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Data and models for forecasting humanitarian crisis
Duccio Piovani - 12th of March 2024

Modelling and Forecasting Food Insecurity
From data collection to Machine Learning applications



2 2

123Countries and territories
with WFP operations

160Million people
assisted in 2022

20Million children
received meals & snacks in 2022

22K Employees
Worldwide

1K Partners
In the Humanitarian Community

$14B Received in contributions
In 2022

WFP in Numbers

100
aircrafts

30
ships

5,600
trucks



the worst 
humanitarian 
crisis since 
World War II

Source: GRFC 2018, 2019, 2020, WFP GORP Nov 2020, Nov 2021, Nov 2022, Nov 2023, 
WFP Annual Performance Report for 2017, 2018, 2019, 2020, 2021

2023

people are facing acute food insecurity 
in 78 countries where WFP provides direct 
assistance and data is available

As of November

War in Ukraine

Conflict Climate Crisis

COVID-19

Driven by: 333M



135M 
in 55
countries

Conflict in Ukraine

2022

349M
people in
79 countries

Global 
acute food 
insecurity 
numbers 272M 

people in 
79 countries

283M 
people in 
81 countries

COVID-19 Pandemic Declared

124M 
people facing acute 
food insecurity in 
51 countries

113M 
people in 
53 countries

2020 2021

Source: GRFC 2018, 2019, 2020, WFP GORP November 2020, November 2021, November 2022, November 2023, 
WFP Annual Performance Report for 2017, 2018, 2019, 2020, 2021,2022

2023

333M
people facing 
acute food 
insecurity 
in 78 countries 
where WFP 
provides direct 
assistance and 
data is available

2017 2018 2019

91M
Beneficiaries 
reached

87M
Beneficiaries 
reached

97M
Beneficiaries 
reached

116M
Beneficiaries 
reached

128M
Beneficiaries 
reached

160M
Beneficiaries 
reached

177M
Beneficiaries 
to be reached
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FUNDING

WFP is 100 percent voluntarily funded, 

largely by governments. 

Projected operational requirements: US$21.5 billion

Forecasted funding: US$10 billion 

Funding gap*: US$15.1 billion

* Difference between funding required and received
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The Gold Standard - Integrate Phase Classification (IPC) 
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WFP’s Real-Time Remote Monitoring Suite

Objective:  
Provide streaming analytics (continuous updates) on food security to facilitate: 
1. Timely diagnosis of the situation and awareness among stakeholders
2. Rapid triggering of further analysis or surveys as necessary 
3. Better decision making to inform more effective and targeted operational response 

and programming
4. More effective advocacy and resource mobilisation

Continuous data collection 
conducted remotely 
(through live calls)

Same indicators as Integrated 
Food Security Phase 
Classification analyses 

Representative data on 
the food security 
situation in a country

Data analysed automatically 
and results made available 
in near real-time

How it works:



Food Security Indicators

Insufficient Food Consumption

• Weighted share of households in an area with poor or 

borderline food consumption

• Based on Food Consumption Score FCS

Crisis or above food-based coping

• Weighted share of households in an area adopting coping 

strategies (limiting portion sizes, borrowing food, etc.)

• Based on reduced Coping Strategy Index rCSI

Afghanistan
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Real-Time Monitoring: Data collection methodology

… …

… …

… …

Day 30 150 households

Day 1 5 households

Day 2 10 households

Day 3 15 households

Day 4 20 households

Day 5 25 households

Sampling: Daily quotas for each strata

Rolling 30-day average of the food 
security situation



• Data collected daily through CATI surveys

• Information is continuously analysed

• Real-time food security monitoring systems currently 

established in 37 countries.

• National Monitoring of food consumption

Real-time Food security monitoring 
Yemen
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The challenges with existing food security monitoring approaches

Sensitivity

Traditional face-to-face assessments are usually conducted 

bi-annually, meaning that seasonal deteriorations, 

localized developments, and short-term disaster impact 

are not captured.

Timeliness

Real-time data has become critical across many sectors, 

however, when it comes to food security assessments, 

data can be outdated by the time it’s published!

Narrow scope 

Traditional face-to-face food security assessments are 

rarely leveraged to collect cross-sectoral data 

simultaneously, requiring additional research

Access

Face-to-face food security assessments are notably difficult 

and dangerous to conduct in areas of conflict. And yet, 

72% of acutely food insecure people live in just such areas.
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WFP’s Real-time monitoring data shows many examples of 
trending deterioration in food security before published IPC
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Real-Time Monitoring
for Climate Emergencies

Real-Time Monitoring Systems have been used for:

Post-disaster assessments
10 weeks of early warning 
compared to periodic assessments.

Seasonal and lean season 
assessments

Impact of 2022 flooding in Chad

May - October 2022
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Currency swap analysis: Weekly averages of % of households with insufficient food intake 
from October to February (compared with previous year) 
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ADAM: Advanced Disaster Analysis & Mapping
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IDB project
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IDB Project
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Machine Learning for Zero Hunger

• Estimates future levels of insufficient 
food consumption (30, 60, 90 days)

• Used in countries where we do have 
RTM.

• Based on Reservoir Computing/XGBoost 

• Pilot in 5 countries.

Nowcasting Models Forecasting Models

• Estimates current levels of 
insufficient food consumption

• Used in countries where we do not 
have RTM.

