
A SPATIAL STATISTICAL STUDY
ON UPSCALING IN THE SDI

FRAMEWORK: THE CASE OF YIELD
AND POVERTY IN BURKINA FASO

Muhammad Imran



PhD dissertation committee

Chair
To be decided University of Twente

Promoter
prof. dr. ir. A. Stein University of Twente, ITC

Assistant promoter
dr. R. Zurita-Milla University of Twente, ITC

Members
prof. dr. M.J. Kraak University of Twente, ITC
prof. dr. P.J.M. Havinga University of Twente, EWI
prof. dr. ir. M.K. van Ittersum Wageningen University
prof. C. Brunsdon University of Liverpool, UK

ITC dissertation number 234
ITC, P.O. Box 217, 7500 AE Enschede, The Netherlands

ISBN: 978-90-6164-362-3
Printed by: ITC Printing Department, Enschede, The Netherlands

© Muhammad Imran, Enschede, The Netherlands
All rights reserved. No part of this publication may be reproduced without the
prior written permission of the author.



A SPATIAL STATISTICAL STUDY ON UPSCALING
IN THE SDI FRAMEWORK: THE CASE OF YIELD

AND POVERTY IN BURKINA FASO

D I S S E R T A T I O N

to obtain
the degree of doctor at the University of Twente,

on the authority of the rector magnificus,
prof. dr. H. Brinksma,

on account of the decision of the graduation committee,
to be publicly defended

on Wednesday, October 23, 2013 at 16:45

by

Muhammad Imran
born on August 01, 1974

in Khushab, Pakistan



This dissertation is approved by:

prof. dr. ir. A. Stein (promot r)
dr. R. Zurita-Milla (assistant promot r)



Abstract

Cropping conditions in West-Africa are highly spatially and temporally
variable. Because of this, a variety of computational models have been
developed based on understanding agricultural processes at different
spatial scales. Farmers and extension workers need scientific tools that
allow accessing, combining, and assessing data and models to obtain
sustainable solutions at a farm location. Ideally such tools should be
part of an agricultural spatial data infrastructure (SDI) so that wall to
wall services are possible. In this work, we carried out four studies that
support the creation of such an agricultural SDI in Burkina Faso.

The first study proposes and deploys a flexible framework system for
upscaling datasets and for linking such datasets with regional simulation
models. The proposed framework is based on SDI technology. The
service-oriented architecture of SDI allows datasets and models to be
deployed as re-usable web services. The study investigates how to use an
open and interoperable SDI environment to integrate data and models
for deploying location-based wall to wall services. It also studies how this
environment can allow models to be adapted for variables upscaled from
ground-based surveys. It provides access to datasets and models as re-
usable web services by means of standard wrapper implementations. The
proposed framework is deployed for on-farm decision-making in Burkina
Faso. To do so, the wrapper implementation deploys a farm simulation
model following the “Model-as-a-Service” paradigm and the datasets as
spatial data services. Orchestrating these services enables community
participation by integrating the several farming resources. The study
found that the model benefits from various spatial data services in state-
of-the-art SDI-based implementations. It concluded that adaptation of
the variables from the country’s agricultural surveys in the application of
SDI services required the application of spatial statistical models and the
use of remote sensing to upscale the survey data to the national scale.

The second study uses data on biophysical, socioeconomic and human
resources of terroirs in Burkina Faso to estimate crop yields and to
upscale the yield estimates to the national scale. The study explores
the application of remote sensing (RS) data to investigate yield spatial
variability. A time series of SPOT-VEGETATION (NDVI) data 1 km 10-
day composites for the period covering the crop growing season was
used. Field observations for crop yields were obtained from ground

i



Abstract

surveys published in the national statistical database and sub-Saharan
auxiliary datasets, originally developed using RS, were obtained from
online repositories. Geographically weighted regression was applied to
interpolate crop data from the field scale towards the national scale.
Estimates thus obtained were stored in the geodatabase. The spatial data
services deployed on top of the geodatabase can adequately initialize a
farm simulation model for a terroir location. Uncertainty due to limited
data availability, likely prohibits the stability of statistical models to fully
capture the high spatial variability of yields in a highly heterogeneous
landscape. This required to model uncertainty associated with crop yield
models at regional scales. The study concludes that statistical methods
and RS technology can be used for upscaling crop yield estimates for the
entire country.

The third study quantifies the uncertainty in crop yield modeling at
a national scale, using the crop yield observations obtained from coun-
trywide georeferenced surveys and the spatial statistical upscaling. It
presents a hybrid approach integrating ordinary kriging and geographic-
ally weighted regression. This geographically weighted regression-kriging
approach was applied to crop yields in Burkina Faso. The study shows
that quantifying uncertainties in large-area crop models can help to
improve the sources of uncertainty given by the sampling design and
the model structure. Moreover, the uncertainty maps obtained in this
way can increase the confidence of end-users by taking into account the
accurately estimated prediction uncertainty of crop yields.

The fourth study investigates regional and global datasets, including
RS products, for modeling marginality status of terroir communities as
upscaled from the targeted household surveys in Burkina Faso. It also
upscales marginality estimates to the national scale. To do so, it assumes
that the socioeconomic status of the terroir communities largely depends
upon the agroclimatic potential of the farming systems, This can be
identified from regional and global datasets. Data on biophysical factors
that affect the agroclimatic potential of terroirs were obtained from
SPOT-VEGETATION NDVI values and from rainfall estimates extracted
from TAMSAT data. An indicator was developed that quantifies human,
social and financial capital assets. A statistical analysis was performed
to spatially relate the agroclimatic potential of terroirs to the asset
indicator of farming communities. This relation was upscaled to estimate
marginality at the national scale. Geographically weighted regression
could delineate the farming systems to obtain a better understanding on
the marginality status of farmers within the terroirs, thereby allowing
integrative models to initialize at the national and regional scale. Such
initialization requires approximating of the marginality status in order
to be able to assess the capability of terroirs to apply fertilizers, pest
control, and crop varieties.

To summarize, spatial statistics is applied for upscaling crop yields
and communal marginality status at the terroir level to the scale of Burk-
ina Faso. Quantification and propagation of uncertainties should from
now on be an integral part of research on spatial modeling and upscaling.
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To do so, the statistical methodology was adequate as it quantifies jointly
and systematically the uncertainties present when sampling representat-
ive terroirs in Burkina Faso and in upscaling spatial model output. The
use of an SDI framework may thus provide a robust environment for
integrating datasets and spatial upscaling to farm simulations models
for developing wall to wall agricultural services.
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1. Introduction

1.1 Motivation and outlook

1.1.1 Spatial statistics in agricultural systems research

Spatial statistics concerns the quantitative analysis of spatial variables,
including their spatial variability, their spatially varying relations, and
their spatial inference and uncertainty quantification. It has been widely
applied in the past to the biophysical and socioeconomic domains in ag-
ricultural systems research at different spatial scales. These applications
mainly focus on analyzing and quantifying the spatial variability of sev-
eral variables related to crops/farms and to their environment (Peeters
et al., 2012), characterization of farms and farming systems (Chomitz &
Thomas, 2003; Baltenweck et al., 2004; la Rosa et al., 2004) and farmers
adoptions of agricultural production technologies (Holloway et al., 2002;
Staal et al., 2002).

