
that the lack of multi-year field-level yield data across large regions remains a major
obstacle for calibrating and evaluating robust data-driven models [312]. Future studies
could focus on establishing collaborative data-sharing platforms, integrating crowd-
sourced and sensor-based data collection, and leveraging remote sensing technologies to
fill gaps in ground truth data and improve the accuracy and scalability of yield predic-
tions. In addition, collaboration with private sector sources of ground truth data, from

companies such as OneSoil, may enable more rapid experimentation [321].

Build a centralized repository of global rice-related datasets Future efforts
could also focus on building a centralized, API-accessible repository that consolidates
up-to-date, relevant data sources specifically for rice yield prediction. This would enable
seamless ingestion of critical data into models, including crop masks from sources like
MAPSPAM or CROPGRIDS, and weather data from programs like ERA5 [322, 323,
324]. By ensuring researchers have easy access to these data updates, the repository

might enable faster experimentation in the field.

The relatively low incidence of research papers in this review which utilized advanced
data inputs such as hyperspectral imagery underscores the need for such as centralized
repository to include more advanced and experimental data types such as UAV data
or hyperspectral data. Hyperspectral imaging (HSI) captures data across hundreds
of narrow spectral bands, offering greater detail than conventional imaging techniques

that use the visible spectrum (RGB) or multispectral data.

63



3. Modern computational approaches for rice yield prediction

For instance, Burglewski et al. (2023) demonstrated that silage maize yield model-
ing approaches leveraging hyperspectral data that include the spectral red edge may

outperform approaches based on Landsat imagery [325].

Clarify data and algorithm selection criteria for yield prediction in the con-
text of an evolving data landscape Determining the optimal combination of data
sources and algorithms for rice yield prediction remains a significant challenge, as it
depends on factors such as spatial granularity (e.g., field-level versus regional), project
budget, time horizon, accuracy requirements, and intended end use. For instance, while
NDVT derived from NASA MODIS may be sufficient for coarse regional predictions,
more granular imagery from Sentinel or Planet Labs might be necessary for field-level
applications requiring higher precision [326]. Similarly, hyperspectral sensors have be-
come attractive options due to the ability to obtain high spectral resolution data via
both satellite and UAV [327]; but they can come with increased costs and complexity,
which may not always justify their use [328]. The choice of algorithms also requires
careful consideration, with deep learning models excelling in capturing complex pat-
terns in large datasets but often demanding significant computational resources, while
traditional machine learning or hybrid models may provide more practical solutions un-
der constrained budgets or data limitations [329]. Future research could therefore focus
on developing decision trees or frameworks that guide the selection of data sources and
algorithms for different yield prediction scenarios, enabling institutions to more effec-
tively trade off cost, accuracy, and scalability in operational systems. This could build
on existing research that has developed decision frameworks for choosing appropriate
methods to solve general data science problems [330]. Such frameworks would help
determine, for example, when advanced models are justified over simpler alternatives

and how best to deploy available data to meet specific objectives.

Looking ahead, the increasing availability of advanced satellite platforms, such as
Sentinel-2 with its higher revisit frequency and spatial resolution, and new constel-
lations like PlanetScope, which offers daily global coverage at high resolution, presents
significant opportunities for rice yield modeling [331]. Emerging hyperspectral satel-
lites, such as those in the EnMAP and PRISMA missions, are expected to provide a
level of spectral granularity that enables more precise differentiation of crop conditions
and stress factors [332]. Moreover, synthetic Aperture Radar (SAR) has also introduced
new opportunities to improve crop yield forecasting applications. SAR data, with its
ability to maintain consistent acquisition schedules regardless of weather conditions or
the time of day, addresses some of the limitations associated with multispectral sensors,

such as cloud cover interference, background noise, aerosol effects, and signal satura-
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tion in areas with dense biomass [333, 334|. The potential of SAR becomes even more
significant when combined with optical sensors such as Landsat or Sentinel-2 through
optical-SAR data fusion. This approach leverages the complementary strengths of both
data types, with SAR providing all-weather capabilities and sensitivity to surface and
subsurface moisture, while optical sensors offer detailed spectral information critical for
assessing vegetation health and stress [335, 336]. Research evidence shows that combin-
ing SAR and optical data has provided strong performance in crop classification [337],
crop monitoring [338], and yield prediction [312]. These advances could dramatically
improve the ability to monitor dynamic crop growth processes and incorporate real-
time updates into yield prediction models, making it essential for future frameworks to

be adaptable to increasingly granular and high-frequency datasets.

B. Model development and scalability

Enhance model scalability to other regions and cultivars Limited generaliza-
tion of models across cultivars and regions remains a major challenge, as rice culti-
vars respond differently to environmental factors like soil type and water availability.
Nguyen-Thanh Son et al. (2022) highlighted issues with applying machine learning
models for rice yield prediction, such as cloud cover and mixed-pixel problems in frag-
mented fields. While their SVM model performed well in Taiwan, limitations like small
sample sizes and environmental variability may hinder broader generalization [339].
Similarly, Zheng et al. (2022) found that while UAV multispectral imagery improved
yield prediction in specific conditions, model accuracy declined when applied to differ-
ent years, cultivars, and sensor data, emphasizing the need for more adaptable models
across diverse environments [340]. Tanaka et al. (2023) demonstrated that although
their deep learning model successfully predicted rice yields across diverse environments
using ground-based RGB images, accuracy was lower in conditions not represented in
training data, underscoring the need for models adaptable to a broader range of con-
ditions [318]|. Aziz et al. (2023) also suggested that future models should account for
irrigated and non-irrigated regimes more explicitly [341]. Parreno et al. (2024) high-
lighted challenges in model over-fitting and sensitivity to machine learning model hy-
perparamers as important factors impeding the scalability of their models [342]. Future
research should focus on developing models that incorporate a wider variety of environ-
mental conditions, including diverse cultivars and irrigation regimes, while improving
hyperparameter tuning methods to reduce overfitting and enhance model scalability

across regions.
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Explore synergies between process-based and machine learning-based mod-
els Machine learning-based models, which are typically based on limited historical
observations, may face challenges in accurately predicting future yield-climate relation-
ships [343]. For example, boosted regression trees (BRTs), a popular ML technique,
excel at capturing non-linear relationships and spatial variability, making them more
accurate than traditional linear regression in many cases. However, as highlighted by
Sidhu et al. (2023), BRTs can conflate correlated variables, such as time and temper-
ature trends, reducing their reliability in attributing yield changes to specific climate
factors [344].

To address this challenge, future research in rice yield forecasting could focus on in-
vestigating how to combine process-based models with machine learning techniques.
This hybrid approach holds promise for improving model accuracy and interpretabil-
ity by leveraging the strengths of both methods. Process-based models (PBMs) like
DSSAT and APSIM capture crop physiology and biophysical relationships, while ma-
chine learning (ML) models excel at handling large datasets and uncovering nonlinear
patterns. As seen in Zhang et al. (2023), PBMs provide valuable insights into plant
growth mechanisms but struggle with parameterization and scalability [345]. On the
other hand, ML models can suffer from interpretability issues and require large datasets
for training. Integrating these two approaches, as suggested by Maestrini et al. (2022),
can address these challenges by using PBMs to guide feature engineering or as input
for ML models, ensuring biologically grounded predictions while mitigating overfitting
[346]. Early research on the topic has shown that such combined approaches can reduce

model error, as in the case of corn modeling in the US corn belt [347].

Explore the effectiveness of frontier deep learning models Transformer archi-
tectures are emerging as a promising research avenue in agriculture [348|, particularly
due to their ability to model long-range dependencies in data sequences [349]. In crop
yield prediction, one study demonstrated the potential of combining a transformer with
a temporal convolutional network (TCN) to integrate climatic, soil, and satellite data,
thereby enhancing temporal feature extraction and capturing complex dependencies
[350]. Another study proposed the SSA-LSTM-transformer (SLTF) model, optimized
using a sparrow search algorithm, to estimate winter wheat yield with remotely sensed
variables such as leaf area index (LAI), fraction of photosynthetically active radiation
(FPAR), and vegetation temperature condition index (VTCI), achieving improved ac-
curacy and generalizability [351]. Transformers have also shown promise in crop row
detection, where a model employing polynomial parameter learning efficiently approxi-

mated crop row curves, delivering robust results in complex environments without tra-
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ditional feature extraction or post-processing [352]. These emerging studies highlight

potential to boost accuracy in yield prediction problems.

Enhance reproducibility of experiments with standardized reporting guide-
lines Improving the transparency and reproducibility of models requires a shift to-
wards standardized reporting metrics. Studies in rice yield prediction use metrics such
as RMSE, MAPE, and R? inconsistently, making cross-study comparisons difficult.
This is a challenge which has been identified in the crop yield production more broadly,
beyond just rice [149]. Future research should emphasize standardized metric reporting
and the use of shared benchmarks for training and validation, allowing for better model
comparability. Moreover, the development of open-source platforms that centralize rice
yield prediction data and models, such as repositories hosted on GitHub or specialized

agricultural data platforms, will promote consistency in model evaluation.

C. User-centric operationalization and deployment

Investigate model performance in production using state-of-the-art data en-
gineering practices To ensure more reliable deployment of rice yield models in pro-
duction, future research could incorporate modern data engineering practices. Such
practices might include: automated pipelines to ingest and process agricultural data like
satellite imagery, weather, and soil metrics; scheduled updates of datasets to maintain
the timeliness of predictions; using MLOps tools such as MLflow to track model exper-
iments and performance across diverse environments [353]; containerizing models with
tools like Docker to ensure portability and scalability [354]; leveraging cloud platforms
like AWS or GCP for flexible computing infrastructure; utilizing workflow orchestration
tools like Apache Airflow or AWS Step Functions for efficient task management; imple-
menting CI/CD pipelines to automate model retraining and mitigate performance drift
due to seasonal variations; and adopting Git-based workflows to enable collaboration
and version control across large research teams working on challenging yield prediction
problems at scale [355, 356].

Enhance the visualization and communication of rice yield prediction model
outputs Effective visualization and communication of yield prediction outputs may
facilitate broader adoption of rice yield prediction models. Visualization tools such as
Tableau, Streamlit, Dash, and PowerBI have proven effective in building interactive web
applications and dashboards in fields like bioinformatics, bacterial testing, and financial
auditing [357, 358, 359, 360, 361, 362|. Applying these tools to rice yield prediction

could allow users to visualize spatial yield variability, track temporal trends, and assess
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prediction uncertainties in an intuitive manner, as demonstrated in a recent applied

rice yield prediction study [250].

Incorporate rice yield prediction into decision-making systems Beyond pre-
dictive accuracy, future research could focus on integrating rice yield models with opti-
mization techniques to help various stakeholders in government and the private sector
make better decisions. For instance, tools such as linear programming, stochastic mod-
els, and mixed-integer linear programming (MILP) have been widely used in other fields
to optimize resource allocation and decision-making. In humanitarian contexts, [211]
used MILP to optimize vehicle routes and minimize aid distribution times in Chile, and
[212] used MILP to maximize helicopter evacuation efficiency based on aircraft capacity
and victim urgency levels. Similarly, [213] developed a stochastic model to enhance dis-
aster preparedness and response using mobile phone location data. Other studies have
focused on optimizing relief networks, pre-disaster preparedness, and rescue operations
[214, 215, 216, 217, 218|. Integrating these techniques into rice yield prediction models
could enable public sector decision-makers to adjust policies and resource allocation
strategies based on forecasted yields. For instance, in the case of lower-than-expected
yields, optimization models could suggest reallocating subsidies, adjusting irrigation
plans, or prioritizing regions for agricultural support programs. Conversely, in scenar-
ios with higher yield predictions, these models could assist in planning for adequate
storage, distribution networks, and food security measures, ensuring that surplus pro-
duction benefits the wider population. This integration would create a more dynamic,

responsive framework for managing agricultural resources like rice.

3.5 Conclusion

This review synthesizes machine learning-based approaches for pre-harvest rice yield
prediction, evaluating a wide range of methods like neural networks, random forests, and
support vector machines across diverse regions. It highlights key trends in performance,
identifies common data sources, and addresses challenges such as data scarcity and
model generalization. By comparing studies systematically, the review reveals both
the potential and limitations of current models, offering targeted recommendations
for improving data integration, model adaptability, and practical application. These
findings are important for advancing the accuracy and utility of yield forecasts in policy

and agricultural management.
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Abstract

This study builds on the systematic review of rice yield forecasting methods (Chapter 3) to
examine whether machine learning models, trained on openly accessible climate reanalysis
(ERA5) and satellite (MODIS) data, can reliably predict Kharif-season rice yields for 247 dis-
tricts in India several months prior to harvest. Nineteen algorithms, ranging from Orthogonal
Matching Pursuit to CatBoost, were tested on a 20-year dataset. Top models achieved out-of-
sample R2, MAE, and MAPE values as high as 0.82, 0.29, and 0.16, respectively, comparable
to or exceeding benchmarks from prior literature. Further interpretability was provided via
SHAP analysis, which highlighted temperature, soil water content, and leaf area index among
key drivers of yield. To facilitate practical use, an interactive dashboard visualizes regional
predictions and uncertainties, revealing, for instance, higher accuracy in states like Uttarak-
hand than in Uttar Pradesh. These findings offer evidence that scalable, district-level yield
forecasts can become a robust component of India’s agricultural early warning systems, aug-
menting crop monitoring with proactive, impact-based alerts. As a bridge to the next chapter
(Chapter 5), we also note that this forecasting framework can be integrated into optimization-
based decision tools, enabling policymakers and humanitarian agencies to allocate resources

such as cash transfers or fertilizer more precisely in anticipatory action contexts.
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4.1 Introduction

4.1.1 The societal implications of accurate crop yield forecast-
ing in India

Yield forecasting is the science of predicting agricultural productivity as measured by
crop yield — the ratio of the total mass of the harvested product (such as rice) to the
area used to cultivate the crop — before the harvest takes place, typically a few months

in advance [363].

Pre-harvest prediction of crop yields is important in helping a wide range of stakeholders
make better decisions around agricultural planning. For farmers, accurate crop yield
forecasts can facilitate decision-making around what to grow and when to grow it [274].
In addition, near real-time monitoring of crop growth can inform the use of preventive
measures such as irrigation and fertilization to boost agricultural productivity where
needed [364]. For governments, yield prediction is relevant to the formulation of policies
related to national food security, such as pricing policies for domestic markets, and

policy decisions on the import and export of different crops [365].

Accurate crop yield forecasting may also enable better design of insurance products that
mitigate climate risks and stabilize farmer incomes [366]. Weather-based crop insurance,
for instance, uses a weather index such as total precipitation to determine payments
to farmers, meaning that insurance companies do not need to visit farmers to assess
damages and arbitrate claims. Rather, if the weather reaches a certain threshold, rapid
automatic payments can be distributed to farmers, who avoid the need to sell assets to

survive due to adverse climate events [367].

The need for accurate information on crop yields is particularly important in countries
like India, where the agricultural sector provides livelihoods for hundreds of millions of
farmers, with 70% of rural households depending on agriculture for their main source
of income. One of India’s major staple crops is rice, which contributes to 30% of
calories consumed in India and is a key export commodity for the country [368]. India
cultivates rice on about 45 million hectares of land, with a total production of 178
million metric tonnes in 2020 [369]. In addition, the distribution of monsoon rainfall,
which is a major source of water for rice cultivation, has become erratic in recent years
due to climate variability [370, 371]. In such contexts, crop yield predictions may be
able to supplement agricultural early warning systems (AEWSs) that give advanced
notice of potential risks to crop productivity, enabling preemptive action in affected

areas. Previous research has shown that current agricultural monitoring systems lack
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robust crop yield and crop production forecasts, as well as the operationalisation of
such methods at scale [372].

4.1.2 Overview of approaches and variables used to model crop

yields

Crop yield prediction is a challenging problem in precision agriculture, as final yields
depend on a variety of factors such as weather, climate, soil, seed type, and agronomic

practices such as irrigation and fertilizer use [373].

This complexity is evident from the variety of variables included and methods applied
in the growing body of literature on crop yield forecasting. For example, recent ex-
amples in literature involving deep learning approaches include corn and soybean yield
forecasting in the US based on convolutional neural networks (CNNs) and recurrent
neural networks (RNNs) [374], soybean yield forecasting in Argentina based on deep
transfer learning [375], and vineyard grape yield estimations based on CNNs [376]. Re-
cent examples based on machine learning approaches include sugarcane yield prediction
using random forests [377|, prediction of wheat, barley, and canola yields in Western
Australia using random forest [378], yield forecasting of spring maize in Pakistan based
on LASSO regression and support vector machine [379], and Jojoba yield prediction in
Israel based on gradient boosted regression trees [380]. Other examples of the machine
learning approaches that have been applied to yield prediction have been summarized
in a systematic literature review, which also analyzed the variables most frequently
included in crop yield prediction studies. Across 50 studies between 2008 and 2019,
features used as predictors of yield have included temperature, soil type, rainfall, hu-
midity, pH-value, NDVI, wind speed, and more [274].

For studies specific to rice, the staple crop of over half the world’s population [381], a
number of approaches have been applied to yield forecasting in recent years. Recent
examples include rice yield prediction for 81 counties in southern China based on re-
current neural networks [382]; application of the ecological distance algorithm to model
rice yields [383]; field and county-level rice yield prediction based on synthetic aper-
ture radar (SAR), optical and meteorological data [384]; random forest yield prediction
based on high-resolution imagery collected from unmanned aerial vehicles (UAVs) [385];
simulation of yields using the Cropping System Model-CERES-RICE [386]; pixel-scale
rice yield prediction in South Korea based on a combination of deep learning and crop
models [387]; rice yield estimation at 500m spatial resolution based on gradient boosted

regression and vegetation indices derived from the Moderate Resolution Imaging Spec-
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troradiometer (MODIS) [388]; and rice paddy yield prediction using sentinel-based op-
tical and SAR data in India based on random forest [389]. To the authors’ knowledge,

there has been less research on rice prediction at the district-level in India.

4.1.3 Research contributions

This study marks an advancement in the field of rice yield prediction in India by building
a proof-of-concept approach capable of predicting rice yields at the district level for 247

rice-producing districts across India.

First, a novel combination of data sources is used to predict Indian rice yields. These
include data from ERA5, a climate re-analysis product developed by the European
Centre for Medium Range Weather Forecasts (ECMWF), which combines observations
with modelled data to provide hourly data on atmospheric, land-surface, and sea-state
parameters globally [390]. Vegetation data was derived from the MODIS sensors on-
board NASA’s TERRA and AQUA satellites, and a cropland mask (CROPGRIDS) was
used to filter earth observation data according to where rice is grown at a pixel level.
Collectively, these data enhance the model’s ability to capture the intricate effects of

climate variables and vegetation health indices on crop yields.

Secondly, the study creates a spatially matched dataset for rice crop yields in India,
tackling a common problem in yield prediction research: a lack of training datasets
where yield data is accurately aligned with specific geographic locations. Typically,
discrepancies between the names and boundaries in geographic datasets (like shapefiles)
and official agriculture statistics can hinder the effective use of data in research. Fuzzy
matching algorithms were used to align Indian shapefiles (which may have variations
in district names) with official rice yield data from the Indian government to produce
a dataset where yield information is precisely matched to its geographic location. This
matching is important for researchers aiming to spatially aggregate earth observation
data in a manner consistent with available yield data. Making this matched dataset
open source specifically aids rice-related research in India, enabling more accurate earth
observation studies by providing a reliable foundation for correlating satellite data with

actual agricultural outputs.

Thirdly, the study provides a new benchmark for district-level rice yield prediction
in India based on predictions made exploring the predictive effectiveness of 19 ma-
chine learning models such as Light GBM, Bayesian Ridge Regression, and others. This
methodological approach facilitates the identification of the most effective models for

rice yield prediction at the district level. Previous literature on crop yield prediction
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in India has largely focused on using a narrower range of algorithms such as random
forest or support vector machine [274]. A detailed evaluation of model performance is

provided, coupled with the interpretability provided by SHAP values.

Fourth, beyond model development, an interactive dashboard tool was developed, not
only to visualize the yield predictions across each of India’s districts, but also to allow
for detailed diagnosis of model performance. It serves as a practical tool for model
evaluation, offering insights into regional performance variations and facilitating the

identification of areas where predictions may be improved.

Overall, this study offers evidence that scalable crop yield prediction models have the
potential to be integrated into agricultural early warning systems in India, which, as
noted in previous research, currently lack such forecasting capabilities and the means
to operationalize these methods at a scale that contributes towards more resilient agri-

cultural practices and food security planning [16].

4.2 Methods

4.2.1 Study region and brief overview

In this study, climate and remote sensing data were used as predictors to model rice
yields for the kharif season (wet summer monsoon season) from 2001 to 2020 at the
district level in India (India consists of 36 states and 684 districts). In India, more than
half of the annual rice crop is grown during kharif [391], a season which is characterized
by high temperature, high humidity, and medium to high rainfall [392|. Kharif season
rice is typically sowed between the start of June to the end of August and harvested
between the end of September to early January, depending on the region. During the

2019-2020 season, harvesting of Kharif rice was completed in February 2020.

The study involved key steps: ingesting 20 years of climate, vegetation, and rice yield
data via API, pre-processing and aggregating data to match rice yields, training and
evaluating models like Bayesian ridge regression and Light GBM, creating an interactive
dashboard to visualize results and errors, and discussing implications for agricultural
early warning systems. The methods outlined in this research are fully reproducible.
All data, python code, and dashboards can be found on GitHub: https://github.

com/DPhilCode/india_rice_early_warning.
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4.2.2 Data collection

As shown in Table A.1, a range of datasets were used in the rice yield modelling,
including climate reanalysis data, remote sensing data, district-wise historical rice yield
data, and cropland masks. A visual overview of the geospatial data used in this research

are also provided in Figure 4.1.

Climate reanalysis data. Daily climate reanalysis data on temperature, potential
evaporation, surface pressure, leaf area index, total precipitation, and soil water content
was obtained from ERA5 data from the European Center for Medium-Range Weather
Forecasts (ECMWF), which provides global estimates of surface and atmospheric pa-
rameters since 1950 at a resolution of approximately 30*30 km [393|. Climate reanaly-
sis data, which are often freely available, provide temporally and spatially homogenous
data [394], which makes them suitable for applications such as crop yield prediction in
contexts where in-situ weather station measurements are inadequate or incomplete. In
addition, weather stations vary in their accuracy and generally record a limited number
of variables, such as rainfall, temperature, pressure, and wind speed; variables that are
more technically demanding to measure, such as humidity and solar radiation, may be

lacking [395].

The climate variables used in this study were selected due to their influence on rice
yields. An extensive body of research has shown that rice growth is affected by factors
such as soil water content [396], temperature [397|, potential evaporation (as a proxy
for transpirational demand) [398], surface pressure [399], and precipitation [400]. These
variables can impact rice development across phenological stages. Past case studies in
India have shown the approximate number of days taken for each stage: the sowing
to tillering phase (P1) can range from 30 to 60 days, and the rate of tillering tends to
increase under higher temperatures; the tillering to panicle initiation phase (P2) can
range between 42 to 49 days; the panicle initiation to flowering phase (P3) can range
from 12 to 28 days; the flowering to milk phase (P4) can range from 7 to 20 days;
and the mil to physiological maturity phase (P5) can range from 17 to 31 days [401].
One study showed reported a linear relationship between the days taken from sowing

to flowering and average air temperature [402].

