


ISDA is a mission-driven company bringing advanced technology to the small-scale farm

sector based on three key principles:

e Harness the market to achieve large-scale impact via affordable products and services
e Use science and technology to drive deep impact via increased smallholder incomes

e Devise viable business models to ensure financial sustainability of all partners






ISDA

AFRICA

Main Datasets used

source and number of soil sampling

locations

AfSIS | and II:
~40000 locations

Africa Soil Profile Database (ISRIC):

~13000 locations

LandPKS:
~12000 locations

IFDC:
~9000 locations

AfricaRice and TAMASA:

>3000 locations
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ISDA

AFRICA

iISDAsoiIl is a digital soil map of Africa, providing soil properties across the continent at a farm level (30m) spatial resolution

MODIS land products,
climatic images,
DTM derivatives

Sentinel-2, Landsat-7/8
cloud-free images

Input data sets Detect and remove potential . ;
soil samples  <— artifacts / harmonize values 250 m (coarse resolution) 30 m (fine resolution)
(various sources) (if necessary)

Standardize
and bind

5
4

Overlay and create
regression matrix

Training points DB

Artifacts?
Harmonization needed?

Ry

Prediction model Prediction model
A 250m 30m
Ensemble ML framework
(mlr, SuperLearner)
- feature selection, Random Forest predict
- hyperparameter fine-tuning, Xgboost #
YES - stacking by spatial CV (5-fold),  DeepNet

Cubist glmnet
Downscale from
250m to 30m (cubic splines)  Yasom (S
Artifacts Multiscale Predictive Soil Mappi
visible? < ultiscale Predictive Soil Mapping
F'":,,LT:del (a) 250m + (b) 30m covariates
Decision ready-data 9
YE30m (8)= F[Y 250m (S), Yaom (S)]
Expert check Raster calculator
-— .

Predictions + model errors

Direct: nutrient defficiencies, fertility classes, ... 5
Complex: fertilizer requirements, liming requirements, ...







« IFDC: ~1500 points in western Kenya
 CNLS: ~2000 points across Rwanda
 One Acre Fund: 600 points in western Kenya

« Commercial company with ties to this group: sampling campaign
planned

« Soils4Africa: Long-term EU-funded project to collect 20,000 points. Still
at the planning phase - data expected in 2-3 years



Open Data, licensed under CC-BY 4.0

API for querying point locations

Entire Datasets available for bulk download via Zenodo, access via
Google Earth Engine and the AWS registry of open data will soon be
possible

Recent paper published on the iISDAsoil methodology:












Bayesian Network

A probabilistic statistical
model built from data
and/or expert knowledge.

Key features of interest for
agronomic advisory ->

Background on approach

Automated
insight

Large patterns

Anomalous
patterns

| —

Multivariate

information

Value of

—_—

Reasoning

Troubleshooting

Tracing
anomalies

| | Supervised or

unsupervised

Anomaly
detection

Time series

A —

Latent variables

automation

|| decision making

Decision

Cost based

Decision
support

S —

Decision making
under

uncertainty
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Network for medical decision
support

 Encodes expert knowledge
based on empirically observed
data

 Robust under uncertainty

« Allows interactive use with
feedback as data is entered

« Human-understandable
relationships and decisions — not
a “machine-learning black box”
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ISDA

AFRICA

Virtual Agronomist uses the same principles to encode

expert knowledge about site specific nutrient

o Soil
Knowing a farm begins with understanding the

mMmanagement.
. R AR

Selected crop

Unferiseyied e « Provides recommendation on realistic target yield

- and balanced fertilizer rate and formulation

Current yield (t/ha)

— | « Prime audience: extension agents, advisors

Best yield in area (t/ha)

* Interactive — farmer can ask “what if” questions
—

Previous crop Same crop v

Previous legume No v

S Sninonn - Currently built from expert human knowledge (Keith), in
the future can learn from data and/or be tailored with

© T st o s local knowledge.
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LIVE DEMO




Key requirement for Virtual Agronomist calibration and validation

Maize

* ISDA in Ghana (own on-farm trials)

« OFRA In Ghana

« TAMASA Iin Nigeria, Ethiopia and Tanzania
« One Acre Fund in Kenya

Rice
* pan-Africa

Potato
« CIP/RAB/One Acre Fund

Coffee
» Historical data sourcing in Kenya (ongoing)
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