For example, (Peeters et al., 2012) used K-means clustering technique
to identify significant clusters of correlations between plant-related
variables and environmental variables, and then they used geographic-
ally weighted regression to determine the driving mechanisms behind
the recognized clusters and to develop management zones. (Chomitz
& Thomas, 2003) used spatial analysis to explain spatial variation in
Amazon farming systems, which used the census tract-level data to
relate forest conversion and pasture productivity to precipitation, soil
quality, infrastructure and market access, proximity to past conversion
and protection status. (Baltenweck et al., 2004) used geographical in-
formation system (GIS) to link the household and location characteristics
(i.e. biophysical and socioeconomic conditions), applied a logit model
to relate the relative probability for the different farming systems at a
certain location, and, thus, identified the spatial distribution of farming
systems in Kenya without the need to extensively map all the farming
systems across a large region. (la Rosa et al., 2004) related land vulnerab-
ility (response variable) to the selected land characteristics (explanatory
variables) and characterized the Mediterranean farms (i.e. land units)
based on the predicted soil productivity. (Holloway et al., 2002) applied
Bayesian statistics to estimate spatial neighborhood effects in technology
adoption models. (Staal et al., 2002) used logistic regression to incorpor-
ate GIS-derived measures of external rural environments into a farmers
adoption model, which is based on georeferenced data on household
characteristics, and it can potentially differentiate the multiple impacts
of location on choices of farming practices.

1.1.2 Spatial statistics for upscaling biophysical and socioeconomic
variables to regional scale

Spatial statistics is the core methodology applied in this thesis for upscal-
ing biophysical and socioeconomic variables from field/household level
to farm and to regional scale. In many developing countries, ground-
based field/farm surveys are the primary means to collect data on a range
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1.1. Motivation and outlook

of variables of agricultural performance such as crop yields (AGRISTAT,
2010; FAO, 2005). These surveys are often conducted for selected sites
in various administrative units. Agricultural responses in large areas
however are often highly spatially variable because of varying agroe-
cological conditions like soil types, weather, and management factors.
The ground surveys cannot properly reflect such spatial variability to
characterize the agricultural land units (i.e. individual farms or groups
of farms) in large areas (Lambin et al., 1993; Prasad et al., 2006; Sharma
et al., 2011). They are thus insufficient to present spatial heterogeneity
at regional scale, which requires the collection of spatially-explicit data
that represents spatial variations in biophysical and socioeconomic vari-
ables (Therond et al., 2011). This issue demands ensuring methods and
techniques are available to upscale estimates at the field/farm level to
large heterogeneous areas and even to whole countries.

Variables of agricultural performance exhibit a high degree of spatial
variation across land units, because of their underlying factors often
related to several natural resources (e.g. soil, climate, topography), so-
cioeconomic condition (e.g. ability to apply modern inputs), and resource
base (e.g. water reservoirs, available labor) (Shaner et al., 1982; Dixon &
Gulliver, 2001). Spatial statistics can be applied to upscale the variable
estimates to large areas through modeling their high spatial variability.
Models of spatial structure can be applied to weigh sampled values of the
variable estimates based on their spatial neighborhood. Moreover, the
variable estimates can be statistically related to their collocated factors,
causing significant spatial variability, mainly belonging to the biophysical
and socioeconomic contexts (Faivre et al., 2004; Challinor et al., 2009).
The spatial weights and/or relationships obtained in this way can be used
in the quantitative upscaling of spatial variables. The spatially-explicit
results from upscaling can be obtained on densely gridded maps, which
can then be used as the basis for developing a range of location-based
applications at regional scale.

Uncertainty is inherent in the quantitative analysis of spatial variables.
Since, spatial data have different representations with different levels
of inherited inaccuracies. Moreover, linking data of different spatial
and temporal scales/resolutions to upscaling procedures may introduce
uncertainty. Uncertainties may also be associated with measurements,
sampling and experimental design, flaws in the upscaling procedures
or statistical analysis itself. Spatial statistics can be applied to quantify
uncertainty in the process of spatial upscaling.

1.1.3 Spatial data infrastructures (SDIs) for integrating data and
models

Despite the availability of crop data and of explanatory variables, it is not
straightforward to link this data and to make it accessible to agricultural
simulation models. The problem of integrating data is threefold (Groot
& McLaughlin, 2000; Beare et al., 2010; Foerster et al., 2010):
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1. Introduction

1. Technical: are the syntactical problems related to differences in
the formats in which models expect input data to be provided and
the formats in which the chosen candidate datasets are originally
found. Spatial data are characterized by spatial scales and levels
of detail, implicit errors and uncertainties, missing data, and other
fitness-for-use information that are often not communicated.

2. Conceptual: are the structural and semantic problems related to
differences in the conceptual schemas (e.g. concepts, terminologies,
and meaning) of datasets and the concepts conceived in models.
Conceptual barriers are often posed by different interpretations of
data, which need to adhere to common standards and semantics.

3. Institutional: are the barriers in data sharing posed by organiz-
ations, researchers, and surveyors through legal regulations of
privacy, ownership and copyrights.

Geographic information systems are often deployed to store, describe
and to analyze the domain-specific geospatial datasets. A modeling
framework system however is a set of component sub-systems that can
be assembled into a model application under a common architecture
which is regarded as core of the framework (Rizoli et al., 2008). Inter-
operability is the capability of cross-domain GI databases and modeling
frameworks to interact through overcoming the technical, conceptual
and institutional barriers (Janssen et al., 2009; Reichardt, 2010; Granell
et al., 2010). To achieve geospatial data interoperability, the creation of
spatial data infrastructure (SDI) methodology is being increasingly initi-
ated recently (Kiehle, 2006; INSPIRE, 2008). SDI denotes the relevant base
collection of technologies and standards to provide an ideal environment
to couple datasets and applications (Nebert, 2004). This environment
encompasses not only the datasets, but the metadata (i.e. documentation
for fitness-for-use), and the technology to discover, visualize and to
integrate datasets in application (i.e. catalogues and Web mapping).

The SDI technology has the potential to design interoperable frame-
works in which different working groups can effectively participate in
sharing their unique knowledge/resources for solving a given problem.
Currently, much research in GIS and environmental modeling is focused
on the use of enhanced interoperability offered by SDIs (Maué et al., 2010).
Following this, research communities have started to expose datasets
and models as SDI services (Geller & Melton, 2008), for example, for shar-
ing agro-geospatial data in the CropScape application (Han et al., 2012),
and for the hydrological models re-use (Granell et al., 2010; Castronova
et al., 2013). Little research has been done so far in developing SDI-based
frameworks to link data and models in agricultural systems research.

1.1.4 Upscaling and integration in an SDI-based framework

A particular focus of this study is to investigate SDI technology to pro-
pose a flexible framework for coupling spatial statistical upscaling to
agricultural simulations models. The proposed framework essentially
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allows to model and to upscale variables of agricultural systems, and
to apply the upscaled outcomes to farm simulation models at regional
scale. Farm simulation models, e.g., bio-economic farm models (Janssen
et al., 2009; Louhichi et al., 2010) are usually deployed for integratively
accessing information from several agricultural domains, and, thus, can
be used for on-farm decision-making. Attention therefore focuses on: (i)
upscaling biophysical and socioeconomic variables from field/household
level to farming community and even to national scale, and (ii) adapting
the simulation models to be coupled with the upscaling so that the wall
to wall services for integrated agricultural assessment are possible.

Integrated assessment is an interdisciplinary process of combining
and interpreting knowledge from diverse scientific disciplines in order
to provide useful information to decision-makers (Rothman & Robinson,
1997). Technically, it is conducted in a framework system that integrates
several datasets and models representing different spatial processes at
various spatio-temporal scales and in different domains (Parker et al.,
2002; van Ittersum et al., 2008). To do so, the spatial and temporal
scales of data and the modeling scale are two factors in the context of
problems associated with data quality and interoperability (Jakeman &
Letcher, 2003; Janssen et al., 2009). In this research, these two problems
are emphasized in upscaling datasets, integrating the upscaling results
to models, and also in quantifying and communicating the uncertainty
associated with upscaling procedures. We will look into these issues more
in-depth in the case of crop and marginality upscaling in next Section;
here these are generally described in the context of the framework design
in this thesis:

• The common case for applying models is a site-specific application
on which all input datasets have already been prepared for a partic-
ular farm site. It contrasts to a spatially-explicit and wall to wall
application of model, for which no specific site in a large area has
yet been identified, and consequently no specific, targeted data sets
are recognized. The later application demands upscaling variables
to regional scale, discussed in Section 1.1.2. The spatially-explicit
outcomes can then be applied for ‘spatialising’ a model over large
area (Faivre et al., 2004), for instance, a farm simulation model
for its location-based initialization in country. In this context, this
research contributes in developing spatial statistical models to up-
scale the biophysical and socioeconomic variables to regional scale
and to quantify the associated uncertainty. The research output
can be employed in deploying wall to wall agricultural services.