Remote sensing data. Normalized Difference Vegetation Index (NDVI) is a dimen-
sionless index that describes the difference between visible and near-infrared reflectance
of vegetation cover, and can be used to estimate the density of green on an area of land
[403]. To determine the density of green on a patch of land, the wavelengths of visi-
ble and near-infrared sunlight reflected by the plants are observed. NDVI values range
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Figure 4.1: Overview of the geospatial data used in this research. The panels show,
respectively: cultivated rice area in India; snapshots of temperature, total precipitation,
potential evaporation, surface pressure, soil moisture, and leaf area index from the
ECMFW (average values of January 2022); NDVI data from NASA’s MODIS (average
values of January 2022); and district-level rice yield data from India’s Ministry of
Agriculture and Farmers Welfare (in 2020).

5



4. Feasibility of machine learning-based rice yield prediction in India

from -1 to -+1; higher values of NDVI imply healthy and dense vegetation, whereas lower
NDVT values indicate sparser vegetation. NDVI data was obtained from the Moder-
ate Resolution Imaging Spectroradiometer (MODIS) onboard NASA’s Terra and Aqua
satellites, due to their wide coverage and temporal resolution. The MOD13A3 v061
product was used to provide monthly NDVTI data at a per pixel basis at 1km resolution.
Monthly averages of vegetation indices can help to mitigate the impact of short-term
missing values. By averaging over a month, the product reduces the influence of occa-

sional cloud cover or other issues that might affect individual daily observations.

There are several examples in academic literature of using NDVI to investigate the
progress of crops, such as for wheat in Argentina [404], cereals in Europe [405], and rice
in Vietnam [406]. NDVI data was masked using CROPGRIDS, a global, geo-referenced
dataset providing information on areas for 173 crops circa the year 2020, at a resolution

of 0.05° (~ 5.55 km at the equator) [407].

Yield data. District-level rice production and yield data from 1995 to 2021 for 367
districts were obtained from the APY dataset of the Directorate of Economics and
Statistics in India’s Ministry of Agriculture and Farmers Welfare [408|. In this dataset,
the year denotes the year in which the crop was harvested. For kharif season rice,
the sowing is in the previous calendar year [409]. The raw yield data were aligned
with a shapefile representing Indian districts. This alignment was achieved using the
FuzzyWuzzy library in Python, which employs the Levenshtein distance to address the
challenge of slight spelling discrepancies in the district names between the yield data
and the shapefile [410].

Data ingestion. Data used in this analysis were programmatically downloaded via
API and automated Python scripts. ERA5 data was ingested via the CDS API, while
NDVI data was ingested via USGS’ AppEEARS API.

Table 4.1: Earth observation datasets used in the machine learning models. A range of
agronomically-relevant datasets were used as predictors of the target variable (district-
level rice yield in India); rice areas masks were used to filter NDVI data by rice-growing
area.

Data type Parameter Description Unit Source
Climate Potential A measure of the extent to which near-surface m ECMFW
reanalysis evaporation (pev) atmospheric conditions are conducive to the (ERA5)

process of evaporation.
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Table 4.1 continued from previous page.

Data type Parameter Description Unit Source
2m-temperature The temperature of air at 2m above the surface K ECMFW
of land, sea or inland waters. 2m temperature is (ERA5)
calculated by interpolating between the lowest
model level and the Earth’s surface, taking
account of the atmospheric conditions.

Total The accumulated liquid and frozen water, m ECMFW

precipitation comprising rain and snow, that falls to the (ERA5)
Earth’s surface. It is the sum of large-scale
precipitation and convective precipitation.

Leaf area index, The surface area of one side of all the leaves m2-m2 ECMFW

low vegetation found over an area of land for vegetation (ERAS5)

(LAI) classified as ’low’. 'Low vegetation’ consists of
crops and mixed farming, irrigated crops, short
grass, and more.

Surface pressure  The pressure (force per unit area) of the Pa ECMFW
atmosphere on the surface of land, sea and (ERAS5)
inland water. It is a measure of the weight of all
the air in a column vertically above the area of
the Earth’s surface represented at a fixed point.

Volumetric soil The volume of water in soil layer 1 (0 - 7cm, the m3-m™3 ECMFW

water (SWVL1) surface is at Ocm). (ERA5)

Remote Normalized A dimensionless index that describes the (-) NASA
Sensing Difference difference between visible and near-infrared EOSDIS

Vegetation Index reflectance of vegetation cover, and can be used (AQUA

(NDVI) to estimate the density of green on an area of MODIS)
land. This study leveraged the MOD13A3 v061
product, which provides 16-day and monthly
vegetation index values at a per pixel basis at 1
kilometer (km) spatial resolution.

Crop mask  Rice crop mask A comprehensive global, geo-referenced dataset ha CROP

providing information on areas for 173 crops
circa the year 2020, at a resolution of 0.05°
( 5.55 km at the equator).

with a rice cropland layer.

7

4.2.3 Data pre-processing and feature engineering

Climate data from ERA5 in NetCDF format over a bounded area comprising India
was clipped to the Indian country boundary. NDVI data from NASA’s AQUA MODIS
satellite in NetCDF format were clipped to the Indian country boundary and masked

Next, the climate variables and NDVI were aggregated to the district level based on
zonal statistics. The vector geometry data for India’s ADM2 (district-level) boundaries

which raster pixels were aggregated to were obtained from the Database of Global Ad-
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ministrative Areas (GADM) [411]. District-level yield data from APY was then merged
to the climate and remote sensing data aggregated at the district level to produce a
spatially consistent geodataframe. Yield outliers beyond three standard deviations were

removed as they were assumed not achievable at the district level in India [388].

Feature engineering was conducted to produce monthly averages for the climate and
NDVT parameters for every month between May and November, corresponding to the
full sowing and growing period for kharif rice [388|. This process was repeated for all
variables to produce a set of 52 features used as input for the modelling. The months
selected for climate and NDVTI feature aggregation were chosen to reflect the full range
of rice growth stages, including the grain filing, vegetative, and reproductive stages
[412].

The scope of this study was limited to weather and satellite data because these data
sources are available at large scales and can be accessed programmatically via APIs. The
aim of this study is to demonstrate whether weather and satellite data alone can provide
strong predictive performance for rice yields. This focus ensures that the model remains
practical and scalable. Nevertheless, the district identifier was used as a feature in the
model to account for district-specific characteristics. This approach is consistent with
yield prediction focused on other crops beyond rice [274]. An assumption here is that
by including the district, the model indirectly incorporates region-specific management
practices such as fertilizer application, tillage practices, and other crop management

techniques that vary across districts.

4.2.4 Model development and interpretation

This study developed and tested the performance of multiple rice yield prediction mod-
els based on a variety of machine learning models. These included LightGBM, an
efficient and distributed gradient boosting framework that uses tree-based learning,
Bayesian ridge regression, which has been recognized for its ability to deal with hierar-
chical data structures, gradient boosting regression, random forest, Huber regression,
decision tree regression, elastic net regression, AdaBoost, orthogonal matching pursuit,

and extremely randomized trees.

The models above were trained on district-level data for 2001 to 2018 (4,606 observa-
tions), and validated on out-of-sample test data for 2019 and 2020 (502 observations).
The data was split in a manner that reflects how yield prediction models may be used
in practice, avoiding random splits in favor of chronological splits to help ensure the

model’s robustness to future, unseen data. This out-of-sample approach to testing re-
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gression models with temporal dependency has been shown to be more robust than
cross-validation approaches tailored to time series problems [413]. For model training,
default hyperparameters were used for consistency across models and to enable fair
comparison. A large-scale study has shown that hyperparameter tuning often results
in marginal performance gains compared to default parameters for regression models
such as random forest or XGBoost [414]. The full code behind the model development
is provided in the GitHub link in section 2.1.

The top-performing models were evaluated based on three out-of-sample performance
measures including R2, Mean Absolute Error (MAE), and Root Mean Square Error
(RMSE). Also reported were Mean Squared Error (MSE), Mean Absolute Percentage
Error (MAPE), and Root Mean Squared Logarithmic Error (RMSLE). In addition,
model results were evaluated based on prediction error plots, residual plots, and spatio-
temporal plots of prediction error to evaluate potential model bias (for example, better
model performance for certain rice-growing regions of India). Lastly, Shapley Additive
exPlanations (SHAP) were used to explore the impact of features on model output
[415]. SHAP values are a model-independent methodology used for quantifying the
significance of features in predictive modeling. The SHAP of feature j for observation
¢j(x) is defined as

o= Y EEOEIED o ) - fe) @
SC{L,....M¥\{5}

where j is the feature evaluated, M the total number of features, S a subset of the full
feature set {1,...,M} that does not include the feature j, x5 a subset of features in S,

and f the model’s prediction function [416].

4.2.5 Computation

Data ingestion, pre-processing, and modelling was conducted in a conda-based python
environment with a diverse set of python libraries. Data processing and geospatial
operations were carried out using python libraries including numpy, xarray, pandas,
rasterio, rasterstat, and geopandas. Modelling and visualization was conducted using

python libraries including scikit-learn, pycaret, matplotlib, and seaborn.
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4.2.6 Interactive visualization for model evaluation and decision-

making

Visual dashboards can serve as a helpful tool for making the outputs of analytical mod-
els more comprehensible to stakeholders by converting predictive analytics into easily
interpretable visual formats. This transformation is particularly beneficial for users
from various backgrounds, including farmers, policymakers, and researchers, as it facil-
itates their engagement with and comprehension of the data. For example, platforms
like Streamlit and PowerBI have been used to build visual web applications and dash-
boards across diverse fields, such as bioinformatics, bacterial testing, financial auditing,
twitter sentiment analysis, credit card fraud detection, drug target prioritization, and
pharmaceutical sales forecasting [357, 358, 359, 360, 361, 362].

In this study, we utilize the dashboard to not only visualize the model’s predictions, such
as forecasted yields in each Indian district, but also to offer insights into the model’s
diagnostic aspects, like its varying predictive accuracy across different regions. We
developed two distinct visual dashboards: the first provides a clear, spatially detailed
overview of the model’s forecasts, and the second aids in identifying and understanding

any potential errors in the model’s performance.

4.3 Results and discussion

This study assessed the feasibility of predicting pre-harvest rice yields in India using
machine learning models, with a focus on satellite and climate reanalysis data. The
results, which are detailed in the subsequent sections and compared to other global
studies of rice yield prediction, show that the models achieve strong performance across
several metrics in out-of-sample tests. Such results affirm the potential of these models

for rice yield forecasting and provide a benchmark for predictive precision in the field.

4.3.1 Overview of out-of-sample model performance

Table 4.2 summarizes the out-of-sample (validation set) performance across the models
tested: R2, MAE, and MAPE values of up to 0.82, 0.29, and 0.16 respectively were
achieved. Compared to out-of-sample results reported in previous literature on rice yield
prediction in different parts of the world, the models perform well. For instance, one
study which developed rice yield prediction models for China based on support vector
machine regression, neural networks, and random forest, achieved R2 values ranging
from 0.24 to 0.31 and MAE values ranging from 0.58 to 0.66 t/ha [417]. Another study
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estimating rice yields in Vietnam’s Mekong Delta reported out-of-sample MAE values
ranging from 0.46 to 0.55 t/ha for Winter and Summer rice models [418]. A study on
county-level rice yield prediction in China’s Jiangsu province reported out-of-sample
R2 values of 0.39 to 0.59 on an independent holdout set [384]|. A study on pixel-scale
rice yield prediction in South Korea reported test-set R2 values of 0.80 [387]. One
image-driven yield prediction study reported test-set R2 values of 0.65 [419]. A study
using multi-temporal UAV-based multispectral vegetation indices reported test set R2
values of up to 0.80 [420].

Table 4.2: Model performance on out-of-sample test data shows that the top three
(based on R2 and MAPE) models include Random Forest, CatBoost, and Light Gra-
dient Boosting. Experiment 1 (“all features”) shows results for model runs including
climate/satellite-derived features and the “Year” and “District” features. Experiment 2
shows results for model runs trained exclusively using climate and satellite data obser-
vations (“EO features only”).

Model Experiment 1 — all features Experiment 2 — EO features only

MAE RMSE R2 MAPE MAE RMSE R2 MAPE

Random Forest Regressor 0.31 0.41 0.80 0.16 0.45 0.56 0.63 0.25
CatBoost Regressor 0.29 0.39 0.82 0.18 0.43 0.53 0.67 0.24
Light Gradient Boosting Machine  0.31 0.41 0.80 0.19 0.44 0.56 0.64 0.25
Extreme Gradient Boosting 0.33 0.43 0.78 0.19 0.44 0.58 0.61 0.23
Orthogonal Matching Pursuit 0.33 0.46 0.76 0.20 0.76 0.96 -0.08 0.49
Decision Tree Regressor 0.41 0.56 0.63 0.20 0.58 0.81 0.24 0.33
Bayesian Ridge 0.33 0.46 0.76 0.21 7.51 11.81 -161.70 4.15
Gradient Boosting Regressor 0.32 0.41 0.80 0.21 0.50 0.62 0.55 0.28
Ridge Regression 0.34 0.47 0.75 0.21 0.61 0.78 0.30 0.37
Huber Regressor 0.33 0.46 0.75 0.21 0.75 0.95 -0.06 0.49
K Neighbors Regressor 0.39 0.51 0.70 0.21 0.55 0.70 0.44 0.31
Linear Regression 0.36 0.48 0.73 0.21 0.61 0.78 0.29 0.36
AdaBoost Regressor 0.45 0.55 0.65 0.27 0.63 0.75 0.34 0.40
Passive Aggressive Regressor 0.48 0.62 0.56 0.31 0.70 0.91 0.04 0.51
Elastic Net 0.66 0.81 0.24 0.41 0.74 0.94 -0.04 0.49
Lasso Regression 0.80 0.99 -0.13 0.53 0.74 0.94 -0.03 0.49
Lasso Least Angle Regression 0.80 0.99 -0.13 0.53 0.76 0.96 -0.07 0.48
Dummy Regressor 0.80 0.99 -0.13 0.53 0.80 0.99 -0.13 0.53
Least Angle Regression 1.90 2.35 -5.42 0.99 2.33 2.98 -9.34 1.21

The results also perform well compared to studies which only reported in-sample per-
formance metrics. One study on rice yield modelling in Bangladesh reported in-sample
R2 values ranging from 0.44 to 0.91; out-of-sample performance was not reported [421].

Another study on rice yield in China report in-sample R2 values of 0.77, lower than
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the out-of-sample R2 performance achieved in this study of 0.82 [422]. For rice yield
prediction in the Philippines, one study reported an in-sample RMSE of 0.46 t /ha [423].
Another study using drones reported in-sample R2 values of 0.60 to 0.81 for rice yield
prediction in Japan based on NDVI [424].

While these are not direct comparisons (i.e., other studies were done for rice in different
regions and had different experimental setups), we have provided them to give the
reader a range of the current state of the literature. This helps contextualize our
findings within the broader scope of rice yield prediction studies, highlighting typical

performance metrics achieved across various models.

4.3.2 Errors, residuals, and SHAP value analysis

As shown in Figure 4.2, observed and simulated yields show a high level of agreement for
some of the top-performing models including the random forest, CatBoost, and Light-
GBM regressors. In addition, the residual plot residual plots show that the majority of
both training set and test set observations are randomly dispersed along the horizontal
axis, indicating a reasonable low level of bias and homoscedasticity. The distribution
of residuals here is roughly centred around zero but with some skewness, indicating the

potential presence of outliers.

In addition to the errors and residuals, the SHAP summary plots in Figure 4.3 con-
cisely display the magnitude, prevalence and direction of a variable’s effect on final
rice yield. The plots reveal that important variables include temperature, soil water
volume (“SWVL1”), NDVI, and LAI in selected months. The importance ranking of
these variables corroborates previous findings that factors such as soil water content,

temperature, and NDVI are important factors in estimating rice growth [396, 397].

A closer analysis of the specific impacts of features on rice yield is shown in the right-
hand side panels of Figure 4.3. For instance, increases in temperature in August, which
coincides with the sowing to panicle initiation phases of rice growth, are associated with
higher yields, corroborating previous findings in India that above average yields may
be associated with higher maximum temperatures [401]. The full set of SHAP plots for

all features is available in the analysis output on GitHub.

4.3.3 Interactive visualization tool

In addition to the SHAP plots, which provide insight into how variables drive yield

outcomes, two visual dashboards were developed to (a) provide an easy-to-understand,
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Figure 4.2: Comparative evaluation of selected models, including Random Forest, Cat-
Boost, and LightGBM regressors using prediction error and residuals analysis. Two
years of observations (502 observations in total) where used for the out-of-sample vali-
dation data, on which the Random Forest, CatBoost, and Light GBM models have test
R2 values of 0.80, 0.82, and 0.80 respectively. Residuals are mostly centered around
zero, but CatBoost shows a skewness in error distribution. The histogram of residuals
indicates Random Forest and CatBoost have a tighter error distribution compared to
Light GBM’s broader range.
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Figure 4.3: Interpretation of SHAP values for selected features in the rice yield pre-
diction random forest model. The SHAP feature importance plot (left panel) exhibits
the impact of various features on the model’s output. Higher SHAP values indicate a
greater influence on the predicted yield. The coloring on the feature importance plot
represents the value of the feature for each data point. Blue points indicate low feature
values, while pink points represent high feature values. This color gradient allows us
to visualize not only the impact (magnitude of the SHAP value) each feature has on
the model output but also the distribution of the feature’s values. For instance, when
examining "Temperature August’, we can see a mix of pink and blue points across a
range of SHAP values, indicating a diverse range of temperatures in August within the
dataset and how these varying temperatures correlate with the rice yield prediction.
The top right panel presents a SHAP dependence plot for temperature in August, illus-
trating a correlation between higher temperatures and increased SHAP values for rice
yield. The intensity of the color indicates the interaction effect, with a notable interac-
tion with LAI in August, as higher LAT values (depicted in red) intensify the impact of
temperature on yield. The bottom right panel depicts a SHAP dependence plot for soil
water volume (SWVL1) in August, showing the relationship between SWVL1 values
and SHAP values. This plot reveals that certain values of SWVL1 are associated with
lower or higher SHAP values, indicating its varying influence on yield predictions, with
the color intensity representing the interaction with NDVI in May.

spatially explicit summary of model predictions, and (b) to help to identify potential

biases in model performance. These are shown in Figure 4.4 and Figure 4.5.
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For example, in Figure 4.4 for the year 2020 (one of the test set years) the dashboard
shows that districts in the state of Chhattisgarh with expected yield increases relative
to the previous year included Jashpur, Korba, and Koriya, where yields were expected
to increase by 52%, 22%, and 22%, respectively. In another example, districts in the
state of Gujarat such as Kheda and Sabar Kantha were expected to see yields decrease

by 27% and 21% respectively according to the model.

In addition to a visual representation of the predictions, the dashboard also provides
a spatial view of prediction errors in order to more easily identify areas where model
predictions may be inaccurate (Figure 4.5). For instance, the dashboard shows that on
average, the absolute percentage error for predicted versus actual yields ranged from an
average of 7.1% in districts in Uttarakhand to an average of 14.7% in Uttar Pradesh,

implying that the model may perform better in some regions than others.

4.3.4 Limitations and future research directions

Below, we present a non-exhaustive list of potential future research directions to build
on the results of this research, including: refining model accuracy by exploring addi-
tional variables; communicating the outputs of yield prediction models in early warning
systems by leveraging large language models; modeling how policymakers can help to
disseminate the yield predictions-based early warning tools; and combining yield pre-
diction modeling results with optimization approaches to support to anticipatory aid

allocation efforts.

Modeling enhancements to increase predictive power. Increased predictive
power of rice yield model may potentially be achieved by incorporating a wider ar-
ray of agronomically relevant climatological variables. Prior investigations have high-
lighted the influence of thermal extremes, precipitation extremes, daytime humidity
variations, and solar radiation on rice yields [401]. In addition, agricultural yield mod-
els — particularly those that are grounded in time series analysis — may stand to gain
from incorporating additional auto-regressive elements, rolling averages, or cumulative
indices, such as total sunshine hours or cumulative rainfall since rice sowing [425]. Be-
yond remotely sensed variables, yield models may also benefit from the inclusion of
variables related to socio-economic changes in farmer populations, cultural and agro-
nomic management practices that affect rice cultivation, plant varieties, and market or
policy-related shifts that provide incentives for farmers to cultivate their crop in differ-
ent ways [426, 427, 428, 429]. In addition, model experimentation could be conducted
with different combinations of these features in order to determine how to minimize the

difference in prediction accuracy across different regions of India.
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PREDICTED RICE YIELDS IN RICE-GROWING REGIONS OF INDIA RELATIVE TO PREVIOUS YEAR
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Figure 4.4: Interactive dashboard of yield prediction model outputs. The top panel
shows a map of India with a colour coding applied to different districts to indicate
the predicted yield values. Shades of blue indicate an increase in yield and shades of
red denote a decrease in yield compared to the prior year’s yield. Accompanying the
map is a bar chart that provides a state-level summary and a table that enumerates
the district-level predicted yields and the percentage change from the previous year
across all states and districts. The bottom panel provides a similar comparative yield
prediction, but focuses on the state of Uttar Pradesh. The dashboard is downloadable
on GitHub.
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INDIA RICE YIELD PREDICTION MODEL DIAGNOSTIC RESULTS
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Figure 4.5: Interactive dashboard showing spatial view of yield prediction model error.
The top panel provide model diagnostic information. The visual shows a map with the
average percentage error by region; a scatter plot comparing the predicted yield and
the actual yield; and a line graph showing the actual yield and predicted yield each
year. The lower panel shows a similar view, zoomed in to districts within the state of
Rajasthan. The dashboard is downloadable on GitHub.
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However, the augmentation of the feature set should also be approached with caution,
as an expanded variable set can inadvertently lead to over-fitting, introduce feature
redundancy, and complicate model interpretability. In scenarios where model clarity
and understandability are important, a more conservative approach with a reduced
set of features might be advisable to streamline the interpretive process, allowing for
clearer insights and more straightforward decision-making [430]. Approaches which
balance model interpretability with overall accuracy may be more helpful to decision

malkers.

Leveraging large language models to communicate yield prediction results.
Additional research is needed on how access to climate and yield anomaly information
via user-tailored interfaces can help mitigate meteorological shocks for agricultural com-
munities. Studies have shown that inadequate access to climate information in South
Asia has been observed as a factor driving perceived losses in farming communities
[431].

Large language models (LLMs) may have potential to enhance the utility and accessi-
bility of crop yield prediction models. By integrating LLMs with rice crop yield models,
the data these yield models generate can be transformed into concise reports dissem-
inated through channels such as text message-based farmer advisories or agricultural
extension services. LLMs are able to process both structured and unstructured data,
such as summarizing tabular data on yield predictions for various regions and trans-
lating these summaries into different local languages, thus increasing their accessibility
and ease of understanding [432, 433].