• Based on XGBoost 

• Deployed in 56 countries.
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Independent variables

We use open Datasets that relate to 3 key drivers of food insecurity: 

Economic shocks, Extreme weather events and Conflict

Climate and Earth Observation

The weather conditions and the agricultural production included by use of the Vegetation Index (NDVI) and 
Rainfall Data coming from  CHIRPS & MODIS Satellite Data and maintained by WFP Climate team

Economic and Market Analysis

To describe the economic dimension of the countries we use the price of commodities collected in the Alert Price 
Spike (ALPS)  from WFP Economic Explorer, the  Food, the Headline Inflation, the Currency Exchange  and the 
GDP from Trading  Economics. 

Conflict Data

We use the number of Conflict Related Fatalities  - ACLED Data a publicly available repository of 
reported conflict events and related fatalities across most areas of the world. The date, longitude and 
latitude of each event is reported.
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Machine Learning Modelling: Input Data Examples



Nowcasting models

It is a regression problem (bounded)

To fit the models a Machine Learning algorithm was used: Gradient boosting (XGBoost)

21

Predicted indicators:
• Prevalence of people with insufficient food consumption (i.e. poor + borderline FCS)

• Prevalence of people using crisis or above crisis food-based coping (i.e. rCSI ≥ 19)

A prevalence is a number between 0 and 1
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Operationalization
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Every night we 

update the input 

variables for the 

datasets and 

nowcast the two 

indicators in 53 

countries.

Real time monitoring 
countries

Nowcasted Countries

Partially covered

Real-Time Monitoring & Nowcasting: Coverage
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Advantages, limitations and challenges

• Advantages:
• Simple yet powerful model
• Extensive coverage
• Works well in countries with continuous and quick secondary data updates

• Limitations:
• Does not work well in extrapolation
• Input data should be widely available
• No quick reaction to sudden shocks (e.g. conflict, heartquakes, etc.)

• Challenges:
• Explainability
• Bounded problem
• How to include regional patterns?



Additional displayed layers

conflict

hazards

rainfall vegetation

population

nutrition macroeconomic

IPC/CH

COVID-19

HungerMapLIVE

An integrated global hunger monitoring system that 

collects, processes, and displays real-time 

information on key food security metrics - all in real-

time and in one place.

Powered by: 

Real-time monitoring Hunger Predictions

+

+
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Machine Learning Modelling: FamPred Project

• Each country requires a dedicated model

• Tested on 6 countries with a large amount of data 

points:

• Mali

• Yemen

• Nigeria  

• Syria 

• Haiti 

• Cameroon 

 

• Estimates were generated for a 30, 60 and 90 

days time window.



Forecasting Model: Reservoir Computing

Our goal is to train a Machine Learning model to infer the FCS from the input data.

Alert Price Spike

Currency Exchange

Food Headline

Inflation

Rainfall

Conflict

Ramadan

NDVI

0

0.1

0.3

0.2

0.5

0.4

Output

Prevalence of Insufficient Food 

Consumption

Adamawa, Nigeria

01/11/2021 26/11/2021 21/12/2021 15/01/2022

Lower RTM Data

Prediction

Machine Learning prediction tool 

for time series

Sophisticated enough to deal with

complex problems, but easy to use

Better able to deal with limited

amounts of data than other methods
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Training and evaluation

1.  Train up to a certain point

2. Test on the following 60 day

3. Repeat for up to 12 successive time windows
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Example December Forecast  Yemen
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Example January-February  Nigeria Forecast
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Example Forecast December Performances: Haiti
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• We measured the aggregate error in 4 countries on 12 successive 60 days forecasts from June 2022 to May 2023.  

• Reservoir Computing proved to be the most accurate methodology, especially to forecast deteriorations in the food security levels.

• Notably the training procedure required a fraction of the computational resources 

Forecasting Model: Performances
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Categorized Performance 
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Input Variables
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Reference
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Next Steps & Partnership Opportunities

Including additional data sources

In order to increase the factors we take into account, identify more relevant features, and include a wider range of 
data types and sources for a more complete picture of food insecurity.

Technical support and capacity transfer
Our data, as well as our knowhow are a global public good and we are keen to both share with and learn from the 
academic and technical community working in the field of food security.

Incorporating more sophisticated versions of the model
To allow for longer and better predictions while feeding the model less data.

Joint research
Opportunities for academic collaborations are plentifully available when it comes to improving forecasting 
methodologies and maximizing the impact of humanitarian interventions.

Output triangulation
The outputs of this model should be triangulated with other existing approaches to estimate future developments 
of food security and other domain knowledge.
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Next Steps

1. Build automated infrastructure for the forecasting algorithm. 
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Next Steps: Partnerships

.
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Next Steps

.

3. Make use of more advanced AI infrastructures
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Lessons Learned

1) Expertise from the field is crucial. Leveraging the experience and proximity of Country Offices/Food 

Security Experts to vulnerable populations enables us to identify the relevant features and evaluate 

the usefulness of our monitoring and forecasting methodologies.

2) Drivers of food insecurity can be very specific to a country/region. As a result, general 

approaches are less-than-useful and specific input variables (e.g. Ramadan for Muslim-majority 

countries) need to be considered.

3) Continuous data analysis is prone to noise. Constant supervision, trainings, and data quality checks 

are fundamental for accurate results.

4) Extensive consultation with stakeholders is imperative. To realize impact and integrate into other 

data streams, there needs to be a consensus on both the methodology and implications of the data



Thank you

WFP RAM-H

hungermap.wfp.org
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