• It is challenging to integrate datasets and upscaling and agricultural
simulation models in a wall to wall setting. Because, the models
as used in this setting will have to be somewhat different from the
original site-specific models in monolithic modeling frameworks. It
therefore requires deploying an open framework system which is
more explicit in handling data quality and interoperability in order
to adapt models. Ideally such framework should be part of an SDI
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so that wall to wall services are possible. In this context, this study
investigates the SDI technology and how it can be used to design
interoperable framework for integrating datasets and models.

1.2 Challenges for upscaling and integration in the
SDI framework: the case of yield and poverty in
Burkina Faso

Agriculture in Sahelian and West-African countries can in many cases be
characterized as marginal, with subsistence farming being an important
activity. In Burkina Faso, for instance, two-thirds of the population works
in agriculture (USAID, 2009). Those mainly poor farmers make their
livelihood in local communal systems, called terroirs (AGRISTAT, 2010).
Each terroir is traditionally led by a chief. Individual households in a
terroir contribute their small-holdings for cultivation and adopt com-
mon interventions. Cropping conditions in terroirs are highly spatially
and temporally variable (see for example Figure 1.1). In particular, the
variability of vegetation, soils, and topography has a serious impact on
crop yields (Graef & Haigis, 2001). Moreover, marginality and poverty
status of the terroir communities has an impact on their capability of
applying modern inputs like fertilizers, pest control, and crop varieties.
Therefore, an important reason for upscaling crop yields and marginality
status is that farmers respond to indicators both from the biophysical
environment and from their socioeconomic contexts. Data on various
driving factors of crop yields and marginality, however, are usually not
available in Burkina Faso (Roncoli et al., 2001; Roncoli et al., 2009).

Upscaling biophysical, social and economic variables can provide
spatial-explicit data at the scale of Burkina Faso. Farmers and extension
workers however search information channels that allow combining and
assessing multidisciplinary data to develop location-specific sustainable
strategies for farm interventions. To do so, they may benefit from in-
tegratively assessing up-to-date information on several driving forces of
their terroir production (Lambin, 2003). More precisely, the farm simula-
tion models can be used to simulate farms for several farm resources to
their optimal allocation (Janssen & van Ittersum, 2007). These models
typically combine data from biophysical and socioeconomic domains of
land units for collectively assessing those variables, and, thus, can be
important tools for on-farm decision-making in the country. However, a
big challenge is to adopt such models to be coupled with the upscaling
procedures so that wall to wall services are possible.

This research applies spatial statistics as a tool to upscale crop yields
and marginality estimates to the country scale. This upscaling is based
on modeling the spatial variability of their various driving factors in
Burkina Faso terroirs. It further designs an application framework based
on SDI in which datasets and upscaling and farm simulation models
can be integrated to deploy location-based wall to wall services. In this
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of yield and poverty in Burkina Faso

Figure 1.1 A heterogeneous cropping system related to a terroir in Burkina
Faso.

spatially-explicit application, challenges are related to apply models
at any terroir location in the country, thus obtaining results that are
qualitatively comparable to those of site-specific model applications. It
may help to solve issues in the following fields:

Limited data availability In a site-specific model application, more de-
tailed datasets are usually obtained by intensively applied expensive
technology, allowing highly standardized and dense data acquis-
ition techniques, often leading to possibilities of ‘precision agri-
culture’ (Lee et al., 2010). Such acquisition technology, however,
is often not available in West-African subsistence farming. Data
sources are scarce or even non-existent. A different strategy is
therefore needed to meet the requirements of model applications
for large and heterogeneous areas. In most cases, this provision
demands securing third-party data sources that can reliably serve
the data needs of models, even though these sources have not been
specifically designed for that purpose. In situ data therefore need to
be replaced with data obtained through remote sensing or upscaled
from national statistical datasets (Faivre et al., 2004).

Remote sensing is widely used in modeling various quantities from
finer to regional scales, e.g., crop yields, mapping diseases, estim-
ating biomass and moisture stress in plants (van Ittersum et al.,
2004; Dutta et al., 2011). Utilizing high spatial and temporal RS
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coverage is attractive in a regional scale modeling, as applications
can use up-to-date information over large areas. RS primarily deliv-
ers images of land cover, which may be stored into a GIS to derive
patterns of land cover based on RS reflectance characteristics. To
some degree inferences about variables of agricultural systems can
be made from patterns of land cover obtained from RS, but fully
capturing spatial distributions of variables requires ground inform-
ation. In West-Africa, national statistical organizations conduct
geo-referenced surveys at selected sites to collect observations on
a range of variables on farming systems. These observations may
be upscaled to national and regional scales; however, it may not
capture the landscape heterogeneity particularly in West-Africa.
Alternatively, with an understanding of the reflectance character-
istics and some ground observations it is possible to use remotely
sensed data to obtain estimates of various model inputs, which are
statistically upscaled for large areas using relatively small sets of
field observations. There are two common ways in which this may
be done in a farming system research: vegetative indices and land
cover clustering and classification techniques (Dorigo et al., 2007).
The former approach has been mainly applied in this thesis.

The upscaled quantities may provide location-specific estimates of
various existing potentials of the farming and cropping systems
over large areas. In this thesis, yield and marginality estimates up-
scaled by spatial statistical models to the national scale of Burkina
Faso will allow to initialize farm simulation models everywhere in
the country (i.e. in a wall to wall setting). Such an upscaling in
West Africa is challenging as it requires capturing biophysical and
socioeconomic quantities with high spatial variability, caused by
heterogeneous farming conditions.

Spatial data quality This thesis considers different spatial scales. The
highest relevant scale is the national scale of Burkina Faso that
encompasses 351 districts and almost 7000 terroirs (see Figure 1.2).
A terroir is comprised of a few dozen to many hundreds of house-
holds. National statistical departments collect data for households
in a single representative terroir in a district, thus producing 351
data points for observations (AGRISTAT, 2010). Upscaling as ap-
plied in this research, on one hand, quantifies variables from tar-
geted household surveys to the lowest administrative level (i.e.
terroir). On the other hand, it uses regional and global datasets
including RS products to upscale those variables at the terroir level
to the national-scale of Burkina Faso, and in doing so, it tends to re-
cognize the heterogeneity that inevitably exists within such terroirs
on the national scale. There are two issues of data quality here: (i)
a choice for a combination of data has to be motivated by the ques-
tions to be addressed (i.e. objective of the study, level of analysis,
and data availability); (ii) incorporating spatial dependency into the
process of upscaling both in terms of conventional inference on
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Figure 1.2 Different administrative levels in Burkina Faso.

variable coefficients and goodness of fit (Lambin, 2003). These two
issues are highly challenging to tackle particularly for upscaling in
heterogeneous West-African conditions.

Spatial data have the tendency to be spatially dependent (aka spa-
tial autocorrelation). Ignoring spatial dependencies in data may
lead to biased inference of variables, estimation of error variance,
and testing of statistical significance (Cressie & Wikle, 2011). To
deal with it statistically, the spatial statistical methods are mainly
used in this thesis, such as spatial auto-regression (Anselin, 1995),
geographically weighted regression (Fotheringham et al., 2002), and
geostatistical methods such as regression kriging (Diggle, 2003).
They use different methods to incorporate spatial dependency in
data. Uncertainties in the original datasets and models are required
to be addressed. It is however too ambitious to materialize it in all
its aspects, i.e., developing methods to quantify and characterize
uncertainty associated with various datasets and model types and
propagating the characterized uncertainty into agricultural assess-
ments. This research focuses on modeling uncertainty in the spatial
statistical models to upscale crop yield estimates to the scale of
Burkina Faso. Ideally, the quantified uncertainty should be com-
municated when these estimates are linked to initialize simulation
models.
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Model adaptation and end-user communication A particular objective
of this study is to propose a flexible framework to link upscaling
models to farm simulation models at regional scale. The proposed
framework should achieve an adequate level of technical and con-
ceptual interoperability so that the regional models can be adapted
in wall to wall services.