Moreover, LLMs may have the potential to offer personalized agronomic advice based on
location-specific yield predictions. Their proven capability in handling expert-level tasks
across various fields, including agronomy, suggests they could be effectively deployed
in agricultural settings [434]. For instance, existing digital solutions like KissanGPT,
a chatbot designed to assist farmers with queries such as optimal fertilizer application,
indicate the practical applications of LLMs in agriculture [435]. LLMs could help
make rice yield prediction models more accessible to farmers through web platforms or
mobile messaging applications, like WhatsApp, allowing for interaction in their native
languages. Examples of mobile-based agricultural early warning systems have included

wheat rust disease alerts in Ethiopia and weather alerts in Zimbabwe [436].

Yield prediction systems that leverage LLM technology to communicate outputs may
also help bolster agricultural extension services. Bangladesh, for instance, has boosted

support services for farmers, including enhanced information access and extension ser-
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vices, via the government’s "Info Sarkar’ project, which aims to link government offices
nationwide and has established over 4,500 internet-equipped Union Digital Centres
(UDCs) to aid rural communities. Studies indicate these centers are being effectively
utilized by educated youths, suggesting a potential for these individuals to lead in

disseminating climate adaptation strategies to farmers [431].

Such agricultural extension services could benefit from additional digital aid such as
LLMs that are able to distill agronomic science in a manner that is understandable and
actionable for farmers, especially in contexts where agronomic advice should be dis-
seminated in a context-specific manner. Advisories could be targeted based on whether
farmers socio-economic status, the size of their farms, the level of internet connectivity,
household income, amongst other factors. Past research has shown that differences
in farmers backgrounds can significantly affect adoption of agricultural technologies,
suggesting that tailored advice may be an important prerequisite for helping farmers
adapt their agronomic practices in the face of climate-related risk [437]. The outputs
of LLMs could be further bolstered with specialized recommendations by analytical
decision support tools such as Nutrient Expert, a nutrient management tool that helps

farmers boost yields [438].

Modelling the dissemination of yield prediction outputs. Building yield predic-
tion systems that are tailored to local needs may help to boost resilience in agricultural
communities. However, good design alone may be insufficient for widespread adoption.
There is also a need to anticipate how external factors (such as mobile network cover-
age or regional agroclimatic variation) might affect the diffusion of this technology in a

society across time and space, and how policymakers can enhance and sustain adoption.

The adoption of these systems could potentially be modeled using principles of the
Diffusion of Innovation theory [439]. This theory provides a framework to understand
how innovations are taken up in a population, highlighting the role of early adopters
and the subsequent spread through social and communication networks. In the context
of yield prediction systems, this might involve analyzing how the perceived advantages
and compatibility with existing practices influence the rate of adoption among farmers

or agricultural extension workers.

Furthermore, computational models of diffusion, such as the Bass diffusion model, can
offer insights into the expected rate of technology uptake. These models provide a means
to simulate and anticipate the adoption curve, taking into account various societal
and technological factors [440]. By understanding the likely trajectory of technology

diffusion, policies can be tailored to support and accelerate adoption, ensuring that the
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benefits of yield prediction systems are maximized. Applications of Bass-like models
are numerous in the literature, but have yet to be applied to agricultural early warning
technologies. Studies have applied the methodology to forecasting the diffusion of
innovations including novel foods such as edible insects in the Netherlands, groundwater
pumps in Pakistan, preterm birth screening technology, fuel cell vehicles in China, and
solar water heaters in Brazil [441, 442, 443, 444, 445, 446|.

Leveraging yield prediction models for anticipatory aid allocation. Another
potential area of research could involve investigating how to effectively integrate yield
prediction algorithms into decision-making tools for the public sector to enhance the
strategic allocation of humanitarian aid in response to weather-related challenges. For
example, algorithms that produce anticipated rice yields in specific areas could be com-
bined with optimization algorithms can assist government decisions on the anticipatory
allocation of resources such as financial support, fertilizers, fungicides, and water re-

sources among affected farming communities.

While examples of such optimization applied specifically to anticipatory aid allocation
in agricultural settings are limited, there is a growing body of research on applications
of operations research applied to humanitarian aid [447]. Examples of using optimiza-
tion approaches (such as linear mixed integer programming, stochastic programming, or
multi-objective optimization) in relevant contexts include: aid disbursement following
the 2010 Haiti earthquake [448]; optimal aid disbursement in response to internal dis-
placement in northwest Syria [449]; post-disaster distribution of essential humanitarian
aid (medicine, food, and water) from temporary warehouses to points of demand in Peru
[450]; optimal location planning of warehouse locations to store relief items in Thai-
land [451]; logistics distribution of essential relief items during COVID-19 lockdowns
in Bangladesh [452]; optimization of United Nations Humanitarian Response Depot
distribution plans [453]; humanitarian relief logistics in both pre- and post-disaster sit-
uations in presence of uncertainty [454]; and the World Food Programme’s Optimus

tool, which leverages linear programming to optimize food aid operations [455].

4.4 Conclusion

This study advances the state of the art in district-level rice yield prediction in India
through an integrated approach, combining ERA5 climate reanalysis, MODIS satellite
vegetation indices, and a novel, spatially matched yield dataset. By evaluating 19
machine learning models, the research establishes benchmarks for accuracy, achieving
out-of-sample R2, MAE, and MAPE values of up to 0.82, 0.29, and 0.16, respectively.
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The development of an interactive dashboard tool offers a means for visualizing yield
predictions and assessing model performance across regions. This approach not only
demonstrates the feasibility of using machine learning for rice yield forecasting at the
district level in India, but also provides a benchmark for predictive accuracy against
which further algorithmic innovations can be easily compared. The results offer evidence
that machine learning-based rice yield prediction may have the potential to augment
Indian agricultural early warning systems with robust crop yield prediction capabilities.
While the focus of this study was Kharif-season rice in India, the findings suggest
that the approach could be replicated and scaled to other regions, warranting further

investigation.
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5 Planning ahead: optimizing early
warning-driven anticipatory action cash

transfers via an open-source web application

Chapter currently under review in International Journal of Disaster Risk Reduction.

Abstract

This chapter unites the earlier developments in early warning and yield forecasting with tar-
geted anticipatory action, showing how mathematical programming can harness those forecasts
to strategically allocate cash transfers in advance of disasters. By merging vulnerability data,
whether drawn from simulated hazard maps or operational early warning systems, our open-
source decision-support tool distributes pre-disaster funds over multiple time steps, ensuring
that the most at-risk farming communities receive timely and proportionate support. Using
West Bengal in India as a case study, we present an interactive web application geared to-
ward humanitarian aid stakeholders, from policymakers to NGO field officers, that enables
parameter tuning (e.g., budgets, hazard intensity) and displays optimized payout maps with-
out requiring coding expertise. Our results also indicate that this approach scales efficiently to
thousands of locations, setting the stage for wider deployment. The approach is tested in real-
world applications via simulations across a range of scenarios and compared to a blanket aid
allocation approach. By linking impact-based early warnings to a straightforward, rigorously
tested allocation framework, this work advances the overarching thesis objective: designing
anticipatory measures that are not only prompt but also equitable, data-driven, and highly

effective in safeguarding vulnerable agricultural livelihoods.
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5. Optimizing early warning-driven anticipatory action cash transfers

5.1 Introduction

5.1.1 The case for optimizing anticipatory action

In agricultural regions worldwide, communities are increasingly vulnerable to climate-
related crises, including droughts, floods, and erratic temperature shifts [60, 61, 62, 84,
456, 457|. Anticipatory action, a proactive approach to disaster management informed
by early warnings, aims to reduce the impacts of these crises by enabling preparedness
before disasters strike [20]. For example, distributing cash transfers to farmers ahead
of a predicted drought or subsidizing seeds for flood-resistant crops has proven to be
more cost-effective than reacting after the fact [458|. This approach has gained trac-
tion among governments and international aid organizations, reducing response costs
while safeguarding livelihoods in regions such as East Africa and Mongolia [459, 64]. In
Bangladesh, where the 2020 monsoon floods were among the most severe in decades,
anticipatory cash transfers of BDT 4,500 (about $53) helped nearly 3,800 vulnerable
households evacuate, protect assets, and avoid high-interest debt, demonstrating the
potential of forecast-based funding to mitigate disaster impacts [266]. Anticipatory
action frameworks now operate in 47 countries, with 107 programs safeguarding 10.9
million people using $147.8 million in pre-agreed funding. In 2023 alone, 98 activations
reached 12.8 million people with $198 million. Successful examples include Kenya’s
livestock protection (boosting milk yields) and Mongolia’s winter feed distribution (re-
ducing livestock deaths) [64].

Anticipatory action holds promise but can fall short when implemented with overly
rigid triggers and blanket interventions. Traditional approaches often deploy support,
such as cash assistance, after rainfall drops below a fixed threshold for droughts or when
flood predictions reach a certain probability. Although these triggers help mobilize aid,
they do not always account for the diversity of needs within affected regions. Two neigh-
boring villages might both experience drought conditions that activate cash transfers,
for instance, yet one village may have reliable groundwater resources while the other
lacks them entirely. Distributing the same level or type of assistance in both cases could
lead to inefficiencies or unintended inequities. For example, one study highlighted the
gaps in determining “the optimal balance between in-kind service delivery and cash as-
sistance” and “the frequency and amount of distributions” [64]. As highlighted in recent
studies, decisions around how much aid to provide, what form it should take (e.g., cash
versus in-kind), and how often it should be distributed must adapt to local realities. To
achieve fairer, more impactful outcomes as anticipatory action scales globally, organi-

zations can minimize subjective judgment by integrating nuanced, data-driven criteria,
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ensuring support is tailored to varying community contexts rather than triggered by a

single indicator alone [31, 460)].

Optimized anticipatory action harnesses tools from operations research and mathe-
matical optimization to allocate resources strategically, moving beyond fixed triggers
and uniform responses to evaluate complex trade-offs under uncertainty. For instance,
policymakers must decide whether to prioritize cash subsidies in one district while
distributing water pumps in another, or how to allocate limited funds to achieve max-
imum impact under tight budget constraints. These challenges, mirrored in simulation
games like those developed by the Red Cross Red Crescent Climate Centre [63], reflect
real-world pressures faced by governments and humanitarian organizations, such as in-
vesting in cash transfers, distributing seeds, or funding micro-irrigation systems with
incomplete data and limited time. In India, for example, a recent monsoon failure left
farmlands “reduced to rubble,” yet only 10% of affected farmers reportedly received any

compensation, with some still awaiting support more than a year later [461].

While methods in mathematical programming, such as linear and stochastic program-
ming, have been extensively studied in humanitarian logistics, such as in optimizing
food distribution networks and supply chain operations [211, 214, 215], their applica-
tion to anticipatory action remains largely unexplored. By explicitly framing decisions
in terms of objectives, constraints, and uncertainties, optimization offers a structured
framework to make anticipatory action more scalable, equitable, and impactful, ad-

dressing the inherent trade-offs and resource constraints that limit its effectiveness.

5.1.2 Allocating anticipatory funds under early warning

When organizations involved in anticipatory action (ranging from national Red Cross
and Red Crescent societies to Caritas affiliates, and from local governments working in
partnership with UN agencies or international NGOs) receive an impact-based forecast
that a flood, cyclone, or drought is imminent, they unlock a ring-fenced pot of “anticipa-
tory” money [64]. Their task is to turn the rapid flow of early-warning intelligence such
as ensemble weather forecasts, satellite rainfall estimates such as CHIRPS [462], river-
basin flood models like GIoFAS [463], and static layers on poverty or coping capacity
[464] into a concrete plan that specifies who should receive what support, where, and
when. In settings where fairness across subregions matters, the affected area may also
be partitioned into analyst-defined groups, such as administrative zones, spatial bands,
or livelihood categories, so that allocations can be compared across those groupings
as well as across individual pixels. Together, these data streams highlight geographic

hotspots where lives and livelihoods are most at risk days to weeks before landfall.
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The organization must then decide how to spend a limited, pre-agreed budget: for
example, whether to send cash, fertilizer, or water pumps; how much to send to each
village; and how to do so fairly across districts while staying within logistical and stock
limits. The overarching objective is simple in principle: shield the greatest number of
vulnerable people before the hazard hits. But this objective must be balanced against
real-world constraints on money, time, and delivery capacity. The methodology section
that follows shows how this decision problem can be formalised and, in the context
of India, solved with optimisation tools to produce a transparent, auditable allocation

plan.

5.1.3 Contributions of this research

In this decision-making context, the present study centers on India, a country where
heightened climate variability and an extensive agricultural sector underscore the ur-
gency of effective anticipatory action strategies [465]. West Bengal, in particular, exem-
plifies the challenges and opportunities for pre-disaster interventions. With a history
of cyclones, floods, and crop losses, regions such as Purba Medinipur illustrate how
optimizing anticipatory aid allocations could mitigate adverse impacts on vulnerable
farming communities [466]. By examining this specific setting, the study advances un-
derstanding of how mathematical optimization can refine and scale anticipatory action

efforts where constraints on time and resources are pronounced.

This paper makes six main contributions, organized into advances for research and

practical tools for policymakers and practitioners:

New research contributions

e Pixel-level, time-phased MILP for anticipatory aid allocation. We ex-
tend existing optimisation-based approaches by formulating a spatially disaggre-
gated, multi-phase mixed-integer linear programming (MILP) model that bal-
ances equity, vulnerability, and logistical constraints. This advances anticipatory
action research by explicitly integrating dynamic spatial-temporal trade-offs into

resource allocation decisions.

e Pixel-level hazard vulnerability simulation pipeline. We develop a hazard
simulation module that generates detailed, pixel-level vulnerability maps from
synthetic disaster scenarios. Structured to accept real-time early warning inputs,
this pipeline bridges the gap between scenario-based vulnerability assessment and

real-time operational readiness, allowing rigorous validation of anticipatory opti-
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misation methods.

e Scalability testing across spatial and institutional dimensions. We sys-
tematically test the model’s computational performance across varying spatial
resolutions, solver settings, and constraint configurations. This evaluation con-
tributes novel insights into model tractability, clarifying computational trade-offs
crucial for scaling anticipatory optimisation methods to broader geographic and

policy contexts.

New practical tools for policymakers and practitioners:

e Open-source dashboard for policy testing. We provide an interactive, open-
source web dashboard enabling policymakers and humanitarian practitioners to
dynamically visualise and adjust resource allocation scenarios. This practical tool
lowers technical barriers to implementing optimisation-driven anticipatory action,

facilitating broader stakeholder engagement in evidence-based decision-making.

e Empirical case study in coastal India. We illustrate the framework’s practi-
cal applicability through an empirical study in Purba Medinipur, West Bengal, a
climate-vulnerable agricultural region. This case study demonstrates the opera-
tional feasibility of optimized anticipatory aid allocations, validating its relevance

and potential effectiveness in real-world settings.

e Comparative evaluation against a population-based baseline. We bench-
mark the proposed optimisation framework against a conventional per-capita al-
location rule across multiple synthetic hazard scenarios. The comparative eval-
uation clearly highlights the practical benefits of constraint-aware optimization,
particularly improved vulnerability targeting and expanded coverage, underscor-

ing its value for policy implementation.

5.2 Methods

This section outlines the methods developed to link early warning system outputs with
optimization-based anticipatory aid allocations. First, the rationale for selecting India,
particularly Purba Medinipur district in West Bengal, as a case study is explained,
highlighting the region’s vulnerability to climate-induced agricultural risks. Next, the
simulation approach for generating farmer vulnerability data is described, detailing
how spatially explicit hazard scenarios are constructed. Following this, a mixed-integer

linear programming model designed for multi-item, multi-phase anticipatory aid al-
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location is introduced, focusing on maximizing humanitarian impact while respecting
practical constraints like budget limitations and equity requirements. The computa-
tional framework and implementation strategy using Python, Pyomo, and Streamlit
are then discussed, emphasizing reproducibility and ease of use. Lastly, methods for
scalability testing and comparative simulations against simpler allocation strategies are

presented, allowing for comprehensive evaluation of the optimization approach.

While the methods presented here are illustrated through the Indian context, they are
designed to be adaptable and transferable to other regions facing similar anticipatory

action needs.

5.2.1 Study region

Purba Medinipur district in West Bengal, India

India was chosen as a case study region due to the escalating vulnerability of its agricul-
tural sector to climate-induced challenges, such as more frequent heat waves, droughts,
extreme precipitation events, and intense cyclonic activities [465|. Agriculture, which
accounts for 15% of India’s GDP and employs 40% of its population—rising to 70%
among rural households—is particularly exposed to these risks. Between 2015 and 2021,
India lost nearly 34 million hectares of crops to excess rainfall and an additional 35 mil-
lion hectares to drought, with economic losses across sectors, including agriculture,
amounting to $159 billion in 2021 alone [467|. Farmers have reported facing challenges
such as erratic rainfall, reduced rainy days, and shifting seasonal cycles, which disrupt

rice yields and compound existing socio-economic and ecological stressors [468].

India’s agricultural sector, particularly its vulnerable potato belt, has increasingly rec-
ognized the need for anticipatory action to safeguard farmers from climate shocks [469].
The state of West Bengal for instance, including Purba Medinipur district (the focus
of this study), is highly vulnerable to natural disasters, such as floods, cyclones, hail-
storms, droughts, and erosion, which pose significant risks to the livelihoods of farming
communities [470]. For instance, in that state in 2023, Cyclone Michaung devastated
rice and potato crops due to inadequate early warning systems, leaving already heavily
indebted farmers reeling from poor access to seeds, limited export opportunities, and
inadequate access to cold storage [469]. Farmers in regions like Jalpaiguri struggled to
store their harvests due to inequitable access to cold storage bonds, forcing them to
sell at losses or take on additional loans in an area where interest rates can range from
21-27% [471].
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Figure 5.1: Overview of harvest area and population in the study area. The left panel
shows harvested rice area (hectares) across India. The middle and right panels respec-
tively show harvested rice area and population density in the Purba Medinipur district
in West Bengal. The red dot denotes Kolkata, highlighting its proximity to key agri-
cultural zones. Raw data obtained from MapSPAM [472] and WorldPop [473].

Purba Medinipur is situated along the Bay of Bengal in the state of West Bengal, India,
and is recognized as a significant rice-producing district [474|. This district, spanning
4,736km? between 21°36’'N-22°57’N latitude and 86°33’'E-88°12’E longitude, features
a coastal landscape that is representative of the broader challenges faced by farming
communities in India’s coastal regions. Approximately 35% of India’s population resides
in coastal zones within 100km of the seashore [475]|, highlighting the broader national
importance of developing effective agricultural and climate-resilience strategies in such

areas.

The climate of Purba Medinipur is tropical, with pronounced wet and dry seasons
marked by high humidity and variable annual temperatures. The monsoon season
(June—October) delivers most of the district’s rainfall, supporting rice cultivation. How-
ever, this coastal environment is also exposed to tropical cyclones, including Aila (2009),
Phailin (2013), Titli (2018), Fani (2019), Amphan (2020), and Yaas (2021). These re-
current cyclonic events significantly affect agricultural activities, infrastructure, and

livelihoods.

Agriculture, aquaculture, fishing, and tourism are among the district’s main economic
activities [477]. Rice (paddy) cultivation is particularly prominent during the Aman
season, which runs from July to November; seedbeds are established in July, followed
by transplanting in August and harvesting in November. Several factors favor paddy
cultivation in Purba Medinipur, including reliable monsoon rains, accessible irrigation
facilities, suitable soil types, and a long-standing preference for rice among local farmers
[478]. Soil composition varies across the district, with sandy soils covering about 46,270

ha and clay soils covering about 31,169 ha. Certain areas such as Deshpran and Egra-I1
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Figure 5.2: Cultivated area (in hectares) for different crops across years (left) and
monthly rainfall (in mm) for selected years (right) in Purba Medinipur. The left plot
visualizes the distribution of cultivated land among crops, showing year-on-year trends,
while the right plot highlights rainfall variability over months and across five years
(2016-2020) [476].

are predominantly clayey, whereas Contai and Ramnagar have mixtures of clay loam

and sandy loam [479].

From a socio-economic perspective, the district had a population of 5.1 million as
of the 2011 Census. Of its total land area, 430,140ha are cultivated [480]. Despite
strong agricultural potential, farming communities here are regularly exposed to climate
variability, marine hazards, and natural calamities. These stressors disrupt not only
farming practices but also broader aspects of socioeconomic stability [481]. In response,
farmers frequently shift or diversify their livelihoods seasonally, although the extent of

success varies, influencing food security, income stability, and social well-being.

Challenges in traditional relief and emerging anticipatory action strategies

in India

West Bengal has faced mixed success with traditional aid delivery following climate-
induced disasters, highlighting systemic challenges and the potential for anticipatory
action to improve humanitarian outcomes. Cyclone Yaas in May 2021 affected over
10 million people across the state, damaged more than 300,000 homes, and inundated
221,000 hectares of cropland and 71,560 hectares of horticultural land. The total eco-
nomic losses were estimated at Rs. 20,000 crore (approximately $2.7 billion). Farmers
in coastal regions like Purba Medinipur and South 24 Parganas suffered substantial
livelihood losses due to saltwater intrusion into farmlands, fishponds, and aquaculture

systems, with recovery times for soil and water systems stretching to three years. Relief
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efforts, such as the Duare Tran scheme, provided cash assistance ranging from Rs. 1,000
to Rs. 20,000 ($13 to $270) depending on the severity of losses. However, numerous
challenges undermined their effectiveness, including delays in aid disbursement (some
farmers waited more than two years to claim crop insurance compensation after heavy
flooding), inadequate general compensation, and bureaucratic barriers such as the need

for repeated visits to government offices to receive funding [466].

Compounding these challenges, rigid eligibility criteria excluded farmers in “less-affected”
districts like Malda, where Cyclone Yaas destroyed jute and paddy crops but failed to
meet thresholds for prioritization under the Duare Tran relief programme. While pri-
ority was given to districts like South 24 Parganas, which suffered catastrophic damage
from Cyclone Yaas, Malda’s farmers, who lost crops to both flooding and hailstorms,
were deemed less critical. As one farmer lamented, “The harvest was hardly due by a
month. But the heavy rain during Yaas submerged my entire paddy field... As the
produce isn’t of good quality, I can’t take it to government mandis, so I will sell it
to middlemen who usually give Rs. 1,000 for a quintal,” considerably below the Rs.
1,800 offered in government procurement in the previous year. With no immediate re-
lief forthcoming, many in Malda resorted to annual state schemes like Krishak Bandhu,
which provide Rs. 4,000-Rs. 10,000 (547135) per year [466].

In Bihar, similar shortcomings have plagued drought mitigation initiatives like the
diesel subsidy scheme introduced in 2008. Intended to support farmers in irrigating
their paddy fields during droughts, the program faced issues of low awareness, high
transaction costs, and delays in fund disbursement. A 2014 survey of 240 farmers in
Nalanda District revealed that many marginal farmers were unaware of the scheme or
its eligibility criteria, with 85% citing difficulties in providing required documentation,
such as land revenue receipts. Even when farmers did apply, the process involved
multiple bureaucratic steps, ranging from village-level approvals to district-level fund
transfers, resulting in delays of weeks or months. Farmers often received subsidies
after the cropping season, rendering the financial support ineffective in preventing crop
losses. Furthermore, the program disproportionately benefited wealthier farmers with
access to diesel pumps, while smaller landholders reliant on hired irrigation were largely
excluded. These inefficiencies highlight the broader challenge of designing equitable and

timely aid systems in states with limited administrative capacity [482].