Overcoming technical barriers means that the proposed framework
essentially uses same structure of datasets and input format of
models. Two approaches are common in achieving so: (i) tool
coupling, in which models are linked together in a framework
with a common graphical user interface and data storage (Janssen
et al., 2009), and (ii) loose coupling, in which the model interaction
is established during run-time and the data and models do not
know each other in advance (Granell et al., 2010). Recently, the
SEAMLESS integrated framework (van Ittersum et al., 2008) opted
for the former approach for integrating legacy models (Janssen
et al., 2009). This approach however may cause dependencies
on framework-specific libraries that may be difficult to resolve
when using the models elsewhere. This kind of dependency can
be overcome by loosely coupling data and models, i.e., they are
exposed with XML-based standard interfaces and they can be linked
run-time (Jakeman & Letcher, 2003). This research opts for the
loose coupling approach.

The SDI technology can be seen as a realization of the service-
oriented architecture (SOA) to disseminate data and services (Kiehle,
2006). In SOA, the geospatial datasets and processes (e.g. GIS al-
gorithms and procedures, computational models) can be deployed
as loosely-coupled and distributed web services, following the
publish-find-bind paradigm. To overcome the technical barriers,
web services implement standard interfaces that expose their qual-
ity through describing metadata and adopt common data formats
for message exchange (Di, 2005). This can allow communities the
introspection of interoperable data and models as web services and
participate in communal problem solving. The SDI implementations
generally adopt the open geospatial consortium (OGC) standard
interfaces (OGC, 2008c). This research implements the OGC stand-
ards to deploy data and model web services.

Overcoming the conceptual differences means to achieve a shared
understanding between datasets and models (Janssen et al., 2009).
More specifically, it requires to explicitly describing concepts in
the datasets and in the parametric space of models. Concepts are
formally described in a conceptual schema, by using conceptual
formalism of a formal language, e.g., unified modeling language
(UML), ontology web language (OWL) (ISO/IEC, 1996). OWL being
in-line with the semantic web is powerful to declare the semantics
explicitly. Whereas, UML has been widely used due to its strong
expressiveness, web compatibility, technology independence, intu-
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itiveness, and tool support (Francois et al., 2009). This research
uses the later approach to describe concepts in agricultural surveys
and in the parametric space of models. However, for a wider use,
the concepts are harmonized with the SEAMLESS ontology (Janssen
et al., 2009), which is developed through the collaboration of stake-
holders in the agricultural domain.

The SDI-based framework in this thesis makes two types of adapt-
ations to models: model-related and data-related. Model-related
adaptation refers to the provision of a farm simulation model
to farmers or extension workers as a web service for on-terroir
decision-making. To run the model service on a terroir location,
data-related adaptation refers to the robustness of the framework
system against the choice of data services that provide input data,
which are either upscaled from spatial statistical models in this
thesis or provided by a third-party dataset. The farmers or ex-
tension workers may determine which data services are going to
be used, and the system should allow binding them into the farm
simulation models.

1.3 Research objectives

This study considers a terroir in Burkina Faso as the unit for analysis and
uses three types of datasets: statistical surveys, GIS layers, and remote
sensing products. The country’s agricultural surveys were collected from
representative terroirs countrywide for the year 2009. In the survey data,
household records are maintained for the related farming and cropping
systems details. The surveys contain data for total 4850 households that
cover 351 representative terroirs of the country. Data were processed
to obtain values of several variables of the terroir-level farming and
cropping systems. GIS layers such as soil properties and market access
were obtained from various regional and international organizations.
Remote sensing products with the spatial coverage of the whole country
were mainly obtained from SPOT. The main objective of this research is
to use these datasets to upscale crop yields and marginality status from
field/household level to terroir and to the national-scale of Burkina Faso
and to design an interoperable framework system to apply the upscaled
outcomes to farm simulation models deployed as wall to wall services.
The identified means to achieve this objective use spatial statistics for
upscaling variables and SDI technology for designing the framework.
Based on this main objective and the available datasets, we formulated
the following sub-objectives to achieve in four studies:

• To investigate SDI technology to propose a flexible framework to
link spatial upscaling to simulation models at regional scale for
deploying wall to wall services.

• To model the relationship between the observed crop yields and
their collocated explanatory variables at the terroir level and to
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upscale the yield estimates to the national-scale of Burkina Faso.

• To model uncertainty in the regional modeling and upscaling of
crop yields in Burkina Faso.

• To model the welfare and marginality status at the terroir level
using targeted household surveys, and to investigate regional and
global datasets including RS products for upscaling the terroir-level
marginality estimates to the national-scale of Burkina Faso.

To carry out this research, we set out a framework and accomplished
the research objectives in providing its various components, explained
in the next Section.

1.4 Research framework

Figure 1.3 shows schematic diagram of various components within this
research framework:

Knowledge base This component was designed:

1. to store all spatial and thematic datasets which originate at
inputs and outputs of various models in the research frame-
work.

2. to store metadata about all datasets and models to enforce
their consistency and integrity and to establish a meaningful
exchange of datasets among the framework components.

3. to provide data transformations, e.g., aggregation, manipu-
lation and formatting in the thematic and spatial attribute
spaces.

4. to be served as a harmonized database for linking datasets
and models.

National statistical datasets obtained from AGRISTAT were made
spatially-aware. To do so, a spatial schema was designed to realize
a GIS-based database in the PostGIS/PostgreSQL. Using the spa-
tial schema, the datasets were extracted into the database. This
database was served to provide field observations to a variety of
models in the framework. The experimental data were transformed
according to the input requirements of the models. The outputs
from the statistical models were stored in the databases that were
accessed by various agricultural web services to initialize a farm
simulation model for a given terroir location.

Agricultural models – This component contains computational models
mainly belonging to the following two categories:

• Spatial statistical models were developed to upscale biophys-
ical and socioeconomic inputs from ground-based surveys to
the national scale of Burkina Faso. Upscaled estimates from
statistical models were used to initialize the farm simulation
model for optimization at a terroir location, specifically for the
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Figure 1.3 Research framework to upscaling in the Spatial Data Infrastructure (SDI)
framework: the case of yield and poverty in Burkina Faso.
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biophysical potential, i.e., crop yields (see objective 2) and the
socioeconomic constraints, i.e., marginality status of terroir
communities (see objectives 4).

• A bio-economic farm model (Janssen et al., 2009; Louhichi
et al., 2010) was used as a farm simulation model for optimiz-
ation/planning. The basic purpose of using this model is to
illustrate: (i) its adaptation in developing wall to wall agricul-
tural services for on-terroir decision-making , (ii) its adaptation
as a geospatial standard web service, and (iii) its adaptation for
regional modeling and upscaling in an SDI-based framework.
The model was tested in a case study to adapt various input
upscaled from the spatial statistical models. The model we
deployed as an geospatial web service operates at the terroir
level and it is comparatively static, i.e., it has no interdepend-
ence of outcomes across years, and model results represent
the equilibrium situation for a single cropping system in a
year.

Experimentation Environment – This component was designed mainly
to construct a flexible interface for: (i) runtime linking the geospa-
tial web services for data and models into workflows, (ii) executing
the workflows, and (ii) visualizing and communicating results to
end-users, i.e., farmer communities. This component delivers res-
ults by easy-to-understand means via reports and visualization
tools.