Amidst these challenges, India is beginning to experiment with anticipatory action as a
complementary strategy to traditional disaster relief. Pilot initiatives, such as Caritas
India’s 2024 landslide response in Wayanad, demonstrate potential: preemptive cash

transfers of Rs. 9,500 to 525 households enabled families to secure food, repair homes,
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and avoid high-interest loans [483]. While still nascent, these efforts align with broader
regional momentum: eight South Asian countries, including India, are now developing
national anticipatory action frameworks to institutionalize protocols for early warnings
and pre-agreed financing [484]. Neighboring Bangladesh provides a proven model, where
pre-disaster cash transfers during floods reduced hunger by 36% and prevented distress
sales of livestock [485|. For India, scaling such approaches could address challenges like

those faced in West Bengal.

5.2.2 Simulation of farmer vulnerability data

In this section, we present a method to emulate the outputs of an early warning system
for climate shocks. This approach aligns with recent literature reviews on humanitarian
logistics, which emphasize the value of simulation techniques for stress-testing scenarios,
analyzing hypothetical situations, and evaluating the impact of parameterized decisions

across disaster life cycle stages [486].

We assume that, within a specified bounding box, certain “centers” of flooding or other
hazards emerge. Around these centers, vulnerability decays gradually (or steeply) as
one moves away in space. This modeling approach allows us to simulate various flood
shapes—circular, elliptical, linear, or even wavy swaths—thus providing flexible stress-
test scenarios for downstream optimization. Ultimately, these vulnerability scores serve
as simulated inputs to an optimization model that allocates anticipatory aid actions

optimally.

Suppose we have N¢enters Tandom hazard locations

{ (Cri 7 Cyi ) }?:celnters 7
drawn uniformly from the bounding box
[xmina xmax] X [ymin7 ymax]-

For each pixel p = (p., p,), we define a distance to each center (c,,,c,,) as follows. If

circular distances are desired, we use:

di(p) = \/ (s — ) + (0 — )2, (5.1)

If elliptical shapes are desired, we stretch the y-axis by a factor o > 0 (here called
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ellipse_ratio), giving:

2
ai() = v/ (0 — e + (a by — )" (52)
Finally, for vertical line swaths, the distance depends only on the horizontal gap:

We then take the minimum distance over all centers:

d(p) = min  d;(p).

1 <@ <mncenters
Given a user-specified spread parameter o > 0, the vulnerability at pixel p is modeled
via exponential decay:

Vulnerability(p) = maX{O, 100 exp(— M)}. (5.4)

g

Hence, pixels very close to a flood center exhibit vulnerability near 100, while more

distant pixels drop rapidly (or gradually) toward zero, depending on o.

In the implementation, ¢ is defined on normalized spatial coordinates rather than phys-
ical distance units such as kilometers. This keeps scenario design intuitive across differ-
ent map extents. In the reported scenario experiments, spread values are drawn from
approximately 0.03 to 0.14, which spans relatively compact hotspots as well as broader
hazard swaths. Accordingly, o should be interpreted here as a scenario-shape parameter

unless a hazard-specific calibration is available.

Multiple shapes: To allow more complex scenarios with overlapping hazards of differ-
ent shapes, we may define a set of hazards H, each with potentially distinct parameters
(shape, number of centers, or spread). Let Vulnerability"(p) be computed via (5.4) for
each h € H. We then combine them using:

max Vulnerability™(p), (“max” rule),
S

Vulnerability(p) = (5.5)

min{ 100, Z Vulnerabilityh(p)}, (“sum” rule).
heM

If multiple hazards overlap, the resulting pixel vulnerability is determined by the
strongest local hazard. This approach creates a patchwork of hazards where a pixel

is dominated by whichever shock is most severe (“max" rule). In contrast, overlapping
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hazards add together, meaning that a pixel affected by two hazards of vulnerability 60
each might reach the (capped) value of 100 (“sum” rule). This method highlights multi-
hazard “hotspots,” where floods, storms, or other events coincide, leading to highly
vulnerable regions. In practice, the choice of combining rule depends on how the haz-
ards reinforce or compete. Such a framework allows one to place, for instance, multiple
circular floods and a wavy swath on the same map, merging their pixelwise vulnerability

via either the maximum or the sum rule.
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Figure 5.3: Examples of simulated vulnerability maps illustrating different hazard con-
figurations in Purba Medinipur. The top row shows single-shape hazards: (1) circular
with 3 centers, (2) wavy with 2 centers, and (3) elliptical with 4 centers. The bot-
tom row demonstrates multi-shape configurations: (4) three circular hazards combined
with one wavy hazard using the max rule, (5) two circular and two elliptical hazards
combined using the sum rule, and (6) a combination of circular, wavy, and elliptical
hazards using the sum rule. The shared colorbar below represents vulnerability scores
ranging from 0 to 100.

The resulting vulnerability maps (see figure 5.3) effectively simulate a hypothetical early
warning system’s output, identifying “hotspot” regions around one or multiple hazard
centers. These pixel-level vulnerability scores are then fed into an optimization model.

This approach makes it straightforward to create a variety of plausible and distinct
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vulnerability scenarios for that optimization procedure.

5.2.3 Mixed-integer program for multi-item, multi-phase allo-

cation

We formulate a mixed-integer linear program (MILP) for allocating multiple aid items
across micro-regions and planning phases. The model is designed to prioritize locations
that combine larger populations with higher vulnerability, while respecting budget lim-
its, equity requirements, item capacities, and timing restrictions. It also distinguishes
between objective-side welfare weights and reporting-side coverage conversions, allowing

the allocation problem and the reporting metrics to be defined transparently.

Notation. We first define the main sets, parameters, and decision variables, and then

present the objective function and constraints.

Sets and Indices
o [ ={1,2,...,N}: Set of micro-regions (or “pixels”), indexed by 1.

e (G: Set of groups used in the equity constraints, indexed by g and h. In the
empirical application, these groups are analyst-defined spatial partitions of the

study area, and each pixel belongs to exactly one group.
o I'={1,2,...,M}: Set of discrete time steps (phases), indexed by t.

o [.: Set of all aid types, indexed by k; these may include cash, seedlings, protective

kits, and other items.
o K C K.: Subset of aid items allocated in integer units.
o Kiea = Kan \ Kint: Subset of aid items allocated fractionally.
o Koap € Kan: Subset of aid items with finite total availability.

® Keuiy € Kan: Optional subset of aid items that may only be allocated in the first
phase.

o H=1{iel:v >} Setof high-vulnerability pixels, defined by vulnerability
threshold 7.

In practice, the groups in GG are not meant to represent a fixed universal category.
Rather, they are a flexible way to encode the kinds of subpopulations or areas that

a policymaker may wish to monitor for fairness when distributing aid. Depending on
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the application, a group could correspond to an administrative zone, a rural-versus-
urban partition, a livelihood category, or another operationally relevant classification.
In our illustrative case study, groups are constructed as simple spatial partitions of the
district so that the equity mechanism can be demonstrated transparently. The purpose
is therefore not to claim that these exact group boundaries are fixed categories, but to
show how the model can incorporate fairness checks across meaningful subregions when

such group definitions are available in practice.

Parameters
e p;: Population of pixel 7. This is the number of people living in micro-region .

e v; € [0,1]: Vulnerability score of pixel i. Larger values indicate greater modeled

exposure and need.

e B;: Budget available at time step ¢t. This determines the maximum expenditure
in phase ¢ under the at-most budget rule, or the exact expenditure under the

exact-budget rule.

e ¢;: Cost per unit of aid item k. This converts physical allocations into spending

and enters the budget, equity, and high-vulnerability constraints.

e b.: Benefit weight for aid item £ in the objective function. This parameter cap-

tures the relative contribution of one additional unit of item k to the objective.

e ¢;: Coverage-per-unit conversion for aid item k. This parameter maps one unit

of item k into people-equivalent coverage for reporting and for the coverage cap.

e minAlloc,, maxAlloc,: Baseline lower and upper bounds on item k per pixel and

per phase.

e w;: Phase weight in the objective function. Larger values of w; place greater value

on earlier action. A convenient specification is

M —t
wt:1+>\m, tzl,...,M, M>1,

where A > 0 governs the strength of the preference for earlier action.

105



5. Optimizing early warning-driven anticipatory action cash transfers

e d,: Group denominator used in the equity metric. Depending on the equity mode,

L for absolute-spend equity,
dg =< e g bi»  for per-capita-spend equity,

> icg Pivi, for per-need-spend equity.

e: Equity-tolerance parameter. This bounds pairwise differences in the normalized

group allocation metric.

Uy: Global capacity of aid item k for each k € K. This limits the total quantity

of any stock-constrained item that can be allocated across all pixels and phases.

7: High-vulnerability threshold. Pixels with v; > 7 belong to the protected set
H.

v € [0,1]: Protected high-vulnerability budget share. This is the minimum share
of each phase budget reserved for the high-vulnerability set H.

e ¢ > 0: Coverage-cap ratio. This controls the maximum amount of people-

equivalent coverage that can be attributed to any pixel.

Because x;;; may represent different physical units across aid types, the model uses
separate parameters to keep aggregation interpretable. The cost parameter ¢, converts
allocated units into spending, the benefit weight b, is a dimensionless priority weight
used in the objective, and ¢ converts allocated units into people-equivalent coverage
for reporting. The objective value is therefore best interpreted as a relative welfare

score, not as a direct headcount or monetary outcome.

Table 5.1 reports the aid-type assumptions used in the case-study experiments and
as defaults in the dashboard. In the comparison experiments, we use a mild timing
preference of A = 0.1, which yields phase weights of 1.10, 1.05, and 1.00 over the three

planning phases. When A = 0, the model is time-neutral across phases.

Decision variables

Allocation variables. For each pixel ¢+ € I, time t € T, and item type k € K,

define

xft,k € IR207 if k € Kreal;
Titk = (56)
xz{t’k S Zzo, if & € Kint‘

The variable z;, is the quantity of item k allocated to pixel ¢ in time step ¢.
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Table 5.1: Aid-type assumptions used in the case-study experiments and dashboard
defaults. Costs are expressed in normalized budget units.

Aid type ¢, br  qr maxAlloc, Uy

cash 1.0 1.00 1.00 2,000 -
seedlings 0.5 0.90 0.60 500 95,000
protective 2.0 0.80 0.50 300 2,000

Group-level variables. To express the equity constraint compactly, define

Yoo = D Y ik, VgEG, VtET. (5.7)

kEKan i€g

The variable y,; represents the cost-weighted amount allocated to group g in period ¢.

Objective function

We seek to maximize

max Z Z Z(wtbkvipi) Ttk (5.8)

telT keK,y i€l

The objective assigns greater value to allocations directed toward populous and highly
vulnerable locations. The phase weight w, allows earlier periods to receive greater
emphasis when anticipatory action is preferred. The coverage conversion ¢; does not

enter the objective and is used only for coverage accounting and the coverage cap.

Constraints

(1) Budget constraints per time step.

Ck Tjt < Bt, VteT. (59)
> 2

kCK,.y icl

This is the at-most budget formulation. Under exact spending, (5.9) is replaced by
equality.

(2) Minimum and maximum item constraints.
gk’t S Titk S fk-ﬂj, VZ, Vt, \VII{I, (510)
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where the effective time-dependent bounds are

(0,0), it k€ Kouy and ¢ > 1,
(Zy 0 Thp) = (5.11)
(minAlloc, maxAllocy), otherwise.

(8) Coverage-cap constraint.

Z Z%%,t,k < ¢pi, Viel (5.12)

k€K teT

This cap limits reported people-equivalent coverage in each pixel.

(4) Group sum and equity constraints.

Ygt = Z ch Tit ks Vg, t, (5.13)

keK. i€g
—e < Yot Ut o Vg, h, t. (5.14)
d, dy,

This formulation enforces equity on normalized, cost-weighted group allocations.

(5) Availability constraints. For stock-constrained items, total allocation cannot exceed
available supply. In the empirical application, this applies to items such as seedlings

and protective kits:

Z Z T t,seedlings S Useedlingsa (515)

i€l teT

E E Tjt,protective > Uprotective- (516)

i€l teT

N

More generally, the same structure applies to any & € Kcap.

(6) High-vulnerability budget-floor constraint.

Z Z Cp ity > By, VteT. (5.17)

1€H k€K,

This optional rule reserves a minimum share v of each phase budget for the high-

vulnerability set H.

108



5. Optimizing early warning-driven anticipatory action cash transfers

Full mixed-integer program

Combining all elements, the at-most-budget version of the model is

Maximize Z Z Z(wt br Vi D) Ti ks

teT keKy,y €l

subject to Z ch Tivkg < Dy, VteT,
keK,y i€l
Tpr < Tigk < Tgt, Viel, VteT, Vk € Ka,
Z ZQk Tigk < Cpi Viel,
keK, teT
Yot = Z Z Ck Tit Vge G, VteT,
keK, €9

_e < Yt Wt o o yyheG Ve,

o dg dy, — ’
Z Z Tit k < Uk‘u Vk € Kcam
iel teT
Z Z CkTirk > VB, VteT ify>0,
i€H k€K,
Ttk € L>o, Viel, VteT, Vk € Ky,
Ttk € R>o, Viel, VteT, Vk € Kiea.

where the effective time-dependent bounds are given by

(0,0), if k € Kearly and t > 1,
(ik,tvfk,t) =
(minAllocy, maxAllocy), otherwise.

Under exact spending, constraint (5.19) is replaced by

Z ch Tigr = DBy, VteT.

k€K, icl

The reporting-side coverage delivered to pixel i is computed ex post as

min{ Z ZQk Tit ks Epi}-

keK,y teT
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This formulation accommodates continuous and integer allocations, explicit budget
policy, normalized equity across groups, stock limits, protected spending for high-

vulnerability locations, and time-sensitive anticipatory action.

5.2.4 Computation

Many different tools can be used to formulate mixed-integer linear programs, including
LINGO, AMPL, and Excel Solver [487]. In this study, Python was selected to en-
sure a fully reproducible optimization pipeline that other researchers can easily adopt.
Specifically, the mixed-integer programming model was implemented with the Python-
based Pyomo framework, an open-source library that provides a flexible environment
for defining and executing mathematical optimization problems. Pyomo’s modular ap-
proach allows sets, variables, and constraints to be expressed cleanly, facilitating both
readability and extensibility [258].

The current implementation uses a single shared codebase for the manuscript experi-
ments, the reproducibility notebooks, and the web application. In the local environment
used for this study, the core packages were Pyomo 6.8.2, HIGHS 1.9.0 via highspy, and
Streamlit 1.41.1. Open-source solver backends exposed by the code include HiGHS
[488], CBC [489], and GLPK [490], although the reported runtime comparison focuses
on HiGHS and CBC. In the current codebase, no explicit solver time limit, thread
override, or custom MIP gap is imposed in the reported experiments; runs follow the
solvers’ default termination logic, and infeasible instances are reported as such. All
computations were conducted on a Macbook Pro M4 Max (16 CPU cores, 40 GPU
cores) with 128GB of unified LPDDR5 RAM.

5.2.5 Web application development and deployment

To enhance user interaction with the optimization model, an interactive web-based
application was developed using the Streamlit framework [491]. Streamlit is a Python-
based platform designed for rapidly building data-driven applications and has been
adopted in various fields, including smart farming for crop recommendation systems
[492], molecular structure visualization [493|, remote monitoring of building tempera-
ture through operations dashboards [494], and medical diagnostics such as early detec-
tion of lung cancer and pneumonia [495]. Its ability to integrate user-defined parameters
and display real-time computational outputs makes it well-suited for applications fo-

cused on anticipatory action, where testing different scenarios can aid decision-makers.

The web application described in this work exposes the main modeling choices through a
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plain-language interface. Users can configure hazard shapes, time-phased budgets, bud-
get mode, grouping strategy, equity mode, equity tolerance, high-vulnerability thresh-
olds and budget floors, solver selection, and the item-level assumptions for costs, ben-
efit weights, coverage conversions, capacities, and timing restrictions. These inputs
are mapped directly to the Pyomo model, and the resulting allocations {z;;x} are
summarized through tables, charts, and spatial maps. The application also provides
side-by-side comparison with a blanket baseline, a budget-mode sensitivity view com-
paring at-most and exact spending, perturbation-based scenario stress tests, and run-
time benchmarks. This immediate feedback loop allows decision-makers to explore how

different policy assumptions affect both allocations and reported outcomes.

To support broad accessibility, the application is packaged for browser-based deploy-
ment on Render [496] and similar cloud platforms [496, 497|. This removes the need for
local setup when a hosted version is provided, while still allowing the full stack to be
run locally from the open-source repository. The repository includes the Pyomo model,
the Streamlit interface, and the reproducibility notebooks used for the comparison and
runtime analyses. This setup lowers technical barriers for non-technical users, including
policymakers and field practitioners, who can interact with the model without requiring

specialized expertise in programming or optimization [498].

The entire codebase, including the Pyomo model and Streamlit application, is open-
source and can be accessed via GitHub. This open distribution fosters transparency,
reproducibility, and collaboration among researchers and practitioners seeking to adapt

or extend the methodology for their specific contexts.

5.2.6 Scalability tests with increasing spatial granularity

Even if a mathematical model for humanitarian aid allocation is conceptually sim-
ple, its practical implementation can become computationally demanding once high
spatio-temporal granularity is introduced across many regions and multiple planning
horizons. Decision-makers in humanitarian settings often operate with limited com-
puting resources [499] and may need to evaluate multiple scenarios within short time
windows. Similar concerns arise in large-scale energy system models, where relatively

small changes in formulation or solver settings can substantially affect runtime [500].

To examine how the proposed allocation model scales with problem size, we vary |I|,
the number of pixel-level units, from 1,000 to 30,000. These experiments represent
increasingly fine spatial resolutions and larger intervention footprints. For each prob-

lem size, we record build time, solve time, and total runtime under alternative solver
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backends.

The scalability experiments use synthetic datasets with the same structure as the op-
erational model inputs. Each synthetic pixel is assigned a population, a vulnerability
score, a group label, and geographic coordinates. Unless otherwise stated, the experi-
ments use a three-phase budget schedule (1,000,000, 500,000, 300,000), exact spending
in each phase, integer restrictions for discrete aid items, and the same general class of
aid items as in Section 5.2.3. We compare two open-source solvers, CBC and HiGHS,

under three representative policy configurations:

1. Configuration A (no equity, no high-vulnerability floor). This setting
omits the equity rule and imposes no minimum budget share for high-vulnerability
pixels. The model is therefore governed only by the phase budgets, item bounds,

integrality conditions, and any relevant item capacities.

2. Configuration B (per-capita equity, no high-vulnerability floor). This
setting introduces group equity while keeping v = 0. Equity is enforced on per-

capita, cost-weighted group spending with tolerance £ = 5.0. Let

dg - Zpi

i€g

denote the population of group ¢g. Then, for each time step t,

(5.31)

where y,; = > ;0 g Y ke K., CkTitk 1s the cost-weighted allocation to group g at

time t.

3. Configuration C (tighter per-capita equity plus a high-vulnerability
floor). This setting strengthens the equity rule to ¢ = 1.0 and introduces a

protected spending floor for high-vulnerability pixels. Let
H={iel:v>71}

denote the set of pixels whose vulnerability exceeds threshold 7. In the reported

experiments, 7 = 0.80. The model then imposes

Y > atin = B, VteT, (5.32)

i€H k€K,

with v = 0.20. Thus, at least 20% of each phase budget must be directed to the
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high-vulnerability set.

Each configuration is evaluated for varying |I| across both solvers. Together, these
experiments show how computational burden evolves as spatial resolution increases

and as the policy design becomes more restrictive.

5.2.7 Simulation-based comparison with a blanket approach

To evaluate the practical value of the optimization model, we compare it with a simple
blanket allocation rule that distributes support in proportion to population alone. The
comparison addresses a straightforward policy question: how much changes when aid
is targeted using vulnerability, item-specific costs, group equity, and phase-by-phase
planning, rather than being spread uniformly on a per-capita basis? By repeating
this comparison across multiple synthetic hazard scenarios, we quantify the gains from
structured optimization in terms of coverage, targeting, and spending patterns. The

procedure is summarized in Algorithm 1.

Let I denote the set of pixels and 7' = {1, ..., T} the set of decision phases. Each pixel
i € I has population p; and normalized vulnerability v; € [0,1]. For presentation in
maps and figures, vulnerability may be shown on a 0-100 scale, but all calculations use
the normalized representation. Each aid item k£ € K has a unit cost ¢, a benefit weight

bi, and a coverage conversion q;. These definitions are consistent with the model in
Section 5.2.3.

1. Generating hazard scenarios. Building on the hazard simulation framework
described in Section 5.2.2, we generate multiple disaster profiles by combining randomly
selected hazard components from the circular, elliptical, vertical-line, and wavy-line
families. For each scenario s, between one and three hazard components are drawn,
each with its own shape, number of centers, and spread parameter. In the reported
experiments, spread values are drawn from approximately 0.03 to 0.14 on normalized
coordinates, and the resulting surfaces are combined using either a pixelwise maximum

rule or a capped sum rule. Formally,

maxXyeyy, (hés) (z)), if combine = max,
o (5.33)
min{ LY en. h? (z)}, if combine = sum,

where h((f) (i) € [0,1] is the contribution of hazard component ¢ to pixel ¢ in scenario

s, and H is the set of hazard components active in that scenario. Population values
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{pi} are derived from the clipped LandScan raster. Each scenario therefore represents

a distinct spatial risk pattern defined on the same population grid.
2. Blanket allocation versus optimization.

(a) Blanket allocation. The blanket baseline is deliberately simple. In the reported
experiments, it allocates the baseline cash item only and does so strictly in proportion
to population, without using vulnerability information. Let k° denote the baseline item.
Then, for each phase t,
Tippo = B S (5.34)
v Cro Zjel bj

so that the corresponding spending assigned to pixel ¢ in phase t is

Di

Zjelpj‘

Cro fi,t,ko = Bt

This baseline preserves the intuition of uniform per-capita spending. If a per-cell bound
becomes binding, the proportional allocation is clipped accordingly, but it remains

untargeted with respect to vulnerability.

(b) Optimization-based approach. We next solve the multi-item, multi-phase
MILP introduced in Section 5.2.3, which chooses allocations {z; .} subject to budget
rules, group equity, item capacities, integrality restrictions, and any high-vulnerability
spending floor. In the comparison experiments, the model is solved under exact spend-
ing in each phase, per-capita group equity, a high-vulnerability threshold 7 = 0.70, a
protected budget share v = 0.20, and a mild preference for earlier action through the

phase weights w;. The solution is denoted by {z},,}.

3. Coverage and metrics. We compare the blanket baseline and the optimized

allocation using three metrics.

(a) High-vulnerability coverage ratio Cgy . Let
H={iel|lvu>1}

be the set of high-vulnerability pixels. For any allocation plan, the people-equivalent

coverage delivered to pixel 7 is

c = min{ cpi, Z Z qr xi7t7k}, (5.35)

teT keK
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where ¢ is the coverage-cap ratio. The corresponding high-vulnerability coverage rate

ZieH Ci
Zz‘eH pi

This metric measures the share of the population living in the highest-risk pixels that

18

Cyy = € [O, 1]. (536)

receives effective, capped coverage.

(b) Targeting metric p. Targeting is measured using total allocated spend. Define

si= > ) ki, (5.37)

teT keK

the total spending assigned to pixel i. The targeting metric is then

p = corr({s;}, {vi}), (5.38)
where higher values indicate stronger alignment between spending and vulnerability.

(c) High-vulnerability spend share ¢. The fraction of total spending directed to
the high-vulnerability set is

Z Z Z Ck Titk
6 = i€ teT keK (5.39)

D)D) I

i€l teT keK

This metric complements Cygy by quantifying the share of the total budget directed to
the highest-risk locations.

4. Multiple scenarios and summary plots. The above steps are repeated for
S hazard scenarios spanning different combinations of shapes, severities, and overlap
patterns. For each scenario, we compute (Cyy, p, ¢) for both the blanket baseline and
the optimized allocation. The resulting values are summarized in bar charts and tables

to compare the two approaches across scenarios.

For a given vulnerability surface, the optimization itself is deterministic. Forecast
uncertainty is therefore represented here through repeated synthetic hazard scenarios
rather than through a stochastic or robust objective. In the application, this same
logic is extended through perturbation-based stress tests that re-solve the model under

modest changes to the vulnerability field.
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Algorithm 1 Population-proportional blanket baseline versus MILP allocation

Require: vulnerability v; € [0, 1], population p; for each pixel ¢ € I; budgets B; for

10:
11:

12:
13:
14:
15:

16:
17:

18:

19:

20:

21:

t =1,...,T,; item data ¢, b, and ¢ for k& € K; threshold 7; coverage cap ¢;
additional policy settings for the MILP.

BLANKET BASELINE
Choose baseline item k°
PopTot < 3.1 pj
fort=1to 7T do

for i € I do
B, Di

% PopTot

/x\i,t,ko <

end for
end for

MILP ALLOCATION
Solve the model in Section 5.2.3
Denote the optimal solution by z7, ,

METRICS (FOR EITHER ALLOCATION z € {Z,z*})
H+«{iel|v>T1}
for i € I do

ci(z) min(épz-, Y et Qorer Gk Zz‘,t,k)

$i(2) = Der Dokex Ch Zitk

end for 5 )
CHV(Z) N fz'eri

p(z) = CZO:rr({Sz((Z))L {vi})
Pz) = le‘eel si(2)

Compare (Cgy, p, ¢) for blanket versus MILP across scenarios
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5.3 Results and discussion

This section provides a structured overview of the interactive decision-support appli-
cation presented in Figure 5.4. We first describe its core modules, highlighting how
vulnerability assessments and optimization modeling combine to identify targeted an-
ticipatory aid allocations. We then benchmark the computational scalability of the tool
across varying problem sizes and configurations, and compare its performance against
conventional blanket allocation strategies. Finally, we outline practical extensions and
suggest future research directions to enhance anticipatory action planning and decision-

making.

5.3.1 Overview of web application features and possible exten-

sions

Vulnerability module

The vulnerability module provides a structured approach for generating spatially explicit
vulnerability maps, which serve as inputs for the optimization model. This module
synthesizes hypothetical hazard impact scenarios by simulating localized vulnerability
hotspots based on spatial decay functions and configurable hazard distributions. Users
can further adapt or refine this module to reflect region-specific risk profiles, incorpo-
rating different spatial structures, exposure assumptions, or vulnerability aggregation
methods.

Alternatively, users can replace this module with externally derived vulnerability scores
from an integrated early warning system, allowing for real-time data ingestion from me-
teorological models, satellite-based hazard detection, or government risk assessments.
For India specifically, vulnerability scores might be derived from drought monitor-
ing systems based on indices such as the Normalized Vegetation Supply Water In-
dex (NVSWI) [501]; machine learning-based flood vulnerability maps [502], or remote-
sensing based crop yield forecasting models which can anticipate potential crop yield
decreases [250, 503]. Integrating nowcasts (i.e., predicting events with a lead time of
three hours or less) or forecasts directly into the tool would allow policymakers to simu-
late optimal aid allocation based on predicted agricultural shortfalls rather than relying
solely on historical or hypothetical vulnerability patterns. This flexibility ensures that
the framework can be used both as a standalone exploratory tool for scenario analysis

and as a decision-support system when coupled with operational forecasting pipelines.

The effectiveness of vulnerability modules that integrate existing early warning systems
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depends on the availability, accuracy, and geographic coverage of these systems. For
example, in the case of flooding, a research report indicates that although nearly two-
thirds of India’s population faces exposure to extreme flood events, only about one-third
currently benefits from flood early warning systems [504]. Constraints such as these

may limit the extent to which optimized anticipatory action schemes can be designed.

Optimization module

The optimization module converts simulated vulnerability data into actionable aid allo-
cation plans by solving the MILP problem under specified budget, equity, and capacity
constraints. Its central objective is to route limited resources toward the most vulnera-
ble populations, while respecting fairness criteria across regions, explicit spending rules,

and aid-type-specific operational limits.

A distinguishing feature of this module is its spatially explicit allocation output, wherein
each pixel or administrative unit receives an assigned level of support in each time
period. This enables policymakers to visualize how resource distribution evolves over
time and across the study area, facilitating comparisons of alternative scenarios in
the Streamlit-based dashboard. By adjusting model parameters such as budget mode,
group-level equity rules, high-vulnerability protection thresholds, aid-type assumptions,
or prioritization weights, users can iteratively refine allocation schemes to align with

evolving policy objectives or logistical considerations.
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Figure 5.4: User interface of the anticipatory aid allocation dashboard. The upper-left
panel shows the main policy configuration menu, where the user selects the planning
horizon, phase budgets, budget mode, fairness settings, high-vulnerability protection
rules, and technical options such as solver choice and diagnostic runs. The upper-right
panel shows the hazard-design and aid-assumption controls, where the user specifies
hazard shapes and item-level parameters such as cost, benefit weight, coverage per unit,
stock limits, and timing restrictions. The lower-left panel shows the results overview,
including headline metrics and explanatory charts that summarize the simulated land-
scape before allocation. The lower-right panel shows the map view, where optimized
and blanket allocations can be compared side by side for the same phase and aid type.
Together, these panels allow the user to define assumptions, run the optimization, and
interpret the resulting allocation pattern in both summary and spatial form.
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Beyond its core functionalities, the web application is designed to be adaptable, allowing
users to customize it for different anticipatory action needs. Governments, NGOs, and
researchers can modify constraints, refine objectives, or explore alternative optimization
approaches to better align with policy priorities and operational challenges. Specifically,

users could integrate:

e Additional constraints: The model could integrate spatial contiguity require-
ments to ensure that allocated resources form coherent, contiguous distribution
zones across panchayat or district lines, potentially reducing logistical inefficiency
or administrative infeasibility that arises from fragmented aid delivery across
non-contiguous regions. Drawing from spatial optimization frameworks used in
land-use planning, the model could enforce contiguity constraints similar to those
applied in wildfire mitigation and habitat conservation, where maintaining unin-

terrupted resource patches enhances management effectiveness [505].

Furthermore, a multi-hazard interaction constraint could be added to boost allo-
cations in regions where overlapping risks such as cyclones and floods compound
vulnerability, as has occurred in West Bengal [466]. Another constraint could
mandate that a specified minimum share of the total budget be directed to pre-
defined high-risk or high-vulnerability zones (e.g., coastal areas or regions with
limited irrigation in West Bengal) [506].

e Enhanced objective functions: Moving beyond a single criterion (e.g., vulnerability-
weighted impact), future models could adopt multi-objective frameworks balanc-
ing equity, speed of impact, and cost-efficiency [507]. In contexts like West Bengal,
where recurrent cyclones demand both short-term relief and longer-term resilience,
a resilience-based scoring approach could reward interventions that mitigate fu-
ture risks or facilitate faster recovery. The objective function might also integrate
indicators of agricultural productivity, market connectivity, or healthcare avail-

ability to capture a more holistic measure of community well-being [508].

e Alternative mathematical programming approaches: While mathematical
programming suits many anticipatory transfer scenarios, stochastic and robust op-
timization techniques could be beneficial when climate forecasts are uncertain or
budgets fluctuate [509]. Moreover, rather than developing fully stochastic formu-
lations, one study suggests that leveraging high-performance computing to simu-
late thousands of scenarios using the same optimization model can yield valuable
insights into the distribution of near-optimal solutions, providing a practical alter-

native when the uncertainty is difficult to quantify explicitly [510]. For large-scale
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deployments spanning multiple districts or states, metaheuristics like genetic al-
gorithms can handle complex constraints and speed up solutions in practice [511].
Additionally, in contexts where aid packages include not only cash but also in-kind
transfers (e.g., seeds, seedlings, or fertilizer), employing mized integer program-
ming can effectively model discrete decisions associated with selecting different
types of interventions [230]. For instance, farmers in Bihar have benefited from
electric pumps that help in transplanting paddy saplings when there is deficient
rainfall [512].

By modifying the application in these ways, users can align the optimization framework
with their own anticipatory action contexts, whether adjusting constraints for different
geographic regions, redefining objective functions to prioritize specific vulnerabilities,

or integrating alternative optimization techniques to better reflect operational realities.

5.3.2 Computational scalability across an increased surface area

To investigate how the multi-item, multi-phase MILP scales with increasing spatial res-
olution, we ran tests varying the number of pixels from 1,000 up to 30,000, applying
two different solvers (cbc and appsi_highs). Figure 5.5 illustrates computation times
under three representative model setups: one without equity or high-vulnerability re-
quirements, one with per-capita, cost-weighted equity and tolerance € = 5.0, and one
with stricter per-capita equity ¢ = 1.0 plus a mandatory 20% protected budget share
for pixels with v > 0.80.

Overall, runtime increases with problem size and with the addition of stricter policy
constraints, as expected. Solver choice also matters materially, with the two open-
source backends exhibiting different scaling patterns across configurations. Even so,
the experiments show that the proposed formulation remains tractable over large syn-
thetic instances, supporting its use for high-resolution scenario analysis. GLPK was
not included in the main comparison because it was materially slower in preliminary
testing, especially under the more constrained model variants, which is consistent with

prior comparative studies [513, 514].
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Figure 5.5: Computation times for two solvers (cbc in green, appsi_highs in blue) at
different problem sizes (1k-30k pixels) and three constraint setups. The left-most panel
imposes no equity or high-vulnerability constraints; the middle panel uses per-capita,
cost-weighted equity with € = 5.0; and the right-most panel sets ¢ = 1.0 and requires a
20% minimum budget share for high-vulnerability pixels with v > 0.80.

5.3.3 Comparison of a blanket allocation approach against an

optimized approach

To assess how a multi-phase optimization model compares with a simpler population-
based policy, we conducted ten synthetic hazard scenarios in which (i) a blanket ap-
proach allocated funds strictly proportional to population, and (ii) an optimized ap-
proach leveraged vulnerability scores, equity constraints, and item-specific capacities.
Figure 5.6 illustrates the outcomes for three key metrics: (1) fraction of at-risk indi-
viduals in high-vulnerability (HV) areas receiving sufficient coverage, (2) correlation
between vulnerability and pixel-level spend, and (3) fraction of the total spend directed
to those HV areas.

Across the ten scenarios, the blanket baseline delivered a nearly constant high-vulnerability
coverage rate of about 31%, whereas the optimized approach averaged about 66% and
ranged from roughly 36% to 98%. The targeting metric shows the same pattern. Under
the blanket rule, the mean correlation between vulnerability and pixel-level spend was
slightly negative at about —0.03, reflecting the fact that population alone does not sys-
tematically line up with the simulated hazard field. Under the optimized rule, the mean
targeting correlation rose to about 0.34, and it was positive in every scenario. These
results show that once vulnerability is brought explicitly into the allocation problem,

spending becomes materially more aligned with modeled need.

The spending-share metric points in the same direction. On average, the blanket base-
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Figure 5.6: Comparative performance of blanket and optimization-based allocations
across ten synthetic hazard scenarios. Shown are (a) the fraction of at-risk individuals
in high-vulnerability areas who receive sufficient coverage, (b) the correlation between
vulnerability scores and pixel-level spend, and (c¢) the share of the total spend directed to
high-vulnerability pixels. In each metric, the optimization-based approach outperforms
the population-proportional blanket strategy.

line directed about 40% of total spend to the high-vulnerability set, while the optimized
model directed about 70%. In several scenarios, the optimized share exceeded 90%.
This indicates that the model is not merely spreading resources more thinly across all
exposed areas. Rather, it is systematically concentrating spending where vulnerability
is greatest, while still respecting the budget, fairness, and capacity structure of the

optimization problem.

Figure 5.7 offers a spatial viewpoint of these differences in Purba Medinipur. The left
panel displays a simulated vulnerability map, with darker regions indicating higher risk
levels. A purely population-based blanket approach allocates many resources to popu-
lous but less-vulnerable areas, spreading limited funds too thinly across the district. In
contrast, the optimized model clusters a greater share of investments in pockets of high
hazard exposure, reflecting the region’s actual vulnerability patterns. Consequently,
more severely threatened pixels achieve coverage levels closer to their population ca-

pacity, thereby enhancing resilience for those communities.

Overall, these findings underscore the limitations of uniform per-capita aid in complex
disaster contexts, where vulnerability can vary dramatically across neighboring loca-
tions. By leveraging techniques from multi-phase mixed-integer optimization, decision-
makers can satisfy simultaneous constraints such as integer item allocations, budget
ceilings, and equity considerations, while still achieving a stronger alignment between
resource distribution and ground-level risk. In practice, this approach can expedite
the recovery of hardest-hit populations and reduce the need for subsequent emergency

interventions.
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Figure 5.7: Spatial illustration of blanket vs. optimized allocations in Purba Medinipur.
The upper panel shows a simulated vulnerability map in a selected scenario; darker
shades indicate greater hazard intensity. The middle row provides a spatial view of
blanket allocation distributed solely by population density at each time step. The bot-
tom row shows the optimization-based allocations that favor highly vulnerable pixels.
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5.4 Discussion: areas for future research in data-driven

anticipatory action

To maximize the effectiveness and impact of targeted, data-driven anticipatory action,
several critical research gaps must be addressed. Future efforts should focus on advanc-
ing the integration of early warning systems with optimization-based decision support
tools, bridging practical barriers related to implementation scale and data availabil-
ity, and strengthening interdisciplinary collaboration among climate scientists, data
engineers, policymakers, and local stakeholders. Specifically, future research should

prioritize:

Making early warning systems more people-centric for improved anticipa-
tory action. A major challenge in anticipatory action is both the accurate prediction
of hazards and their meaningful translation into people-centric vulnerability assess-
ments. As one study notes, “there is a conceptual gap between ‘impact-based’ forecasts
and actual hazard impact,” with current systems relying on meteorological thresholds
while failing to incorporate real-time vulnerability data such as soil moisture deple-
tion, groundwater levels, and socio-economic stressors [256|. Integrating multi-layered
institutional data—such as farmer debt burdens and fluctuating market access—into
forecasting models could help translate early warnings into more actionable vulnera-
bility assessments. Additionally, one study highlight the inaccuracy of drought early
warnings in South India, reporting a high false alarm rate (0.81 for the Kharif season,
0.30 for the Rabi season), demonstrating the need for greater accuracy to ensure that

anticipatory action interventions are not misguided [515].

Connecting optimized allocation outputs with digital cash distribution mech-
anisms. Mobile-based direct cash transfers have proven effective in delivering fast
financial relief to vulnerable populations. Countries like Kenya (M-Pesa) and Brazil
(Bolsa Familia) have demonstrated how digital payment networks can ensure that funds
reach intended recipients without intermediaries or bureaucratic delays [516, 517]. In-
dia’s Direct Benefit Transfer (DBT) system, launched in 2013, was designed to reduce
inefficiencies in welfare distribution, addressing long-standing issues where government
funds often failed to reach intended beneficiaries due to leakages, corruption, and ad-
ministrative inefficiencies. Before DBT, studies found that 58% of subsidized food
grains never reached below-poverty-line households, and the government spent INR
3.65 for every INR 1 actually received by beneficiaries. To fix these inefficiencies,

DBT was implemented to digitally transfer welfare payments directly into recipients’

125



5. Optimizing early warning-driven anticipatory action cash transfers

bank accounts, using a biometric verification system (Aadhaar), financial inclusion ini-
tiatives (Jan-Dhan accounts), and widespread mobile connectivity. This system has
scaled rapidly, disbursing over INR 5.5 trillion (as of 2020-21) across hundreds of wel-
fare schemes, covering subsidies for food, fuel, education, and employment guarantees.
However, regional disparities in banking infrastructure and mobile penetration persist,

limiting DBT’s reach in rural and marginalized communities [518].

Disbursement of cash in anticipatory action efforts could potentially leverage exist-
ing DBT initiatives, with optimization models helping to allocate funds to recipients.
However, challenges remain in ensuring inclusion, as some smallholder farmers may
lack formal land titles or mobile banking access, potentially complicating disburse-
ment. Additionally, blockchain technology has been proposed as a solution to enhance
the transparency and speed of anticipatory cash transfers, with one study claiming that
“decentralized finance applications can expedite and reduce the costs of funds transfer,
exemplified in blockchain-enabled cash transfers" [459]. Further research is needed to
establish seamless integration between anticipatory action planning frameworks—such
as those proposed in this study—and operational disbursement systems, ensuring effi-

ciency, transparency, and equitable access to preemptive funds.

Involve various stakeholders in the formulation of optimized anticipatory
action algorithms. To ensure that optimized anticipatory action initiatives can be
adapted to new contexts where they have not yet been deployed, future research should
prioritize the inclusion of policymakers and stakeholders in developing a diverse repos-
itory of scenarios. By “diverse repository,” we refer to a structured collection of prede-
fined optimization setups that future users can select from, facilitating rapid deployment
of anticipatory action strategies tailored to different needs. Including this into the web
application could lead to an interactive dropdown menu where users could choose from
a wide range of pre-configured optimization models based on their specific operational
constraints and objectives. These setups would include variations such as: (i) cash-only
allocations versus mixed interventions that incorporate resource distribution (e.g., wa-
ter pumps, fertilizer); (ii) inclusion or exclusion of equity constraints to balance funding
across regions or vulnerable groups; and (iii) multi-phase versus single-phase allocations
to account for staggered funding releases. By building this repository with direct input
from policymakers, humanitarian actors, and technical experts, future users—whether
governments, NGOs, or local responders—would have access to a comprehensive suite

of optimization frameworks that are both adaptable and practically relevant.

The experience of Bangladesh’s Central Emergency Response Fund (CERF)-funded
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anticipatory action framework illustrates the importance of stakeholder involvement
in designing flexible and scalable intervention models. For example, a significant pro-
portion of Bangladesh’s CERF allocation was directed toward cash transfers, yet an
impact study found that the 2020 transfer values were too small, necessitating a review
and adjustment of the amounts in subsequent phases. This underscores the need for
an optimization framework where users can test different allocation schemes, adjusting
parameters dynamically based on empirical evidence. Moreover, planned anticipatory
action activities should be clearly distinguished from those better suited for post-shock
response, as interventions such as water treatment activities or dignity kit distribution
may not fit within the anticipatory action framework [519]. Local stakeholders can also
play a critical role in defining equity constraints within anticipatory action frameworks,
as evidenced by Start Network’s experience in Bangladesh, where “the increased use of
community-owned triggers helped enhance understanding and acceptance of technical,
scientific meteorological knowledge” [41]. A similar logic applies to the design of opti-
mization algorithms for anticipatory aid allocation. Just as participatory approaches
to early warning system triggers can build trust and improve decision-making, involv-
ing local actors in defining optimization parameters—such as equity constraints, eligi-
bility thresholds, and allocation priorities—ensures that allocation models, including
cash-based delivery components, align with on-the-ground realities. This participatory
approach may enhance both the legitimacy and effectiveness of optimization-driven

interventions.

Incorporating lessons from a broad range of local contexts into a repository of opti-
mization algorithms may help ensure that anticipatory action strategies are tailored to
the specific coping mechanisms and economic realities of different regions. For instance,
while flood-affected communities in Bangladesh might prioritize direct cash transfers
for immediate asset protection, drought-prone regions in Namibia may benefit more
livestock feed distribution [520)].

Technical governance of open-source optimization frameworks for anticipa-
tory action. From a technical standpoint, scaling solutions beyond pilot environ-
ments requires disciplined software engineering practices and thoughtful governance
structures. Maintaining a single open-source repository with clear pull request proto-
cols and defined merge rules ensures code integrity and traceability, especially as more
contributors—ranging from data scientists to NGO partners—begin to collaborate. Es-
tablishing a centralized project ownership or steering committee can help manage the
direction of new features, maintain quality standards, and coordinate updates [521, 522].

Rigorous version control is particularly important for auditing model changes over time.

127



5. Optimizing early warning-driven anticipatory action cash transfers

Engineering solutions for operational scale and cost efficiency. Moving from
pilot projects to broader coverage demands a structured approach to cloud infrastruc-
ture, data management, scheduling, and user interfaces. In India, for example, real-time
alerts from an early warning system could be fed into a container-based workflow that
ingests hazard data, runs the optimization model, and provides recommended allo-
cations. Meanwhile, secure APIs with role-based authentication and encryption help
guard sensitive beneficiary information, allowing only authorized agencies to access op-
timized allocation plans [523]. Simple dashboards or mobile apps could then present
these allocation results in real time to local decision-makers, ensuring transparency and
timely disbursements. By integrating data ingestion, compute orchestration, security
protocols, and user-facing tools into a cohesive system, large-scale anticipatory action

initiatives can remain both cost-effective and adaptive, even as hazard conditions evolve.

Searching for the right policy. Another complementary approach is to view an-
ticipatory action through the lens of sequential decision-making. Rather than finding
a single best allocation for one point in time, the goal is to identify the best policy, a
rule for making allocation decisions that performs well across many possible futures. In
this view, our MILP represents one such policy: it maps the current state S; (budgets,
capacities, vulnerability maps, and constraints) into an allocation X[ (S;) = {;+x}.