These framework components were implemented in the service-
oriented architecture of SDI. This implementation provides a web-based
tool for decision-making allowing Burkinabé farmers and extension work-
ers to obtain sustainable farming solutions on their terroir locations.

1.5 Thesis outlines

The thesis is carried out in three stages. In the first stage, the over-
all SDI technology is investigated to design a flexible and interoper-
able framework system for data and model integration. Based on this
design in Chapter 2, an application is deployed that implements the
proposed framework design to devise farmers the optimal plans for
on-farm decision-making in Burkina Faso. It deploys data and models
as standard web services which take benefit from current Web mapping
technologies. Based on this framework deployment in Chapter 2, various
issues are identified related to input data availability and spatial data
quality in the wall to wall model application. To overcome these issues,
the second stage deals with the spatial statistical methodology to up-
scale the biophysical and socioeconomic variables using ground-based
surveys and other regional and global datasets including RS products.
Chapters 3, 4, and 5 of this thesis report work done during this stage
which comprises the major part of the thesis. The final Chapter provides
conclusions, reflections and recommendations for further studies.
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integrated assessment of
agricultural information

1This chapter is based on: Imran, M., Zurita-Milla, R. and de By, R.A. Integ-
rated environmental modeling: an SDI - based framework for integrated
assessment of agricultural information. Presented at AGILE 2011: the
14th AGILE International Conference on Geographic Information Science,
18-21 April 2011, Utrecht, Netherlands. 9 p.
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2. An SDI-based framework for the integrated assessment of agricultural
information

Abstract

Monolithic framework systems pose obstacles to apply agricul-
tural models at regional scales, and, thus, to develop location based
wall to wall services. In particular in an integrated assessment,
this requires linking a range of datasets and models. This Chapter
proposes and deploys a flexible framework system for linking quant-
itative models for spatial upscaling with farming system simulation
models at regional scale. The proposed framework is based on
spatial data infrastructure (SDI) technology. The service-oriented
architecture of SDI allows datasets and models to be deployed as
re-usable web services. This study investigates how to use an open
and interoperable SDI environment to integrate data and models
for deploying location-based wall to wall services, and how this
environment can allow models to be adapted for variables upscaled
from ground-based surveys. Here, we provide access to datasets
and models as re-usable web services through standard wrapper
implementations. These services are loosely-coupled and the frame-
work is robust against coupling the appropriate data services for
location-based initializations of model. The proposed framework
is deployed for on-farm decision-making in Burkina Faso. To do so,
the wrapper implementations in the framework deploys a farm sim-
ulation model following the “Model-as-a-Service” paradigm and the
datasets as spatial data services. Orchestrating these services allows
enabling community participation in a common problem through
assessing integratively the several farming resources. Testing the
services for the study area the study found that the model benefits
from various spatial data services in state-of-the-art SDI-based im-
plementations. Moreover, it found that, to adapt variables from the
country’s agricultural surveys in the application of SDI services in
Burkina Faso required applying spatial statistical models and use
of remote sensing to upscale the survey data to the national scale.
In this context, the next three studies were carried out to upscale
the biophysical and socioeconomic variables measured at terroir
locations in the country.
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2.1 Motivation and outlook

Agriculture in Sahelian countries can in many cases be characterized as
marginal, with subsistence farming being an important activity. Farmers
often find themselves deprived of important inputs, whether they are
good soils, seeds or fertilizers, or availability of water, workforce, or
good-practice information (Roncoli et al., 2001; Roncoli et al., 2009).

Farm simulation models, i.e., models that simulate a farming system
can be used to assess what-if scenarios of farm’s production over a sea-
son. They can be important tools for on-farm decision-making (Janssen
& van Ittersum, 2007). The Model-as-a-Service (MaaS) paradigm aims
to bring the results of often complex and data-intensive computations
towards a large user community (Reichardt, 2010; Granell et al., 2010).
MaaS may tackle the pre-processing of large amounts of data, the cur-
ation of datasets for future use, or simulation and forecasting. The
use of the model service is typically offered through a robust compu-
tational mechanism that will handle the input data appropriately, i.e.,
through identifying data fitness-for-use and transforming data (discussed
in Section 2.2.1) in the case when fitness-for-use is only partial. This is
especially true for simulations and forecasts. The results are normally
received on client applications like a web browser (Zhanng & Tsou, 2009).

The application of farm models in sub-Saharan Africa is a highly
challenging domain because these models require large amounts of data
as all farming resources (soil, crops, farming activities, etc) need to
be properly characterized and because these models are sensitive to
the quality of the input data. In the more developed economies, data
availability and quality are achieved by intensively applied and expensive
technology, allowing highly standardized and dense data acquisition
techniques, often in situ, and leading even to possibilities of precision
agriculture (Lee et al., 2010). However, such acquisition technology is
often not available in sub-Saharan settings. This is even stronger the
case for location-specific data. Furthermore, running a model usually
requires training that is generally not available or not feasible.

In this study, we address these challenges by diminishing the data
exchange interaction between model and end-user. This would relieve
the latter from issues of data generation, standardization and quality
control. To do so, we attempt to replace the user-generated inputs to
the model as much as possible by system-generated inputs obtained
from reliable third-party sources. This may lead to a light-weight service
consumption scenario, and more standardized inputs. It also may lead
to technical challenges. More precisely, our focus is on bio-economic
farm models (BEFMs), which allow one to simulate farm responses at a
location (Janssen et al., 2009). These models require a range of inputs
covering the farm’s biophysical, social and economic environments of
associated farming system. The common case of using a BEFM is as
a desktop application on which all input datasets have been prepared
for a particular study site, and are under control of a highly skilled
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end-user. We call this a site-specific application. It contrasts to a wall
to wall application of the model, for which no specific site has yet been
identified, and no specific targeted input datasets are available.

The challenge is to make wall to wall applications work everywhere,
obtaining results qualitatively comparable to those of site-specific ap-
plications, or reaching at least a level of quality that is of use to its
stakeholders, e.g. the farmers or farm extension workers. We recognize
five important problem domains to be addressed in reaching these goals:

1. availability: securing third-party datasets that can reliably serve
the data needs of the model, even though these sources have not
been specifically designed for that purpose;

2. scaling: ensuring that methods and techniques are available to
detect and resolve differences in spatial and temporal resolution
between the available data and the inputs needed by the model;

3. model adaptation: the model as used in a wall to wall applica-
tion has to be somewhat different from the original site-specific
application model, a.o. in a more explicit handling of uncertainty;

4. uncertainty: creating the system/model capability of computing
uncertainty into the model to allow it inclusion of either uncertain-
ties innate in the original data, or caused by scaling processes, or
innate in the model used;

5. end-user communication: guaranteeing that the results of the
model runs are communicated with the stakeholders in optimal
ways, reducing risks of misinterpretation, and subsequent issues
of trust, as much as possible.

In this chapter, we address especially the matters of availability,
scaling, and model adaptation, as approaches to them are highly inter-
dependent. They are also considered to be the key factors to an overall
success. The issues of uncertainty and end-user communication are only
briefly addressed here, and will be followed-up in Chapter 4.

In this study, the wall to wall application needs to make adaptations
to the underlying farm model. Those adaptations come in two kinds:
spatial parameterization and spatial scaling. By spatial parameterization,
we mean that the system that encapsulates the model proper is sensitive
to, but also robust against choice of a specific farm location. This choice
may determine which third-party datasets are going to be used, and
the system should effectively accommodate this. External datasets may
differ substantially from what the model naturally requires, but yet
be the best available source. Therefore, fitness-for-use tests need to
be available, and these should address scale, resolution and thematic
content. By spatial scaling, we mean the system’s internal functionality
required for the spatial parameterization is flexible for taking alternative
input data. Upon deciding to use such input data, in a data curation
phase, data should be properly mapped, i.e., spatially scaled using spatial
statistical (quantitative) models and thematically generalized using some
GIS functionality. For this the computational framework needs to be
defined during an input requirements analysis phase.
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The main objective in this chapter is to propose a flexible framework
to link spatial scaling to farm simulation models at regional scale for
deploying wall to wall services. This will adapt a BEFM following the
MaaS paradigm. To achieve this, the proposed framework will provide
the model as a web service. This MaaS can be parameterized spatially by
means of combining web services that provide the required data. The
proposed MaaS will be used by farmers and extension workers to find
optimal and feasible farming solutions at their farm locations.