Powell’s framework [524] formalizes this by optimizing directly over policies:

mell

T
max E[Zc(st, X;f(st))} st Spr = SM(S,, XF(S)), Wip), (5.40)
t=1

where C/(+) is the contribution function, here the time-weighted vulnerability-population
benefit in Eq. (5.8), SM describes how the system evolves, and W, represents new
information such as changing forecasts or updated vulnerability data. To operationalize
this idea, we can define a family of candidate policies Ilg = {7, 0}, each correspond-
ing to either a different parameterization or an alternative objective formulation, and

perform a meta-search:
T

* Ok (m) Tm,6
(m*,0%) € arg = max E[;C (Si, X (St))] (5.41)

Here, m indexes the choice of objective function and € its parameters. For instance,

our baseline objective C(VB) maximizes time-weighted benefit in vulnerable populations,
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while an alternative could emphasize equitable resilience:
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where the second term penalizes disparities in normalized group spending, controlled

by £. Another variant could reward temporal stability:
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discouraging abrupt reallocations that may be operationally infeasible. By evaluating
such policy variants 7, ¢ on historical or stress-tested hazard sequences and comparing
common KPIs (coverage Cgy, targeting p, spend share ¢, equity dispersion), policy-
makers can identify not just the best model configuration but the best decision rule.
This embodies Powell’s principle of “optimizing over policies” rather than single deci-
sions, reframing anticipatory optimization as a continuously improving, evidence-driven

policy search process [525].

Building on this view, it is useful to contrast our proposed policy-based framework with
how anticipatory action is typically operationalized in practice. Most existing systems
rely on trigger rules—fixed thresholds on one or two indicators (e.g., forecasted rainfall
or flood probability) that, once crossed, activate a pre-defined response such as cash
disbursement [64]. In Powell’s terminology, these represent narrow, single-condition
policies: Tyigger(S:) = “act if indicator exceeds threshold”. In contrast, our approach
formulates a more holistic allocation policy, implemented through a mixed-integer opti-
mization model that determines how much to allocate, where, and in what form, given
budgets, vulnerabilities, and equity requirements. The trigger still governs when an-
ticipatory action begins, but the optimization policy defines what happens once it is
activated, optimizing resources under multiple simultaneous constraints. Looking for-
ward, Powell’s sequential decision framework offers a natural extension, by treating
this optimization model as one among many competing policies that can be tested,
compared, and improved across successive hazard activations [?]. In this way, antici-
patory action can evolve from static trigger-based activation toward a broader system
of learned decision rules, continuously refined through data, simulation, and real-world
feedback.

129



5. Optimizing early warning-driven anticipatory action cash transfers

5.5 Conclusion

This chapter developed a spatially explicit, time-phased mixed-integer programming
framework for optimizing anticipatory aid allocation in disaster-prone regions, demon-
strating how structured, equitable, and timely planning can enhance the effectiveness
of humanitarian interventions. By integrating simulated vulnerability data and explicit
equity constraints, the model moves beyond traditional trigger-based systems, enabling
targeted allocations that are responsive to both local vulnerability and operational con-
straints. The case study in Purba Medinipur, India, showed that optimized multi-phase
allocations redirected up to 80% of resources toward the most vulnerable pixels, dou-
bled high-risk coverage relative to a uniform per-capita rule (from 31% to over 65%),
and achieved strong equity across administrative groups. The interactive web-based
decision-support tool further enhances the usability of this model, enabling policymak-
ers and practitioners to dynamically explore various allocation scenarios. Computa-
tional testing confirmed that the proposed optimization model is scalable, efficiently

handling large-scale, high-resolution problems across diverse solver configurations.

Looking forward, several avenues can enhance this research: incorporating real-time
early warning data will bolster the accuracy and responsiveness of vulnerability as-
sessments; integrating optimized aid-allocation plans with existing digital financial in-
frastructure, such as India’s Direct Benefit Transfer system where appropriate, could
streamline disbursements; and expanding stakeholder involvement in defining scenario
constraints and objectives would ensure contextual relevance and acceptance. Addi-
tionally, refining the technical governance of open-source optimization frameworks and
advancing the engineering of scalable cloud-based deployment solutions will be essential
for widespread adoption and operational impact. Looking ahead, in terms of formu-
lating and deploying adaptive optimization models, the next frontier is moving from
single optimization runs toward learning across policies. Future work could evaluate
alternative policy formulations within Powell’s sequential decision framework, allowing
governments and humanitarian organizations to test, compare, and refine decision rules
over repeated activations. Combined with real-time early warning data and digital
disbursement systems such as India’s Direct Benefit Transfer network, such adaptive
policy learning could transform anticipatory action from a threshold-based activation
mechanism into a continuously improving, evidence-driven system for proactive risk

management.
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6 Discussion and conclusion

This chapter brings together the main findings of the thesis and reflects on their impli-
cations. It first summarises the key contributions across the forecasting, optimisation,
and integration chapters. It then assesses the strengths and limitations of the ap-
proach, including its empirical scope, modelling assumptions, and institutional realism.
The chapter next examines the practical conditions required to translate a working
prototype into an operational government capability, focusing on governance, finance,
and implementation capacity. It concludes by outlining priorities for future research
aimed at embedding anticipatory, optimisation-guided decision-making within routine

agricultural disaster response.

The structure of this discussion section is informed by the framework proposed by
Docherty and Smith (1999) [526]. While not followed rigidly, their approach provides

a useful organising principle, which is adapted here to suit the context of this thesis.

6.1 Key contributions and integrative synthesis

Data science in development is rarely a solitary or purely technical enterprise. In public-
sector settings, value is created at the boundary between data, institutions, and domain
expertise rather than inside the model alone. That is especially true here, where crop
science, climate analytics, remote sensing, optimization, humanitarian operations, and
public administration must be brought together before an early warning can become

an action.

The contribution of this thesis therefore lies not in any single model viewed in isolation,
but in the construction of a socio-technical architecture that links prediction to decision-

making. Framed this way, the thesis sits most clearly within data science for public
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decision-making and development, rather than claiming equal disciplinary contributions

to agronomy, meteorology, and humanitarian practice all at once.

This positioning also clarifies the thesis’s main contributions. Its central methodological
contribution is the end-to-end coupling of impact-based yield forecasting and optimiza-
tion. Its central theoretical contribution is the reframing of early warning systems as
decision architectures rather than information pipelines. Its central policy contribution
is to make the forecast-to-action link explicit, auditable, and open to revision. The ar-
gument advanced here is that predictive information creates greater public value when
it is embedded into a structured decision-making process that accounts for real-world

constraints.

The opening perspective paper establishes the conceptual foundation for this argument,
arguing that while global investment in early warning capacity has expanded, its real
impact remains constrained by the absence of decision-making mechanisms that connect
forecasts to resource allocation. It positions early warning systems not as information
systems but as potential decision architectures capable of guiding timely, evidence-based

interventions when linked with formal optimization [527].

Building on this foundation, the three subsequent papers develop the core layers of
the proposed architecture. The first conducts a systematic review of agricultural early
warning systems, synthesizing evidence on how advances in earth observation, ma-
chine learning, and digital infrastructure have expanded forecasting capacity, while
systematically identifying the structural gap between predictive outputs and actionable
decision-making [528]. Although motivated by the context of rice production and food
security in India, the review derives generalizable insights about the institutional, tech-
nical, and operational barriers that prevent forecast information from translating into
policy action. The second paper operationalizes this agenda by constructing spatially
explicit yield prediction models for rice in India using modern machine-learning meth-
ods, demonstrating how satellite and climatic data can detect early-season production
risks at scales relevant for government intervention [250]. The third paper completes
the architecture by designing optimization models that translate forecast signals into
anticipatory policy strategies, allocating resources such as funds or other interventions
to minimize expected welfare losses. Together, these studies articulate and implement
a systematic integration of forecasting and optimization, transforming early warning
systems from predictive tools into structured decision frameworks capable of guiding

timely and cost-effective government responses.

Beyond its applied contributions, the thesis advances a conceptual reframing of early
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warning systems as decision-analytic structures rather than information pipelines. It
proposes that the value of forecasting should be assessed not solely by predictive ac-
curacy, but by its capacity to improve downstream policy decisions under uncertainty.
This perspective builds on work in decision science and environmental information the-
ory that emphasizes value-of-information analysis as the appropriate metric for infor-
mational worth [529]. It also aligns with emerging research in agricultural data science,
which locates data value in its ability to generate decision-relevant insight through
prediction and optimization rather than through data accumulation alone [530]. By
explicitly linking anticipatory information to welfare-based optimization, the thesis es-
tablishes a framework for evaluating early warning systems in terms of decision value

rather than signal precision.

6.2 Strengths of this study

This thesis offers three principal strengths: conceptual clarity, methodological rigor,

and policy relevance.

First, it advances a conceptual contribution by reframing early warning systems as
decision-analytic architectures rather than information pipelines. While substantial
progress has been made in improving forecast accuracy through earth observation and
machine learning, the thesis formalizes the link between predictive models and welfare-
based policy optimization. In doing so, it clarifies that the value of forecasting lies not
solely in signal precision, but in its capacity to improve downstream decision quality
under uncertainty. This perspective aligns with recent work on the value of informa-
tion and data-to-decision pathways [529], and contributes a structured framework for
evaluating early warning systems in terms of decision impact rather than predictive

performance alone.

Second, the thesis demonstrates methodological rigor through the operational coupling
of machine-learning yield models and optimization-based allocation strategies. Rather
than treating forecasting and planning as separate analytical domains, the work shows
how probabilistic yield predictions can be embedded directly into anticipatory resource
allocation models. This approach reflects broader disciplinary convergence, as global
machine learning-based yield forecasting increasingly achieves policy-relevant lead times
[531], and operations research applications in humanitarian logistics demonstrate how
uncertainty can be formally incorporated into anticipatory decision models [532]. By in-
tegrating these strands within a coherent architecture, the thesis moves from theoretical

possibility to implementable design.
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Third, the thesis prioritizes transparency and reproducibility. All analytical compo-
nents, from model development to optimization routines, are implemented using open-
source tools, documented methods, and traceable data pipelines. This directly addresses
persistent reproducibility gaps in geospatial and remote-sensing research. A review of
200 remote-sensing-related papers published between 2014 and 2022 found that only
37 provided access to source data and just 16 shared replicable code or materials [533].
Adherence to the FAIR principles, ensuring that workflows and data are Findable, Ac-
cessible, Interoperable, and Reusable, enhances both scientific credibility and policy
uptake. As Wilkinson et al. (2025) argue, transparent and well-documented workflows
maximize their value as research assets and facilitate adoption by the wider community
[534].

6.3 Limitations of this study

This thesis has three principal limitations: empirical scope, institutional realism, and

structural simplification.

First, empirical validation is conducted in a single context, namely rice production in
India. This setting was chosen deliberately because it offers unusually rich agricultural,
climatic, and administrative data, as well as a policy environment where food security
decisions are closely linked to seasonal forecasts. However, testing the framework in
one national context limits external validation. Applying the architecture in other re-
gions would require adaptation to differences in data availability, institutional capacity,
and agro-ecological structure. In lower-data settings, implementation may necessitate
coarser spatial inputs, simplified models, or greater reliance on expert judgment, po-
tentially affecting predictive precision and policy granularity. As systematic reviews of
machine-learning-based yield prediction note, models often exhibit limited transferabil-
ity across crops, regions, and environmental conditions without careful recalibration

[274].

Second, the optimization models abstract from behavioural and political dynamics that
shape real-world decision-making. While simulated hazard and production-deficit sce-
narios enable transparent evaluation of anticipatory allocation under uncertainty, actual
government responses operate within institutional environments that are often more
complex than represented here. Budget cycles, administrative capacity, coordination
across agencies, and political constraints influence how early warnings translate into
action. As research in humanitarian logistics has shown, limited decision-maker in-

volvement in model design is associated with weak implementation and misalignment
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between analytical objectives and practitioner priorities [535]. Optimization models
developed in controlled settings may therefore require substantial adaptation before
becoming operationally useful. Their effectiveness depends not only on technical sound-
ness, but on early engagement with the institutional actors who must ultimately adopt

and apply them.

Third, the framework simplifies the structure of the policy problem in order to remain
analytically tractable. The welfare function is reduced to a limited set of objectives,
and parameters such as risk exposure, response effectiveness, and resource availabil-
ity are treated as fixed within each simulation. In practice, governments operate in
environments characterized by interacting hazards, multiple actors, and evolving insti-
tutional and socio-economic conditions. Recent reviews of adaptive pathways and deep
uncertainty tools emphasize that increasing structural complexity challenges existing
modelling approaches and requires explicit attention to interacting uncertainties and
cross-sector dynamics [536, 537]. By holding key parameters constant, the model iso-
lates the value of anticipatory optimization, but does not capture dynamic feedbacks,
evolving objectives, or shifting governance constraints. Extending the framework to
incorporate adaptive priorities and time-varying conditions might enhance realism and

strengthen its relevance for long-term policy design.

6.4 Institutional and operational challenges

This discussion explores what it may take to move from a working prototype to an insti-
tutional capability that repeatedly turns early warnings into timely, equitable actions.
We proceed from higher-level constraints (law, governance, finance) to lower-level deliv-
ery (policies, engineering, human adoption), and conclude with near-term researchable
priorities. The aim is not to prescribe a single path but to surface practical open ques-
tions that, if answered, could enable responsible and sustained scale-up of anticipatory

action systems which integrate early warning with quantitative decision-making.

6.4.1 System-level constraints around governance and finance

From humanitarian pilots to government ownership As the IFRC observes,
“government ownership of anticipatory action is essential for it to reach scale and sus-
tainability,” yet most systems are still “externally driven, project-based approaches
rather than routine, government-led components of disaster response” [538]. Humani-
tarian pilots proved that acting early saves lives, but the report stresses that long-term

impact depends on embedding this logic in domestic law, policy and finance. The chal-
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lenge, it notes, is not to transfer a "tool" (the anticipatory action framework) but to
“durably strengthen the underlying capacities, legal and policy frameworks, ownership
and confidence of government institutions to use the tool” so that early warnings rou-
tinely trigger preventive action when risk levels demand it [538]. In short, the IFRC
suggests that the centre of gravity must shift: from humanitarian agencies demonstrat-
ing what is possible, to governments making it standard practice within their disaster

management systems.

Several countries have begun to close this gap by embedding anticipatory action in
national law. Fiji's 2024 Disaster Risk Management Bill now allows state resources to
be used “in anticipation of a potential emergency,” formally recognizing the legitimacy
of pre-impact spending [539]. Bangladesh represents a slower, incremental path: over
two decades, its disaster management law has evolved from reactive relief to proactive
risk governance. As Zaman et al. (2022) describe, reforms culminating in the Disaster
Management Act (2012), Standing Orders on Disasters (2019), and National Plan for
Disaster Management (2021-2025) established the legal basis for acting early, with

mandates, financing rules, and inter-ministerial coordination clearly defined [540].

Who has the legal authority to act early? Legal recognition of anticipatory
action is only the first step; it must be matched by clear institutional authority. An-
ticipatory action often stalls because no single body controls the triggers, budgets and
technical oversight [541, 542|. The IFRC report makes clear that turning anticipatory
action from a project into a policy means navigating complex laws, fiscal rules, and
institutional rivalries. Disaster management agencies may have the mandate to coordi-
nate, but not the authority to spend; finance ministries may control the funds, but not
the triggers; and line ministries often act only after formal declarations. As a result,
even where governments support the principle of acting early, their systems are still
built for reacting late [538].

To bridge this gap, national disaster management agencies are increasingly taking on
the role of coordinating anticipatory action schemes, chairing cross-ministerial working
groups that include meteorological services, finance ministries and humanitarian part-
ners [538|. Sierra Leone’s Disaster Risk Financing Strategy 20242029 explicitly assigns
this role to its National Disaster Management Agency, which is directed to “facilitate
the use of anticipatory finance, including forecast-based triggers for the early release of
funds ahead of the impact of disasters” [543]. Mozambique’s Law No. 10/2020 on Dis-
aster Risk Management and Reduction expands the country’s legal framework beyond

rapid-onset emergencies. It assigns the National Institute of Meteorology and the Na-
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tional Institute for Disaster Management responsibility for establishing an alert system
for slow-onset hazards such as droughts, enabling “early warning and early action.” In
doing so, it strengthens earlier legislation that had focused mainly on sudden disasters
[544].

Yet even with such mandates in place, the tension between national consistency and lo-
cal flexibility remains unresolved. Kenya’s drought management system illustrates the
trade-off: county committees can interpret indicators using local knowledge, improving
contextual relevance but sometimes blurring accountability and delaying payouts [545].
Finding the right balance may require a hybrid model: one in which a national agency
maintains the official trigger list and budget framework, while subnational authorities
can propose context-specific adjustments under defined rules and review cycles. Deter-
mining how frequently to revise triggers, and how to validate local adaptations without
undermining speed, remains an open governance question. If funders increasingly link
pre-arranged finance to documented governance structures, clarity over who maintains

and updates these rules may become a precondition for scaling anticipatory action.

This fragmentation of authority is not only a coordination challenge; it also creates a
design risk for integrated early warning and decision systems. When mandates are split
across agencies, it becomes unclear who defines the objective function (e.g., vulnerability
coverage versus equity), who curates the trigger list that enters the model, and who

authorizes the budget vector on which the optimization depends.

Who has the operational capability to act early? Moreover, as the complexity
and coordination demands of anticipatory systems grow, these responsible agencies must
also build and retain the technical expertise needed to manage them. The effectiveness
of trigger models and decision policies, such as those discussed in Chapter 5, may ulti-
mately depend less on their mathematical design than on institutional capability: how
well staff can interpret forecasts, calibrate thresholds, and adjust resource-allocation
frameworks over time. Delivering humanitarian aid is already a notoriously difficult en-
deavour, as seen in crises such as the 2010 Haitian earthquake, where sprawling networks
of relief agencies and NGOs, from the UN and USAID to the WHO, struggled within
layers of bureaucracy, fragmented coordination, and host-country dissonance that often
blunted or even undermined their own interventions [546]. Another challenge is brain
drain: governments often invest in training staff on anticipatory methods, only to lose

that capacity when personnel move to other ministries or roles [547].
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How can laws and policies guarantee money moves early? Some governments
struggle to act before disasters strike as financial strain and rigid funding rules keep
disaster funds locked until after crises hit [548]. One potential solution is to ring-fence
national budgets for pre-arranged, anticipatory spending to avoid costly delays [538|.
Fiji is emerging as a rare success story. Working with the World Food Program and
other UN partners, the country has introduced a system that provides anticipatory fi-
nancial assistance to vulnerable households before predicted disasters. The government
draws on its own contingency funds to issue early cash transfers, which are later reim-
bursed by the WFP, ensuring rapid and predictable support when threats arise [549].
In practical terms, this kind of pre-approved liquidity is what enables anticipatory al-
location models to function. In Chapter 5, the “phase budgets” in the optimization
framework represent exactly these ring-fenced early-action funds. Without commit-
ted, upfront financing, even the most carefully designed allocation model cannot be

implemented in time.

How do governments maintain trust while acting on forecasts? Credibility
is important for well-functioning anticipatory action systems. When forecasts prove
wrong or data is mishandled, public trust can collapse, a dynamic often called the “cry-
wolf effect,” where people stop responding to warnings after too many false alarms [550].
Safeguards such as phased alerts, independent verification and clear “stop” mechanisms
help prevent that loss of confidence. Reliable and transparent trigger models are also
crucial: acting on forecasts that don’t materialize wastes money and weakens support for
early action. Few programmes track false alarms, but learning from them is essential to
strengthen forecast-to-action systems [551]. Trust also depends on visibility: publishing
trigger criteria, disbursement logic, activation logs, and spending summaries helps show
that early action is evidence-based, not arbitrary. At regional level, organizations such
as IGAD and ASEAN are beginning to harmonize trigger methodologies and share
lessons between governments [552]. An open question is how to institutionalize this

transparency without overwhelming overstretched agencies.

Within the architecture developed in this thesis, credibility determines whether the
forecasting and optimization components are actually used. Even technically sound
predictions and welfare-improving allocations can lose influence if repeated forecast
errors or opaque model outputs undermine institutional confidence. Over time, this may
make finance ministries more hesitant to release funds or decision-makers more cautious
in acting early. Anticipatory systems therefore require not only accurate models and
efficient allocations, but also transparent communication and systematic learning from

false alarms to sustain trust in model-based decision-making.
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Who pays? A further implementation question concerns not only whether early ac-
tion is worth financing, but who should pay for which part of the system. There are at
least two distinct layers of finance here. The first is the finance required to maintain
the system itself: data acquisition, model updating, dashboard maintenance, valida-
tion, staffing, coordination, and periodic review. The second is the finance required
for activation, that is, the actual disbursement of cash, seed, input support, procure-
ment, or other anticipatory measures once risk thresholds are reached. Much of the
anticipatory-action literature shows that pilots often concentrate on the second layer
while underestimating the first. Yet without stable institutional funding for the pre-
dictive and decision-support apparatus itself, a system remains an intermittent project

rather than an operational public capability [553, 554].

For that reason, a durable financing model will likely need to be hybrid. Over time,
the core costs of maintaining the warning-and-decision system should be internalised
within domestic public budgets if governments are genuinely to own the architecture
rather than merely host externally funded pilots. At the same time, the funding of
specific activations may require a more flexible blend of sources, including state contin-
gency funds, disaster-management allocations, pre-arranged humanitarian finance, and,
in some contexts, insurance-linked or other risk-financing instruments. This matters
especially in lower-capacity settings, where even if the analytical logic of anticipatory
action is accepted, fiscal rigidity may prevent timely release of funds. The key point,
therefore, is that financing cannot be treated as an afterthought to modelling; it is part

of the design problem from the outset [553].

6.4.2 Ethical and legal questions in targeted anticipatory action

A central ethical issue concerns the question of who should receive aid once a forecast
indicates heightened risk. A narrow answer would be to prioritise those with the high-
est predicted production losses. But that is unlikely to be sufficient in all cases. In
practice, exposure to agricultural shocks is mediated by vulnerability, coping capacity,
tenure status, indebtedness, gendered access to assets, and digital inclusion. A system
that targets only predicted yield loss may therefore miss households that are highly
vulnerable but poorly represented in the data, including tenant cultivators, land-poor
households, women with weaker formal asset claims, or those with limited digital access.
Research on targeted cash transfers shows that selective inclusion can produce tensions
and perceptions of unfairness even when programmes generate real benefits, while work
on digital inequality in India shows that access to and effective use of digital systems

are already stratified by caste, education, and occupation [555, 556].
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For that reason, the ethics of implementation should be framed not only in terms of
efficiency, but also in terms of fairness, transparency, and procedural protection. Any
operational version of the system would need explicit allocation criteria, periodic bias
and exclusion audits, and some form of human review for borderline or contested cases.
It would also need a grievance mechanism through which those excluded could challenge
or query the basis of decisions. Public-administration research on algorithmic decision-
making suggests that legitimacy does not arise automatically from technical perfor-
mance; it depends on whether decision processes are understandable, accountable, and
regarded as procedurally fair by affected publics. Where automated or semi-automated
systems are introduced without such safeguards, they risk undermining trust even when

they improve aggregate performance [557, 558|.

A related issue is legal. If a forecast crosses a specified probability threshold, does that
create an entitlement to compensation, or does it merely authorise discretionary action
by the state? This thesis does not need to settle that question, but it should raise it
explicitly. Comparative work on automated administrative decision-making, especially
in European public-law settings, suggests that once algorithmic systems influence the
allocation of public benefits, issues of reason-giving, due process, hearing rights, and
contestability become unavoidable [559]. Questions may arise wherever predictive sys-
tems are allowed to shape eligibility, prioritisation, or benefit delivery. This is therefore
an area where future work would need collaboration not only with implementers, but

also with legal scholars and public-administration specialists.

6.4.3 Uneven implementation capacity across Indian states

A potential concern is that implementation capacity in India is too uneven for a sin-
gle deployment model to be realistic. The architecture developed in this thesis may
be analytically general, but its operationalisation will depend on the strength of state
institutions, the flexibility of budgetary systems, the quality of beneficiary registries,
the reach of agricultural extension, the reliability of payment channels, and the ability
of district administrations to coordinate action under uncertainty. Evidence from In-
dian state performance more broadly shows that programme outcomes are positively
associated with initial administrative capacity, development, and accountability, while
state-level fiscal conditions also vary significantly across the federation [560, 561|. This
means that the same forecast-to-decision pipeline may function as a practical policy

instrument in one state and remain aspirational in another.

Implementation capacity also needs to be understood organisationally, not just terri-

torially. A functioning system would require coordination across meteorological and
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remote-sensing actors, agricultural departments, disaster-management authorities, dis-
trict administrations, payment systems, and front-line knowledge networks. Research
from Karnataka shows that access to agrarian knowledge systems already varies by
caste, gender, class, geography, and distance from administrative centres, and that in-
formation is often insufficiently localised or untimely [562]. This suggests that even a
technically accurate forecasting system will underperform if it is not linked to insti-
tutions that can translate risk information into locally intelligible advice and action.
Put differently, implementation capacity resides not only in state capitals, but in the

everyday ecology of extension, local administration, and trusted intermediaries.

6.4.4 Policy design: from single triggers to portfolios

Chapter 5 introduced an optimization framework for allocating anticipatory resources
once an early-action protocol has been activated. In that formulation the policy was
fixed in advance. Once a forecast crossed a trigger, a predefined set of actions, mainly
phased transfers subject to budget and equity constraints, became available, and the
model optimized where, how much, and when resources should be allocated. This
addresses an important allocation problem, but only after the intervention logic has
already been chosen. In practice, governments may face an earlier design problem.
They may need to decide which trigger rules, intervention bundles, and sequencing rules
should exist in the first place. The challenge, therefore, is not only how to optimize
allocation within a single protocol, but how to design and compare alternative response

rules before crises occur.

In the decision-analytic sense used in operations research, particularly in the work of
Warren Powell, a policy is a rule that maps the current state of a system to an action
[524]. Given the available information, such as a forecast, a vulnerability profile, a
budget, and the time remaining before impact, the policy specifies what should be
done next. Many anticipatory-action systems still operate with a narrow policy rule:
a single forecast threshold that triggers a predefined response. Such rules are simple
to communicate and implement, but they compress heterogeneous risk conditions into
a single decision point. Emerging applications suggest more flexible approaches are
possible. For example, drought early-action protocols in Mozambique use multiple
trigger levels linked to escalating responses. This allows interventions to adapt to
different levels of forecast risk rather than relying on a single binary activation rule
[563].
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Optimizing across policies Once policy is framed as a rule rather than a threshold,
the analytical task changes beyond simply optimizing resource allocation within a fixed
policy. It is an ex ante policy design problem: governments must decide in advance
which intervention packages should exist, and which forecast conditions should trigger
each of them. Candidate policy rules can be stress-tested using hindcasts, simulated
shocks, and recent near misses, with the aim of retaining a small portfolio of rules
that performs robustly across plausible futures. In the thesis case study, for example,
district-level rice yield forecasts could be linked not to one predetermined response,
but to a small menu of policy packages. A moderate projected shortfall in a district
with functioning markets might trigger temporary cash support or input vouchers. A
larger projected deficit might activate a broader package combining cash transfers with
subsidized seed or fertilizer for the next planting season. In districts facing severe
projected losses and weak market access, the response could expand further to include
procurement, transport support, or emergency seed distribution. The distinction is
important. Chapter 5 asks how limited funds should be allocated once a policy has
already been chosen. The problem here is prior and broader: it asks which policy rules
should be available in the first place, and how forecasts should be mapped to different

response packages under uncertainty:.

Recent literature helps clarify this shift. Work on contextual optimization formulates
the problem as learning decision rules that map observed information, such as forecasts
or local conditions, to actions, rather than selecting one action as universally optimal
[564]. Multistage disaster-planning models similarly show why this matters by compar-
ing adaptive policies, which can change as new information arrives, with static plans
fixed in advance and rolling-horizon approaches that update only incrementally; their
central insight is that flexibility can materially improve performance when uncertainty
resolves over time [565]. Adaptation research makes a related point from a different
angle, arguing that decision-makers should map the feasible solution space across sce-
narios, timescales, and measures, rather than assume that one warning signal should
correspond to one response [566]. Evidence from forecast-based drought interventions
in East Africa further shows why a portfolio perspective is needed: the value of action
depends strongly on the hazard, the geography, and the forecast horizon, and in many
cases interventions generate the greatest benefit closer to impact, when forecast skill is

higher, even if earlier action can still provide some value [166, 567].

More importantly, these response rules should not be treated as fixed protocol choices,
but as hypotheses to be tested and revised over time. The question after each season

is not only whether a trigger was activated, but whether the underlying rule produced
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timely and proportionate action, or whether a different rule would have performed
better under the realized conditions. This could involve adjusting thresholds, changing
lead times, revising the sequence in which instruments are introduced, or redesigning
which measures are bundled together under different forecast states. In this sense, the
simulation framework developed in Chapter 5 is valuable not because it can optimize
every activation in real time, but because it provides a disciplined testbed for comparing
candidate policy rules before the next season begins. Governments could use such a
framework to maintain a small policy playbook and periodically revalidate it against
hindcasts, simulated shocks, false alarms, missed events, and operational lessons from

previous activations.

This interpretation is consistent with recent work on anticipatory action and warning
systems. OCHA’s synthesis of anticipatory action pilots argues that historical fore-
casts are essential for estimating how often triggers correctly and incorrectly recom-
mend action, that trigger performance should be evaluated after each risk season, and
that phased approaches can link signals over time to different activities [31]. Work on
drought triggers in Mozambique likewise shows that trigger design is fundamentally a
problem of balancing hit rates, false alarms, lead times, and decision scales, and recom-
mends refining triggers and investing in monitoring, evaluation, and learning to improve
future operations [563, 165|. Related research on impact-based forecasting highlights
the need for explicit evaluation methods and dynamic exposure and vulnerability data
[568], while iterative risk-governance research emphasizes repeated co-production and
refinement of fit-for-purpose solutions as conditions, risks, and institutional arrange-
ments evolve [569]. The objective, then, is not to identify one perfect trigger once and
for all, but to establish a disciplined process for testing, comparing, and revising a small

portfolio of response rules over time.

6.4.5 Linking farmer communication pathways

A further question concerns how the decision-support framework developed in this
thesis could be connected to farmers themselves. The architecture proposed here is
primarily designed for public decision-makers, such as agricultural departments, disaster
management authorities, and humanitarian actors, who must interpret forecasts and
coordinate anticipatory responses. This institutional orientation is intentional. Early
warning and anticipatory action systems operate through the decisions of governments
and implementing organisations, which determine when to trigger interventions, how
resources are allocated, and which policy instruments are deployed. In that sense,

the framework developed in this thesis should be understood first and foremost as a
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decision-support tool for institutions, rather than as a direct farmer-facing technology.

Nevertheless, the functioning of anticipatory action systems will in many cases require
some form of communication with farmers themselves. Certain types of interventions
(such as early harvesting advice, input distribution, temporary cash transfers, or tar-
geted advisories) may depend on farmers receiving timely information or notifications.
The analytical outputs produced by the system may therefore need to be translated into
farmer-facing communication channels when an intervention is activated. Research on
agricultural mobile advisory services suggests that the effectiveness of such communica-
tion depends not only on the accuracy of the underlying information, but also on trust,
perceived usefulness, connectivity, and the presence of social support networks such as
advisers, peers, or family members [570, 571|. For this reason, a realistic implemen-
tation architecture may involve a two-layer structure, in which the logic underpinning
allocation mechanisms remains institution-facing while farmers receive simplified notifi-
cations through channels such as SMS alerts, voice calls, extension visits, or messaging

platforms.

That in turn implies a substantial qualitative research agenda. Future work should
include co-design with farmers, field-based usability testing, experiments in communi-
cating uncertainty, and attention to who within the household actually receives, under-
stands, and acts upon notifications. Recent participatory design work in Maharashtra
shows that trust and perceived ease of use are decisive for adoption, and that multilin-
gual and audio-visual features can materially improve usability [571]. Survey evidence
from South India similarly suggests that familiarity, interest, and perceived economic
benefits matter at least as much as classical usability variables [572|. Evidence from
existing mobile advisory systems in India also warns that women, elderly farmers, and
smallholders may engage less unless message design explicitly accounts for unequal

access to phones, literacy, and control over devices [573].

6.5 Avenues for further research in the near-term

In the near term, an important research priority is to strengthen the link between
forecasting and decision-making under uncertainty. This includes moving from static,
one-off optimization to repeated decision cycles in which policies are evaluated and
refined over time. Embedding learning into the architecture, so that models update
not only forecasts but also allocation rules based on past activations, would make
anticipatory systems more adaptive and credible. Closely related is the need to better

quantify how forecast uncertainty affects allocation outcomes, including robustness to
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miscalibration and the trade-offs between speed, caution, and welfare gains. While
extensions to new crops and regions are important for external validation, advancing the
way uncertainty is handled within the forecast-to-decision pipeline is likely to generate

the largest conceptual and practical returns.

A second priority is scaling the architecture across institutional contexts while preserv-
ing transparency and usability. This means testing the framework beyond rice and
India, and integrating it more closely with real budgeting systems, contingency funds,
and operational planning tools. Research could explore portfolio-based policy design,
where governments compare multiple anticipatory instruments such as cash transfers,
input subsidies, and insurance triggers within a shared allocation framework. Other
extensions include multi-hazard settings, cross-sector coordination, and alignment with
climate adaptation pathways. The goal is not to expand the model in every direction,
but to focus on extensions that make anticipatory optimization durable, transferable,

and embedded within routine public decision-making.

6.6 Concluding remarks

As global hazards grow more frequent and complex, the gap between knowing a crisis
is coming and acting in time remains one of the most persistent challenges in disaster
policy. This thesis has shown that progress in forecasting must be matched by equally
deliberate advances in decision design if early warnings are to lead to early action rather
than delayed response. Around the world, governments and international partners are
inching toward this integration. For example, recent national dialogues on anticipatory
action in Nepal and new legislative frameworks in the Philippines signal growing recog-
nition that forecast-informed decision-making cannot remain a niche pilot but must
be embedded in public systems [574]|. At the same time, broad initiatives such as the
IFRC’s global work on anticipatory action and scaling efforts across regions attest both

to the promise and the unfinished business of this agenda [575].

This thesis contributes not only a set of models, but a framework for embedding early
warning within real-world decision-making systems. FEffective anticipatory action re-
quires reconciling technical uncertainty, legal authority, budgetary constraints, and
public trust. The real test for the next phase of research and practice will be whether
these components can be brought together into systems that reliably convert prediction

into timely, equitable, and funded action.
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A Appendices

A.1 Studies included in the systematic review

Table A.1: Summary of selected research articles on rice yield prediction. A total of 156
articles were included in the review, covering various methodologies and data sources.

Title Author Date Journal Country Cit.
Analysis and forecasting of Australian rice yield James 2024  Agricultural and  Australia [311]
using phenology-based aggregation of satellite and  Brinkhoff Forest
weather data Meteorology
The effect of dataset construction and data A. Clarke 2024  Computers and Australia [576]
pre-processing on the eXtreme Gradient Boosting Electronics in
algorithm applied to head rice yield prediction in Agriculture
Australia
Integrating Climate and Satellite Data for Clarke A. 2024  Remote Sensing Australia [576]
Multi-Temporal Pre-Harvest Prediction of Head
Rice Yield in Australia
Rice yield responses in Bangladesh to large-scale Bonosri Ghose 2021  Theoretical and Bangladesh  [307]
atmospheric oscillation using multifactorial model Applied

Climatology
Artificial neural network model in predicting yield Md Samiul 2021  Journal of Bangladesh  [305]
of mechanically transplanted rice from Basir Agriculture and
transplanting parameters in Bangladesh Food Research
Forecasting the Impact of Climate Change on Rice Rizza G. 2024  Int. J. Agric. Philippines  [577]
Crop Yields under RCP4.5 and RCP8.5 Scenarios  Baltazar Nat. Resour.
in Central Luzon, Philippines, Using Machine
Learning Algorithms.
Ensemble of Machine Learning Algorithms for Rice Tapash Kumar 2024  Journal of South [578]
Grain Yield Prediction Using UAV-Based Remote  Sarkar Biosystems Korea
Sensing Engineering
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Table A.1 continued from previous page.

Title Author Date Journal Country Cit.
A novel machine learning approach for rice yield Surabhi 2024  Journal of India [579]
estimation Lingwal Experimental and

Theoretical

Artificial

Intelligence
Securing China’s rice harvest: unveiling dominant  Ali Mokhtar 2024  Scientific Reports China [310]
factors in production using multi-source data and
hybrid machine learning models
Remote sensing-based paddy yield estimation Ehsan Asmar 2024  Remote Sensing Iran [309]
using physical and FCNN deep learning models in Applications:
Gilan province, Iran Society and

Environment
An Innovative Method for Paddy Yield Prediction  Dr. Mohd. 2024  Proceedings of India [580]
Based on DCNN-ELM Approach Asif Gandhi the 2nd

International

Conference on

Intelligent Data

Communication

Technologies and

Internet of

Things

(IDCI0T-2024)
A rotated rice spike detection model and a crop Yunting Liang 2024  Computers and China [581]
yield estimation application based on UAV images Electronics in

Agriculture
Data-Driven Rice Yield Predictions and Muhammad 2024  International Malaysia [320]
Prescriptive Analytics for Sustainable Agriculture = Marong Journal of
in Malaysia Advanced

Computer

Science and

Applications
New approach for forecasting rice and corn Samuel John 2024  Multidisciplinary  Philippines [342]
production in the Philippines through machine Estenor Science Journal
learning models Parreno
Rice Yield Prediction Based on Deep Learning Xuning Chang 2024  Artificial China [582]

Intelligence

Technologies and

Applications
Artificial Bee Colony Algorithm-based Feature Manasa 2024  International India [583]
Selection and Hybrid ML Framework for Efficient Chitradurga Journal of
Rice Yield Prediction Manjunath Electrical and

Computer
Engineering

Systems
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Table A.1 continued from previous page.

and conclusion

Title Author Date Journal Country Cit.
Hybrid Deep Neural Networks with Multi-Tasking  Che-Hao 2024  Agriculture Taiwan [584]
for Rice Yield Prediction Using Remote Sensing Chang
Data
Phenological analysis and yield estimation of rice Tingyan Fu 2024  Journal of Spatial Thailand [308]
based on multi-spectral and SAR data in Maha Science
Sarakham, Thailand
Rice Yield Estimation Using Multi-Temporal Liu 2024  Agriculture China [585]
Remote Sensing Data and Machine Learning: A
Case Study of Jiangsu, China
Combining satellite data and artificial intelligence ~ Nguyen-Thanh 2024  Applied Taiwan [586]
with a crop growth model to enhance rice yield Son Geomatics
estimation and crop management practices
Comparative analysis of SMLR, ANN, Elastic net  Parul Setiya 2024 MAUSAM India [587]
and LASSO based models for rice crop yield
prediction in Uttarakhand
Application of UAV-Borne Visible-Infared Shen Y. 2024  Sustainability China [588]
Pushbroom Imaging Hyperspectral for Rice Yield
Estimation Using Feature Selection Regression
Methods
Enhancing direct-seeded rice yield prediction using Guodong Yang 2024  Precision China [589]
UAV-derived features acquired during the Agriculture
reproductive phase
Paddy yield prediction based on 2D images of rice  Pankaj 2024  The Visual China, [319]
panicles using regression techniques Computer India
Multi-Objective Optimization with Artificial S. Muthuku- 2023  Intelligent India [590]
Neural Network Based Robust Paddy Yield maran Automation and
Prediction Model Soft Computing
Multimodal Deep Learning for Rice Yield Mia 2023 Remote Sensing  Japan [306]
Prediction Using UAV-Based Multispectral
Imagery and Weather Data
Rice Yield Estimations Based on Transformed Miphokasap P. 2023  Chemical Thailand [591]
Surface Reflectance from Orbital Hyperspectral Engineering
Remote Sensing Transactions
Rice Yield Prediction Using Sentinel-1 Radar Chunling Sun 2023 IEEE SAR in Big China [592]
Vegetation Indices and XGBoost Data Era

(BIGSARDATA)
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Table A.1 continued from previous page.

Title

Author Date

Journal Country

Cit.

Research on a Hyperspectral Rice Yield Estimation
Model Based on Random Forest

Smart Digital-Twin hub Concept for Rice yield
prediction and monitoring from multivariate time

series data

Paddy Yield Forecasting using Regression

Techniques

Rice yield prediction using Bayesian analysis on
rainfed lands in the Sumbing-Sindoro

Toposequence, Indonesia

IoT-Enabled Smart Solution for Rice Disease

Detection, Yield Prediction, and Remediation

Responsible Al for Sustainable Agriculture:
Forecasting Rice Yield to Combat Global Food

Insecurity

Ensemble Deep Learning Algorithm for Forecasting
of Rice Crop Yield based on Soil Nutrition Levels

Xijaopan Wang 2023

Yahjeb Bouha 2023

Khatraty

Chandrakumar 2023

T

Abdul Aziz 2023

Wanninayake 2023

K.M.LS

Rahul
Bhattacharyya

2023

M. Chan-
draprabha

2023

2023 3rd

International

China

Conference on
Computer
Science,
Electronic
Information
Engineering and
Intelligent
Control
Technology (CEI)

2023 24th

International

Mauritania

Conference on
Control Systems
and Computer
Science (CSCS)

IEEE Delhi
Section Flagship

India

Conference
(DELCON)

Scientific Indonesia

Horizons

5th International  Sri Lanka
Congress on

Human-

Computer

Interaction,

Optimization and

Robotic

Applications

(HORA)

14th

International

India

Conference on
Computing
Communication
and Networking
Technologies
(ICCCNT)

EAI Endorsed
Transactions on
Scalable

Information

India

Systems

[593]

[594]

[595]

[341]

[596]

[597]

(598

149



6. Discussion and conclusion

Table A.1 continued from previous page.

Title Author Date Journal Country Cit.
Deep Learning Enables Instant and Versatile Yu Tanaka 2023  Plant Phenomics Cote [318]
Estimation of Rice Yield Using Ground-Based d’Ivoire,
RGB Images Senegal,
Japan,
Kenya,
Madagas-
car,
Nigeria,
Tanzania
Multi-Agent System Based on Stacking Technique  Hayam R. 2023  3rd IEEE Egypt [599]
for Rice Yield Prediction Seireg International
Conference on
Electronic
Engineering
Automated Rice Crop Yield Prediction using Sine ~ Mr. S. 2023  Proceedings of India [600]
Cosine Algorithm with Weighted Regularized Thirumal the 7th
Extreme Learning Machine International
Conference on
Intelligent
Computing and
Control Systems
(ICICCS-2023)
Rice Yield Prediction in Sumatra Indonesia Using  Aldian 2023 2023 3rd Indonesia [601]
Machine Learning and Climate Data Nurcahyo International
Conference on
Intelligent
Cybernetics
Technology and
Applications
(ICICyTA)
2023 10th International Conference on ICT for Erio Yoshino 2023 2023 10th Indonesia [602]
Smart Society (ICISS) International
Conference on
ICT for Smart
Society (ICISS)
Automated Hyperparameter Tuned Stacked Mr. S. 2023  Proceedings of India [603]
Autoencoder based Rice Crop Yield Prediction Thirumal the 7th
Model International

Conference on
Trends in
Electronics and
Informatics
(ICOEI 2023)
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Table A.1 continued from previous page.

Title Author Date Journal Country Cit.
Prediction of Paddy Yield based on IoT Data Arepalli Peda 2023  Proceedings of India [604]
using GRU Model in Lowland Coastal Regions Gopi the 5th

International

Conference on

Smart Systems

and Inventive

Technology

(ICSSIT 2023)
Comparison of Machine Learning Algorithms for Dr. Senthil. S 2023  Fourth India [605]
the prediction of Rice Crop Yield in Karnataka International

Conference on

Smart

Technologies in

Computing,

Electrical and

Electronics

(ICSTCEE)
Weather-Based Statistical and Neural Network Thimmegowda 2023  Agronomy India [606]
Tools for Forecasting Rice Yields in Major M.N.
Growing Districts of Karnataka
Rice Yield Prediction in Hubei Province Based on ~ Zhou S. 2023  Remote Sensing China [317]
Deep Learning and the Effect of Spatial
Heterogeneity
SSE-Based Evolutionary Algorithm for Ayana Takai 2023 2023 IEEE Japan [607]
Hyper-parameter Optimization of Light GBM on International
Paddy Rice Yield Prediction Problem Conference on

Systems, Man,

and Cybernetics

(SMC)
Improved information dissemination services for Sumanya 2023  Information Thailand [608]
the agricultural sector in Thailand: development Ngandee Development
and evaluation of a machine learning based rice
crop yield prediction system
Rice Yield Modeling Using Machine Learning V. David 2023  Universal Journal Philippines [609]
Algorithms Based on Environmental and of Agricultural
Agronomic Data of Pampanga River Basin, Research
Philippines
Comparative Analysis of Statistical and Machine Satpathi A. 2023  Sustainability India [610]
Learning Techniques for Rice Yield Forecasting for
Chhattisgarh, India
Rapid Rice Yield Estimation Using Integrated Islam 2023  Remote Sensing Nepal [304]
Remote Sensing and Meteorological Data and
Machine Learning
A tree based eXtreme Gradient Boosting Mst 2023 PLOS ONE Bangladesh  [611]
(XGBoost) machine learning model to forecast the Noorunnahar

annual rice production in Bangladesh
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Table A.1 continued from previous page.