In Section 2.2, we discuss this MaaS approach to three important
challenges, and relate it to work reported in the literature. The architec-
ture of our proposed framework is discussed in Section 2.3. Section 2.4
reports implementation of our proposed computational framework for
analyzing farming systems in Burkina Faso. It further illustrates the
implementation by the output of BEFM simulation for Burkinabé terroirs.
Finally, Section 2.5 highlights conclusion and future work.

2.2 Challenges for providing model as a wall to wall
service

A commonly applied methodology to explore a farm is to collectively
assess a range of farm-related information in simulating the farm re-
sponses. To do so, (de Wit et al., 1988) showed the potential of multiple-
goal linear programming to develop a bio-economic farm model (BEFM).
Based on this, Figure 2.1 illustrates the schematic diagram of the multiple-
goal modeling adapted for this research. Such modeling demands a
thematically wide range of data inputs. Site-specific applications can
deal with data appropriate for the single location for which a model is
used, but may not suited for wall to wall applications aiming at a large
geographic area. The data sources used in site-specific cases then need
to become functions of location.

The range of data themes typically needed by any BEFM covers the
following three (Janssen et al., 2010; Louhichi et al., 2010):

1. production technology: aims to quantify the human influence on
the farming system potential. The most common factors are related
to farm inputs, e.g., irrigation, fertilization, crop protection such
as pest/disease/weed, crop types and varieties, sowing date and
density, household labour make-up and soil tillage.

2. biophysics: covers the data quantifying the agricultural response
on a farm as a physical process of (plant) growth. The most common
factors are either biotic or abiotic, and include terrain/soil data,
weather/climate data, as well as land use characteristics such as
extent, agricultural intensity and zonation.

3. economic: quantifies the functioning of economic agents, e.g.
farms or market parties. Common factors include prices of farm in-
puts and outputs, e.g. crops and fringe products, but also purchase
capacity of farmers and their participation levels in public markets.
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Figure 2.1 Various components of the multiple-goal modeling in this research;
spatial data infrastructures (SDIs) provide a range of datasets of different scales
in different domains; a bio-economic farm model (BEFM) is provided following the
Model-as-a-Service (MaaS) paradigm; a transformation service transforms data
for fitness-for-use for the model service; a spatial statistical (quantitative) model
accomplishes scale-related data transformations; using these mapping outcomes
at a farm location, several environmental and (socio-) economic constraints on
the farm (or group of farms such as terroir in Burkina Faso) may be identified to
evaluate farming activities for the goals of farmers.
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Below, we look at issues to provide the fitness-for-use of datasets for
BEFM inputs.

2.2.1 Availability

Location-based initialization of a range of model inputs concerns data
availability related to farming and cropping conditions at a location. This
is typically challenging for spatial parameterization of BEFM in a wall
to wall setting. The field of Spatial Data Infrastructure (SDI) aims to
share spatial datasets of different scales across the social, economic and
environmental domains of sustainable agricultural development (Kiehle,
2006; Granell et al., 2010). SDI deploys standard metadata procedures
to provide information on data fitness-for-use and accuracies. Today,
several national and global SDIs exist that provide spatial datasets for
applications at different levels of scale (INSPIRE, 2008). For initializing
a BEFM the direct question is whether any dataset can be identified to
serve the model as input for one of the required themes. This means that
an agent or service needs to understand thematic information content of
the model input(s) and of the candidate datasets. It can then determine
the quality of data use in the model and perform required content
transformation when fitness-for-use is only partial. Thus, the role of a
versatile GI transformation service becomes vital to detect and resolve
the quality issues. Often this service is needed to perform scale-related
and schema-related transformations, as explained below,

2.2.1.1 Availability and scale-related transformations

A BEFM simulates a farm, either a real farm or an average (representative)
farm for a group of farms (Janssen & van Ittersum, 2007), which is
referred to as the model simulation/spatial analysis unit. In this context,
at the low-quality end, the data may be coarse-grain, at the national or
even continental scale. The data source characteristics need to be known,
as they serve to compare one data source candidate against the next. At
the high-quality end, the data are fine-grain, at the district, village or
even at the parcel/household level. Datasets may also be inferred from
large and dense sample sets, often acquired at the parcel/field level. This
often involves using spatial statistics for quantitative upscaling of field
observations.

2.2.1.2 Availability and schema-related transformations

Here the question on availability is selecting the most appropriate dataset
to serve as model input. This requires appropriate techniques to evaluate
metadata, and compare with those of alternative data sources. Such
an evaluation and comparison are typically multivariate optimization
problems on metadata attributes. Moreover, the required optimization
functions are poorly understood, as they should express fitness-for-use
for one data input, for one specific BEFM. It is safe to state that today’s
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technology for metadata analysis is too immature to expect automated
solutions to solve the above problems.

Agricultural datasets with global or regional coverage are, for instance,
produced by FAO, JRC, and the US Geological Survey (USGS). These inter-
national organizations provide datasets for a broad range of applications,
ignoring the specifics of certain end-user applications. These datasets
are highly standardized between nations. National organizations, like
ministries and census bureaus provide comprehensive data obtained
from bottom-up approaches, typically working up the administrative
area hierarchy by sensible aggregation. The first group of data has often
undergone strong curation, and sometimes has lost some detail.

In a wall to wall BEFM application, the run-time discovery of candidate
inputs, their selection, and subsequent preparation for use by the model,
is further hindered by: data preparation (Granell et al., 2010). The final
question in this section is how to prepare the chosen dataset for its
use as model input? Three important issues are identified to tackle this
question in full, and they have been recognized for some time (Groot &
McLaughlin, 2000; Beare et al., 2010; Foerster et al., 2010):

1. Syntax: are the problems related to the format in which the model
expects the input data to be provided, and the difference with
the formats in which the chosen candidate datasets are originally
found. This might has the problems of different representations or
different encoding. These may involve file formats (e.g., shp versus
gml or GeoJSON).

2. Structure: Geospatial objects refer to features on the earth sur-
face. In a system environment, they are interpreted with thematic
and geometric descriptions (Molenaar, 1998). Geospatial objects
are often grouped into several distinct classes with a list of at-
tributes associated with each class. This grouping of classes and
attributes is called a conceptual schema. Structural problems ori-
ginate from differences in underlying conceptual schemas of the
chosen datasets and of the model input, especially in the recogni-
tion of classes, their thematic attributes, and/or association types
between the classes. In the thematic attribute space, for instance,
the schema transformations may be required due to: (i) differ-
ent class-attribute names, (ii) different class-attribute associations,
(iii) attributes spread between multiple classes, and (iv) different
methods of handling missing data (Steinman et al., 2009).

3. Semantics: problems are related with different meaning of the in-
formation format, content and structure of the chosen candidate
dataset and the model input. Concepts and terminologies con-
ceived in the datasets may not match with those of the model
inputs (Granell et al., 2010). The problem usually arises where the
natural language terms used are identical or seemingly synonym-
ous, but their (human) interpretations are not. A simple example
may well be that what one conceptual schema calls a farm presents
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only a subset of the group of farms recognized by the other con-
ceptual schema.

Interoperability is the capability of individual datasets and models to
interact through overcoming the syntax, structure and semantic barri-
ers. Syntactical problems are usually overcome by specifying standard
interfaces for datasets and models and a standard message format for
communication between them (e.g. gml for spatial data) (Foerster et al.,
2010). Various standards used for deploying BEFM as a MaaS are dis-
cussed in Section 2.2.2.