Title Author Date Journal Country Cit.
Ensemble Feature Selection Framework for Paddy P Sathya 2023  Cogent India [313]
Yield Prediction in Cauvery Basin using Machine Engineering
Learning Classifiers
Rice Yield Estimation Based on Machine Learning Woranan 2023  Engineering Thailand [612]
Approaches using MODIS 250 m Data Mongkol- Access
nithithada

Teaching and Learning based Optimization with S. Thirumal 2023 SSRG India [613]
Deep Learning Model for Rice Crop Yield International
Prediction Journal of

Electrical and

Electronics

Engineering
Rice Yield Production Forecasting using Deep Vincent Junior 2023 2023 Indonesia [614]
Learning Models Halim International

Conference on

Networking,

Electrical

Engineering,

Computer

Science, and

Technology

(IConNECT)
A robust rice yield estimation framework Rui Yang 2023  Computers and China [589]
developed by grading modeling and normalized Electronics in
weight decision-making strategy using UAV Agriculture
imaging technology
Prediction of Rice Yield Based on Multi-Source Long Zhao 2023  International China [615]
Data and Hybrid LSSVM Algorithms in China Journal of Plant

Production
Temporal convolutional network based rice crop Alkha Mohan 2023  Infrared Physics  India [616]
yield prediction using multispectral satellite data and Technology
Paddy Yield Prediction in Tamilnadu Delta Region Sathya P 2023  Applied Artificial India [617]
Using MLR-LSTM Model Intelligence
ICT for Intelligent Systems Sakshi 2023 ICT for India [618]

Gandotra Intelligent

Systems, Smart

Innovation,

Systems and

Technologies
Improved prediction of rice yield at field and Weiguo Yu 2023  Agricultural and  China [312]
county levels by synergistic use of SAR, optical Forest
and meteorological data Meteorology
Predicting rice yield based on weather variables Parul Setiya 2023  Theoretical and India [619]

using multiple linear, neural networks, and

penalized regression models

Applied
Climatology
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Title Author Date Journal Country Cit.
Rice yield prediction model using normalized Aung Myint 2023  Asia-Pacific Myanmar [620]
vegetation and water indices from Sentinel-2A Htun Journal of
satellite imagery datasets Regional Science
Rice variety classification and yield prediction Bharati Patel 2023  Multimedia Tools India [621]
using semantic segmentation of agro-morphological and Applications
characteristics
Comparison of yield prediction models and Baishun Liu 2023  European Journal China [622]
estimation of the relative importance of main of Agronomy
agronomic traits affecting rice yield formation in
saline-sodic paddy fields
Improved Yield Prediction of Ratoon Rice Using Zhou Longfei 2023  Rice Science China [623]
Unmanned Aerial Vehicle-Based Multi-Temporal
Feature Method
Impacts of meteorological variables and machine Subin Ha 2023  Int. J. South [624]
learning algorithms on rice yield prediction in Biometeorol. Korea
Korea
Research on Rice Yield Prediction Model Based on Xiao Han 2022  Computational China [625]
Deep Learning Intelligence and

Neuroscience
Assessing the Potentials of Multi-temporal Pavan Kumar 2022  Journal of the India [626]
Sentinel-1 SAR Data for Paddy Yield Forecasting  Sharma Indian Society of
Using Artificial Neural Network Remote Sensing
Comparative Evaluation of Neural Networks in K. Krupavathi 2022  The Digital India [627]
Crop Yield Prediction of Paddy and Sugarcane Agricultural
Crop Revolution
Field-scale rice yield prediction from Sentinel-2 Nguyen-Thanh 2022  Ecological Taiwan [628]
monthly image composites using machine learning  Son Informatics
algorithms
Remote Sensing Time Series Analysis for Early Nguyen-Thanh 2022 Remote Sensing Taiwan [339]
Rice Yield Forecasting Using Random Forest Son of Agriculture
Algorithm and Land

Cover/Land Use

Changes in South

and Southeast

Asian Countries
Transferability of Models for Predicting Rice Grain Zheng H. 2022  Drones China [340]
Yield from Unmanned Aerial Vehicle (UAV)
Multispectral Imagery across Years, Cultivars and
Sensors
Random Forest for rice yield mapping and K. Choudhary 2022  Advances in China [629]
prediction using Sentinel-2 data with Google Earth Space Research
Engine
Rice Yield Estimation Based on Continuous Gu C 2022  Frontiers in Plant China [630]

Wavelet Transform With Multiple Growth Periods

Science
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Title Author Date Journal Country Cit.
Estimating Yield-Related Traits Using Bascon M.V. 2022  Agriculture Japan [631]
UAV-Derived Multispectral Images to Improve
Rice Grain Yield Prediction
Rice yield estimation using a CNN-based Jingye Han 2022  Field Crops China [632]
image-driven data assimilation framework Research
Rice Yield Prediction and Model Interpretation Liu 2022  Remote Sensing India [633]
Based on Satellite and Climatic Indicators Using a
Transformer Method
Prediction models on biomass and yield of rice Jing Li 2022  Nanolmpact China [634]
affected by metal (oxide) nanoparticles using
nano-specific descriptors
Remote Sensing of Agriculture and Land Dharmesh 2022  Remote Sensing India [635]
Cover/Land Use Changes in South and Southeast ~ Verma of Agriculture
Asian Countries and Land

Cover/Land Use

Changes in South

and Southeast

Asian Countries
2022 2nd International Conference on Electronic Astrid Noviana 2022 2022 2nd Indonesia [636]
and Electrical Engineering and Intelligent System  Paradhita International
(ICE3IS) Conference on

Electronic and

Electrical

Engineering and

Intelligent

System (ICE3IS)
Rice Yield Estimation Using Deep Learning Niyati Mishra 2022  CCIS India [637]
A Time-Series Based Yield Forecasting Model M. Geetha 2022  First India [638]
Using Stacked Lstm To Predict The Yield Of International
Paddy In Cauvery Delta Zone In Tamilnadu Conference on

Electrical,

Electronics,

Information and

Communication

Technologies

(ICEEICT)
Deep Learning Based Yield Prediction Model To M. Geetha 2022 2022 India [639]
Predict The Yield of Paddy In Cauvery Delta International
Region Conference on

Computer

Communication

and Informatics

(Ieccern)
Estimation and Forecasting of Rice Yield Using Abid Nazir 2021  Agriculture Pakistan [640]

Phenology-Based Algorithm and Linear Regression

Model on Sentinel-IT Satellite Data
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Title Author Date Journal Country Cit.
Integrating Multi-Source Data for Rice Yield Juan Cao 2021  Agricultural and  China [641]
Prediction across China using Machine Learning Forest
and Deep Learning Approaches Meteorology
Two-Stage Spatiotemporal Time Series Modelling Santosha 2021  Agronomy India [642]
Approach for Rice Yield Prediction and Advanced Rathod
Agroecosystem Management
Rice Yield Forecasting in West Bengal Using Aishika Banik 2021  Lecture Notes in  India [643]
Hybrid Model Networks and

Systems
Predicting rice yield at pixel scale through Seungtaek 2021  Science of the South [644]
synthetic use of crop and deep learning models Jeong Total Korea,
with satellite data in South and North Korea Environment North

Korea

Remote Sensing Based Yield Estimation of Rice Arumugam P. 2021  Remote Sensing India [645]
(Oryza Sativa L.) Using Gradient Boosted
Regression in India
Prediction of Rice Yield in East China Based on Guo Y. 2021  Agronomy China [646]
Climate and Agronomic Traits Data Using
Artificial Neural Networks and Partial Least
Squares Regression
Use of regression techniques for rice yield E.M.P. 2021  Ceylon Journal of Sri Lanka [647]
estimation in the North-Western province of Sri Ekanayake Science
Lanka
A Classifier Ensemble Approach for Prediction of =~ Subhadra 2021  Informatica India [648]
Rice Yield based on Climatic Variability for Mishra
Coastal Odisha Region of India
A Novel Borda Count based Feature Ranking and  Subhadra 2021  Informatica India [649]
Feature Fusion Strategy to Attain Effective Mishra
Climatic Features for Rice Yield Prediction
Rice Yield Simulation and Planting Suitability Li 2021 ISPRS China [650]
Environment Pattern Recognition at a Fine Scale International

Journal of

Geo-Information
Prediction of rice yield based on LSTM long short ~ Haoming Mo 2021  Journal of China [651]
term memory network Physics:

Conference Series
Rice-Yield Prediction with Multi-Temporal Ruben 2021  Remote Sensing Nepal [652]
Sentinel-2 Data and 3D CNN: A Case Study in Fernandez-
Nepal Beltran
Assessment of Regression Models for Predicting Kang Y. 2021  Remote Sensing South [653]
Rice Yield and Protein Content Using Unmanned Korea

Aerial Vehicle-Based Multispectral Imagery
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Table A.1 continued from previous page.

Title Author Date Journal Country Cit.
A Deep Learning Approach for Yield Estimation Dr. P. Devaki 2021  International India [654]
and Phenotype Analysis in Rice Crops Conference on

Advancements in

Electrical,

Electronics,

Communication,

Computing and

Automation

(ICAECA)
Exploration of Machine Learning Approaches for Vinson Joshua 2021  Agronomy India [655]
Paddy Yield Prediction in Eastern Part of
Tamilnadu
Within-Field Rice Yield Estimation Based on Franch B. 2021  Remote Sensing Spain [656]
Sentinel-2 Satellite Data
Neural Network Autoregression And Classical Bhardwaj N. 2021  The Journal of India [657]
Time Series Approaches For Rice Yield Forecasting Animal and Plant

Sciences
Estimation of Normal Rice Yield Considering Yuki Sofue 2021 2021 IEEE Indonesia [658]
Heading Stage Based on Observation Data and International
Satellite Imagery Geoscience and

Remote Sensing

Symposium
Artificial neural network model in predicting yield = Md Samiul 2021  Journal of Bangladesh  [305]
of mechanically transplanted rice from Basir Agriculture and
transplanting parameters in Bangladesh Food Research
Comparation of rice yield estimation model Wang Yaomin 2021  Transactions of China [659]
combining spectral index screening method and the Chinese
statistical regression algorithm Society of

Agricultural

Engineering
Development of remote sensing-based yield Md. Monirul 2021  Remote Sensing Bangladesh  [660)]
prediction models at the maturity stage of boro Islam Applications:
rice using parametric and nonparametric Society and
approaches Environment
Grain Yield Estimation in Rice Breeding Using Ge 2021  Agronomy China [661]
Phenological Data and Vegetation Indices Derived
from UAV Images
Modeling the Relationship between Rice Yield and Lasini Wickra- 2021  Journal of Sri Lanka [662]
Climate Variables Using Statistical and Machine masinghe Mathematics
Learning Techniques
Machine Learning Modelling of the Relationship Piyal 2021  Journal of Sri Lanka [314]
between Weather and Paddy Yield in Sri Lanka Ekanayake Mathematics
Genomic Prediction of Arsenic Tolerance and Nourollah 2021  Rice Science France, [663]
Grain Yield in Rice: Contribution of Trait-Specific =~ Ahmadi Scotland

Markers and Multi-Environment Models
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Title Author Date Journal Country Cit.
Integrated phenology and climate in rice yields Yahui Guo 2021  Ecological China [646]
prediction using machine learning methods Indicators
Rice yield responses in Bangladesh to large-scale Bonosri Ghose 2021  Theoretical and Bangladesh  [307]
atmospheric oscillation using multifactorial model Applied

Climatology
Prediction of Rice Production in India Using Surjeet Kumar 2020 2020 India [664]
Artificial Neural Network with Genetic Algorithm International

Conference on

Computer

Science,

Engineering and

Applications

(ICCSEA)
RiceSAP: An Efficient Satellite-Based AquaCrop Watcharee 2020  Agronomy Thailand [665]
Platform for Rice Crop Monitoring and Yield Veerakachen
Prediction on a Farm- to Regional-Scale
Integrated Application of Remote Sensing and GIS B. M. Refat 2020  AgriEngineering Bangladesh  [666]
in Crop Information System—A Case Study on Faisal
Aman Rice Production Forecasting Using
MODIS-NDVT in Bangladesh
Machine learning approaches for rice crop yield Nguyen-Thanh 2020 International Taiwan [667]
predictions using time-series satellite data in Son Journal of
Taiwan Remote Sensing
Yield prediction model of rice and wheat crops Li Tian 2020  Environmental China [668]
based on ecological distance algorithm Technology and

Innovation
Grain yield prediction of rice using multi-temporal Liang Wan 2020  Agricultural and  China [669]
UAV-based RGB and multispectral images and Forest
model transfer — a case study of small farmlands in Meteorology
the South of China
Prediction of Rice Yield via Stacked LSTM Xiangyan 2020  International China [670]

Meng Journal of

Agricultural and

Environmental

Information

Systems
Application of phenology-based algorithm and Gopal Chandra 2020 Remote Sensing India [671]
linear regression model for estimating rice Paul Applications:
cultivated areas and yield using remote sensing Society and
data in Bansloi River Basin, Eastern India Environment
Rice yield response forecasting tool (YIELDCAST) Seydou Traore 2020  Agricultural Burkina [672]
for supporting climate change adaptation decision Water Faso
in Sahel Management
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Title Author Date Journal Country Cit.
Incorporation of parental phenotypic data into Yang Xu 2020 Plant China, [673]
multi-omic models improves prediction of Biotechnology USA,
yield-related traits in hybrid rice Journal Mexico
Improving the UAV-based yield estimation of Akira Hama 2020  Hydrological Japan [674]
paddy rice by using the solar radiation of Research Letters
geostationary satellite Himawari-8
Artificial Neural Network to Estimate the Paddy Vinushi 2020 Mathematical Sri Lanka [675]
Yield Prediction Using Climatic Data Amaratunga Problems in

Engineering
Artificial neural network to estimate the paddy W. M. R. K 2020 2020 5th Sri Lanka [676]
yield prediction using remote sensing, weather and Wanninayaka International
non weather variable in Ampara district, Sri Lanka Conference on

Information

Technology

Research

(ICITR)
An end-to-end model for rice yield prediction using Zheng Chu 2020 Computers and China [677]
deep learning fusion Electronics in

Agriculture
Boro Rice Yield Estimation Model Using Modis Md. Samiul 2019 IEEE Bangladesh  [678]
Ndvi Data for Bangladesh Alam International

Geoscience and

Remote Sensing

Symposium
Machine learning approach for Kharif rice yield Aditi Chandra 2019  International India [679]
prediction integrating multi-temporal vegetation Archives of the
indices and weather and non-weather variables Photogrammetry,

Remote Sensing

and Spatial

Information

Sciences
Paddy acreage mapping and yield prediction using Avinash 2019  Spatial India [680]
sentinel-based optical and SAR data in Sahibganj Kumar Ranjan Information
district, Jharkhand (India) Research
Yield Estimation of Paddy Rice Based on Satellite = Yi-Shiang Shiu 2019  Remote Sensing Taiwan [681]
Imagery: Comparison of Global and Local
Regression Models
Adaptive Neuro Fuzzy Inference System (ANFIS)  Tarno 2019  Journal of Indonesia [682]
approach for modeling paddy production data in Physics:
Central Java Conference Series
Remotely Sensed Boro Rice Production Forecasting B.M. Refat 2019  AgriEngineering Bangladesh [683]
Using MODIS-NDVI: A Bangladesh Perspective Faisal
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Title Author Date Journal Country Cit
Machine Learning Methodologies for Paddy Yield  Ranjini B 2019 2019 IEEE India [684]
Estimation in India: a Case Study Guruprasad International

Geoscience and

Remote Sensing

Symposium
Rice yield estimation at pixel scale using relative Feilong Wang 2019  8th International China [685]
vegetation indices from unmanned aerial systems Conference on

Agro-

Geoinformatics
Rapid yield prediction in paddy fields based on 2D  Sangin Zhao 2019  Computers and China [686]
image modelling of rice panicles Electronics in

Agriculture
Using boosted tree regression and artificial neural = Lei Zhang 2019  Computers and Burkina [687]
networks to forecast upland rice yield under Electronics in Faso
climate change in Sahel Agriculture
Combining UAV-based vegetation indices, canopy  Liang Wan 2019  ASABE Annual China [688]
height and canopy coverage to improve rice yield International
prediction under different nitrogen levels Meeting
Modelling and predicting wetland rice production = Muhammad 2019 TELKOMNIKA  Indonesia [689]
using support vector regression Alkaff
Deep convolutional neural networks for rice grain Qi Yang 2019  Field Crops China [690]
yield estimation at the ripening stage using Research
UAV-based remotely sensed images
Plot-scale rice grain yield estimation using Qi Yang 2019 2019 IEEE China [691]
UAV-based remotely sensed images via CNN with International
time-invariant deep features decomposition Geoscience and

Remote Sensing

Symposium
A Technique of Fuzzy C-Mean in Multiple Linear Nur Syazwan 2018  Journal of Malaysia [692]
Regression Model toward Paddy Yield ‘Wahab Physics:

Conference Series
Regional-scale rice-yield estimation using stacked Jong-Won Ma 2018  International South [693]
auto-encoder with climatic and MODIS data: a Journal of Korea
case study of South Korea Remote Sensing
Evaluation of multiple linear, neural network and Bappa Das 2018  International India [694]
penalised regression models for prediction of rice Journal of
yield based on weather parameters for west coast Biometeorology
of India
Integrated model for predicting rice yield with Jin-Ki Park 2018  International South [695]
climate change Agrophysics Korea
Rice yield estimation based on K-means clustering Reza M. N. 2018  Biosystems South [696]
with graph-cut segmentation using low-altitude Engineering Korea

UAYV images
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Table A.1 continued from previous page.

Title

Author

Date

Journal Country

Cit.

Automatic Rice Yield Estimation Using Image

Processing Technique

Energy flow modeling and predicting the yield of
Iranian paddy cultivars using artificial neural

networks

A robust and novel regression based fuzzy time

series algorithm for prediction of rice yield

Rice crop yield prediction in India using support

vector machines

Rice crop yield prediction using artificial neural

networks

Metabolomic prediction of yield in hybrid rice

Rice Crop Yield Forecasting of Tropical Wet and
Dry Climatic Zone of India Using Data Mining
Techniques

An efficient rice yield predictive model in lower
northern Thailand

Md Nasim

Reza

Alireza
Taheri-Rad

Anshul Garg

Niketa Gandhi

Niketa Gandhi

Shizhong Xu

Niketa Gandhi

Jaratsri Run-

grattanaubol

2017

2017

2017

2016

2016

2016

2016

2016

South

Korea

Intelligent

Environments

Energy Iran

2017

International

India

Conference on
Intelligent
Communication
and
Computational
Techniques

(ICCT)

2016 13th

International

India

Joint Conference
on Computer
Science and
Software
Engineering

(JCSSE)

IEEE

International

India

Conference on
Technological
Innovations in
ICT For
Agriculture and
Rural
Development
(TIAR 2016)

The Plant

Journal

United
States of
Anmerica,
China

2016 IEEE

International

India

Conference on
Advances in
Computer
Applications
(ICACA)

AIP Conference

Proceedings

Thailand

[697]

[698]

[699]

[700]

[701]

[702]

[703]

[704]

160



6. Discussion and conclusion

Table A.1 continued from previous page.

Title Author Date Journal Country Cit.
Rice Yield Estimation Using Below Cloud Remote Teoh C 2016  International Malaysia [705]
Sensing Images Acquired by Unmanned Airborne Journal on
Vehicle System Advanced
Science,
Engineering and
Information
Technology
Assessment of Multimodel Ensemble Seasonal Jong Ahn 2016  Journal of Republic of  [706]
Hindcasts for Satellite-Based Rice Yield Prediction Chun Agricultural Korea
Meteorology
Weed management through herbicide application Dibakar Ghosh 2016  Spanish Journal India [707]
in direct-seeded rice and yield modeling by of Agricultural
artificial neural network Research
Development of a remote sensing-based rice yield Mostafa K. 2016  Spanish Journal Bangladesh  [708|
forecasting model Mosleh of Agricultural
Research
Rice yield estimation using Landsat ETM + Data  Altaf Ali Siyal 2015  Journal of Pakistan [709]

Applied Remote

Sensing
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A.2 Author contributions by chapter (CRediT)

Several of the papers included in this thesis were the result of collaborative efforts with
leading researchers in the field. To provide full transparency and formal attribution,
detailed author contribution tables are presented below for each chapter, structured

according to the CRediT taxonomy.

CRediT is an internationally recognised taxonomy developed to increase transparency
in scholarly publishing. Instead of treating authorship as a simple list of names, it dis-
tinguishes between specific roles such as Conceptualization, Methodology, Software, Val-
idation, Formal analysis, Investigation, Data curation, Writing — original draft, Writing
— review and editing, Visualization, Supervision, Project administration, and Funding

acquisition [710].

By reporting contributions in this structured way, readers and examiners can see more
precisely who was responsible for which aspects of the research. This is especially im-

portant in multi-author projects where collaboration spans disciplines and institutions.

This doctoral research was also conducted in the age of large language models. Halfway
through the degree, tools such as ChatGPT and specialized academic assistants (e.g.
DeepResearch, Elicit) became widely available. As this was my second attempt at
obtaining a doctoral degree (my first PhD was completed at Tsinghua University, with-
out assistance from such language models), working with such tools presented both a
fascinating new challenge and an opportunity. They were used primarily to acceler-
ate literature review, helping locate obscure research papers (including those in other
languages) and anticipatory action case study reports from around the world. LLMs
were also employed for brainstorming and as a sparring partner in refining arguments,
formulating models, and testing framing options. Their use was supplementary and
interpretive; all final methodological, empirical, and theoretical contributions remain

my own.

Chapter 2: Towards optimal anticipatory action

This chapter was co-authored by Djavan De Clercq, Lily Xu, Marleen C. de Ruiter,
Marc van den Homberg, Marijn van der Velde, Jim W. Hall, Jonas Jaegermeyr, and
Adam Mahdi. Djavan led the Conceptualization, Formal Analysis, Investigation, Data
Cluration, Visualization, and was primarily responsible for the Writing — Original Draft.
Lily Xu, Marleen C. de Ruiter, Marc van den Homberg, Marijn van der Velde, Jim W.

Hall, and Jonas Jaegermeyer contributed to Conceptualization and Writing — Review
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& Editing. Adam Mahdi contributed through Supervision and Writing — Review &
FEditing. Large language models were employed to support the identification of emerging
case studies on anticipatory action, many of which are not yet documented in peer-

reviewed journals.

Chapter 3: Modern computational approaches for rice yield pre-
diction

This chapter was co-authored by Djavan De Clercq and Adam Mahdi. Djavan led the
Conceptualization, Methodology, Software, Formal Analysis, Investigation, Data Cura-
tion, and Visualization, and was primarily responsible for the Writing — Original Draft.
Adam contributed through Supervision and Writing — Review & Editing, and provided
input during Conceptualization and Methodology. Project administration was shared
between both authors. Large language models were used to support literature search

and brainstorming ideas.

Chapter 4: Feasibility of machine learning-based rice yield pre-

diction in India

This chapter was co-authored by Djavan De Clercq and Adam Mahdi. Djavan led the
Conceptualization, Methodology, Software, Formal Analysis, Investigation, Data Cura-
tion, and Visualization, and was primarily responsible for the Writing — Original Draft.
Adam contributed through Supervision and Writing — Review € Editing, and provided
input during Conceptualization and Methodology. Project administration was shared
between both authors. Large language models were used to support python program-

ming.

Chapter 5: Optimizing early warning-driven anticipatory action

cash transfers

This chapter was co-authored by Djavan De Clercq, Burcu Balcik, Marleen C. de Ruiter,
Sagar Surendra Deshmukh, Marc van den Homberg, and Adam Mahdi. Djavan led the
Conceptualization, Methodology, Formal Analysis, Investigation, Data Curation, Visual-
ization, and was primarily responsible for the Writing — Original Draft. Burcu Balcik,
Marleen C. de Ruiter, Marc van den Homberg, and Sagar Surendra Deshmukh con-
tributed to Methodology and Writing — Review & Editing. Adam Mahdi contributed
through Supervision and Writing — Review € Editing. Large language models were em-

ployed to assist in reviewing grey literature and brainstorming model framing options.
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