Structural and semantic transformations (so called schema mapping
or schema transformation) usually involve mapping of the conceptual
schema of datasets and the model inputs. To do so, functional maps are
defined to allow precise data alignments between the conceptual schemas
of candidate datasets and the model inputs/parameters, referred to in
this thesis as source and integrated conceptual schemas, respectively.
Schema mapping affects the structure or the content of datasets, but does
not affect the level of detail (Foerster et al., 2010). Although changing
the data content may also involve changing level of detail of data, we
restrict the schema mapping to the structural and semantic translations
of the data in the thematic attribute space.

Structural problems can often be resolved but typically need human
interaction (Bian, 2007; Brimicombe, 2009). Approaches have been pro-
posed for automated, often ontology-based, structural repairs, but the
level of success is variable (Kaza & Chen, 2008; Huang & Diao, 2008).
Solutions to the semantic problems generally focus on developing a
common and shared view of a particular domain through developing
vocabularies and shared ontologies. These semantic models are used to
annotate low level model formalism captured in the integrated schema
as well as in defining transformations.

In this study, the spatial parameterization of BEFM demands the scale
and schema transformations to be executed at the model run-time. This
provision largely depends on the underlying framework for deploying
the BEFM as a MaaS.

2.2.2 Model adaptation

An integrated assessment of farm resources involves linking several
datasets and sub-models (e.g. a crop model, soil erosion model) to a
BEFM. A framework provides an environment to integrate data and model
components. Re-usability is the capability of data and model compon-
ents to be linked outside their frameworks. A framework can either be
closed or open. In a closed framework, components are tightly-coupled
with the framework, i.e., several framework requirements needs to be
accomplished for integrating a component. Consequently, the inter-
operability of components among closed frameworks is limited. For
instance, OpenMI standard defines interfaces that need to be implemen-
ted at design-time which results a relatively closed framework. Because
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Figure 2.2 The publish-find-bind paradigm.

interfaces require language-specific implementation to integrate a com-
ponent (Knapen et al., 2009). Consequently, the dependencies may be
difficult to resolve when using the models elsewhere. Open frameworks
provide run-time integration of components, i.e., components at various
organizational nodes may not know each other in advance. Components
can be discovered and linked for use by even relatively non-technical
users such as farmers and extension workers.

The BEFM used for illustrative purpose in this study was developed
in the General Algebraic Modeling System (GAMS) framework (Louhichi
et al., 2010). The problems of (re-)using BEFM components (Figure 2.1)
alternatively and of interoperability however remain unsolved. Problems
are related to the monolithic nature of the framework that offers integ-
ration of data and models in a closed and stand-alone environment. It
restricts a shared and collaborative environment in which a number of
stakeholders can participate remotely to a common problem and share
their interoperable resources, services and solutions.

An open framework is usually based on the Service-Oriented Architec-
ture (SOA). SOA supports the publish-find-bind paradigm, which specifies
three roles: service provider, service registry and service requester. The
interaction of the three roles is shown in Figure 2.2:

• the service provider publishes datasets and models as web services
with registries (catalogs) using standard metadata descriptions
(entries).

• the service requester (i.e., an agent or automated mechanism), by
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querying the registries, finds the appropriate web services accord-
ing to the descriptions of an intended scenario.

• the service requester binds to the service and retrieves the desired
functionality.

Based on the SOA, recently, model web started offering distributed
data and models as interoperable web services (Geller & Melton, 2008;
Reichardt, 2010; Granell et al., 2010). A web service is defined as a
software component that provides functionality to invoke a compon-
ent (e.g. data, model) via a web-accessible interface in a programming
language- and platform-independent manner (Foerster et al., 2010). Web
services use standard interfaces and information models. Web service
interfaces are described in a machine-understandable way, which is a
requirement for syntactical interoperability. As a result, web services
can interact during run-time and they do not need knowing each other
in advance. Web services communicate based on platform-independent
data exchange formats (e.g. xml, gml). Web services and SOA provide
the basis of the open service framework for data and model integration
and re-usability. Conceptually, providing MaaS in this study requires
adopting the BEFM components in the open service framework.

International organizations like the Open Geospatial Consortium
(OGC) (OGC, 2008c) and ISO (ISO, 2005) specify standards for web service
interfaces, and also exchange formats to allow consistent data flows
between interfaces. OGC web services are also referred to geospatial
services (Foerster et al., 2010). A geospatial data service invokes a
computer application for spatial data or related metadata (Di, 2005).
Spatial datasets can be disseminated from a database, a physical sensor,
an environmental model, or a geocomputation. Metadata describes
spatial datasets and spatial data services to make them discoverable.
The geospatial web services are described in Section 2.3 in the context of
the architectural design of BEFM following the MaaS paradigm.

Using the open service framework, several national and global SDIs
have been developed to disseminate spatial datasets through geospa-
tial data services. SDIs generally provide a single access point to the
geospatial services (Alameh, 2003). Technically, standards for datasets
and metadata are adapted in a cooperative and multi-stakeholder ap-
proach (Bernard et al., 2005), for example in the INSPIRE European SDI
initiative (INSPIRE, 2008). Our implementation strategy to provide BEFM
as a MaaS is centered on the concept of INSPIRE-based open service
platform, in which data and model components are offered as loosely-
coupled geospatial web services.

2.3 Proposed framework

This section provides the architecture of our proposed framework. Based
on the open service platform of SDI (INSPIRE, 2008), the components
shown in Figure 2.1 are essentially deployed as web services. Our pro-
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posed framework has three tiers: physical tier, services tier and present-
ation tier (see Figure 2.3), as described below:

1. Physical tier: contains hardware and software components of MaaS,
including a BEFM underlying modeling system and a database man-
agement system to store datasets and metadata.

2. Services tier: deploys geospatial web services to invoke the com-
ponents at physical tier. To initialize BEFM for a location, they
provide data, perform GI transformations (when required) and
invoke BEFM functionality. Five service roles are distinguished:

Discovery service plays a catalog role. For this, OGC provides spe-
cifications of the Web Catalog Service (CSW) (OGC, 2007a) for
implementing a discovery service. BEFM components deployed
as web services can be published and discovered in the cata-
log using metadata descriptions. End-users or other services
can query these descriptions, and, thus, they can perform a
fine-grained search to discover required services.

View service supports visualization of datasets. Instead of the
geographic and thematic content of geospatial objects, they
render maps in a pictorial format such as GIF. OGC provides
specifications of web map service (WMS) (OGC, 2008b) for
implementing a view service.

Invoke service refers to as the encoding of service input paramet-
ers for execution, but also to describe format for transferring
the results. For this, XML-based standards are used in SOA, in-
cluding the web service definition language (WSDL) to describe
interfaces and the Simple Object Access Protocol (SOAP) to
transfer results.

Download service supports access to the geographic and thematic
content of geospatial objects. OGC provides the implementa-
tion specifications of download services, including (i) the Web
Feature Service (WFS) (OGC, 2005) to query the vector-based
geographic data encoded in the Geographic Markup Language
(GML), and (ii) the web coverage service (WCS) (OGC, 2008a)
to access raster-based geographic data, e.g., digital elevation
models, multispectral images encoded in a specified binary
image format (Granell et al., 2010).

Geocomputation and transformation services the geocomputa-
tion service invokes binding to the published processes that
operate on spatially referenced data. OGC provides specific-
ations of the Web Processing Service (WPS) (OGC, 2007b) for
implementing a geocomputation service. WPS is a generic web
service interface which means that it can be configured for a
geocomputation process (e.g. to perform a transformation or
a spatial analysis) as well as for a model (i.e. MaaS). Because
there are no restrictions on format, network location, plat-
form and number of data inputs/outputs to/from a geospatial
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Figure 2.3 Physical, services, and presentation tiers of the proposed framework
to deploy a bio-economic farm model (BEFM) as a service based on the open
service platform of spatial data infrastructures; web services on the services tier
interact with BEFM components on the physical tier; structural and semantic
interoperability is obtained through integrated conceptual schema in the data-
base; spatial statistical (quantitative) models are provided with Geocomputation
and transformation services.
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Figure 2.4 The proposed framework is shown in the traditional client-server
view; the Open Geospatial Consortium (OGC) Web Processing Service (WPS)
interface can be implemented to accomplish a geocomputation that may be:
(i) a bio-economic farm model (BEFM) as a location-based service following the
MaaS paradigm, (ii) a spatial data analysis, or (iii) a spatial data transformation;
For location-based parameterization, these geocomputation services interact
with geospatial data services (e.g. spatial data discovery, download and view
services) offered by spatial data infrastructures.

process (OGC, 2007b), complex computational models can
be wrapped with the OGC WPS, e.g., a BEFM as a service (see
Figure 2.4).

The transformation services are the core of this framework.
They can be deployed for accomplishing scale and schema
transformations (discussed in Section 2.2.1) of the spatial data-
sets offered by third-party agricultural services to initialize
a number of BEFM inputs/parameters. The structural and
semantic difference in datasets and model inputs is a ma-
jor difficulty in moving towards a more rigorous approach to
their integrated use. Consequently, it requires parsing, trans-
forming and spatially analyzing of the download services to
match exactly the initialization requirements of a computa-
tional model. Current SDI initiatives, like INSPIRE (INSPIRE,

28



2.3. Proposed framework

2008), do not enforce organizations to change and store ex-
isting datasets. Instead, the datasets may be transformed or
mapped on-the-fly via transformation services. To do so, the
following methods may be deployed in this framework:

• To overcome structural differences between diverse data-
sets and BEFM, the download and transformation services
may comply with an integrated conceptual schema, in
which datasets and models stand in relation to each other.
The integrated conceptual schema makes explicit the BEFM
formalisms (e.g. model inputs/parameters and their asso-
ciation with spatial objects) as well as provides the basis
for designing transformation operators.

• A shared ontology is developed collaboratively by a group
of researchers in a domain to achieve agreed-upon mean-
ing of various concepts (e.g., classes, attributes and asso-
ciations between classes) in the domain. The integrated
conceptual schema can be annotated or harmonized with
a shared ontology in the agricultural domain to align se-
mantics of the internal formalisms of diverse datasets and
BEFM inputs.

• Functional maps (referred to in this thesis as transforma-
tion operators) may be defined to accomplish transform-
ations in a workflow for a farming system assessment.
Defining functional maps is a semi-automated way to
translate datasets (i.e. source conceptual schema) to the
integrated conceptual schema. Transformations can also
be implemented in a download service via filter encoding
or with geocomputation services. The download services
can be implemented through stored procedures in GIS
database.

3. Presentation tier: For a location-based parameterization, the BEFM
web service links the geospatial data services. For this, the present-
ation tier facilitates viewing metadata, visualizing and selecting
appropriate geospatial services at the services tier, but also dis-
playing the FSSIM results. To achieve this, a Geoportal is often
implemented as a single access point to all geospatial web ser-
vices (Zhanng & Tsou, 2009). Alternatively, workflow modeler can
be used to link different BEFM components as pluggable services.

2.3.1 Spatial statistical (quantitative) models

Implementing transformation operators may be relatively straight for-
ward for the production technology data (e.g. labour, fertilizers). These
variables may be aggregated (average, sum, mean, or single values) from
sampled data, for instance, for all households in a representative vil-
lage. The aggregated values can then be served as representative values
for the village-level wall to wall application of BEFM. In the same way,
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Figure 2.5 The course of interaction of various users to the components of
proposed framework

however, aggregating biophysical data may not be simple. Spatial (dis-
)aggregations, in this case, often need to change data resolution using
scientifically rigorous (up-)down-scaling procedures. These scaling pro-
cedures are usually concerned with the variability of spatial processes,
their states, and throughput of quantities (Bian, 2007). For example,
the wall to wall application of BEFM at the farm/village level requires
estimates of crop yields for all farms/villages in a large region (e.g. coun-
try). To obtain this, the crop yield observations in representative villages
may be spatially interpolated towards non-sampled villages. Such a
scale-related transformation is relatively more cumbersome to perform,
because crop yields are highly spatially variable due to heterogeneous
soil, weather, and topographic conditions. Constructing spatial variabil-
ity of crop yields at a finer resolution requires explicit treatments, either
using ancillary data or models to describe the unknown variability. Spa-
tial statistical models may be applied in combination with remote sensing
to model spatial structure/neighborhood for weighing data at one scale
to generate data at another scale. The output of these quantitative mod-
els can be stored in GIS database. These data may be complied with the
integrated conceptual schema to run a wall to wall BEFM application.
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2.3.2 Interaction of system users to components of the proposed
framework system

Figure 2.5 shows the course of interaction of various users to the compon-
ents of proposed framework. Four types of user roles may be identified
including, the modeler, the domain expert, the GIS expert and the end-
user. A modeler often together with a domain expert interacts with
the underlying modeling system at the physical tier to develop a BEFM.
Modelers and GI experts may independently interact with the system.
However, all the four user roles need to collaborate to develop an integ-
rated conceptual schema. Using the integrated conceptual schema, the
modelers and GIS experts determine required transformations. Based
on the integrated conceptual scheme, GIS experts develop and advertise
appropriate download, transformation and geocomputation web services
at the services tier. Using thin clients at the presentation tier, end-users
may discover and invoke data services for linking to a BEFM web service.

2.4 Implementing the proposed framework – the
case of Burkina Faso

The proposed framework (in Section 2.3) is implemented to analyze
terroirs at the national-scale of Burkina Faso (i.e. in a wall to wall set-
ting). A terroir in Burkina Faso is a community-based land management
approach that not only constructs a physical area, but also a social con-
struct and the notion of natural resources and biophysical conditions.
Thus, it constitutes a farming system in which farmers contribute their
individual parcels and adopt common policies for agricultural produc-
tion. In Burkina Faso approximately 92% of the country workforce is
actively associated with the agricultural sector, of which 80% are small
holder farmers living in terroirs (USAID, 2009). Farming and cropping
conditions are highly variable in the country due to spatially varying
biophysical and socioeconomic conditions and use of production techno-
logy, while the level of spatial variation might differ between regions in
the country. The Statistiques Agricoles du Burkina Faso (aka AGRISTAT)
collects various data for a representative terroir in a district (AGRISTAT,
2010). Like many West-African countries, the biophysical parameters
are highly variable in the country. National policies, for instance, are
spatially more constant than most biophysical parameters, but even they
are district-specific.

Based on local farming and cropping conditions, agricultural pro-
duction largely depends on formulating effective farming activities (e.g.
allocating land, labour, and inputs to various crops) at terroir locations.
A farming activity is characterized by a set of inputs and outputs that
expresses the contribution of activity to the realization of defined goals
or objectives (Janssen & van Ittersum, 2007). The inputs are the current
(and alternative) biophysical, (socio-)economic and human resources,
which may vary from one terroir location to another. The outputs (aka
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Table 2.1 Inputs of farming activities related to the farm, labour, parcel, price
and production at a terroir location in Burkina Faso.

Service Model inputs Description Source
Farm f terroir f representing group of farms,

i.e., a rural community in Burkina
Faso

AGRISTAT

i farming activities i –
crops(i) crop activities i –
food(i) food crop activities i –
cash(i) cash crop activities i –
past(i) animal activities i –
annual(i) annual crops activities i –
per(i) perennial crops activities i –
luse(i) other land use activities –
size(f) size of a terroir f –
capstart(f) starting capital of a terroir f –
cons(i) minimum required consumption of

crop i (per terroir)
–

Labour aez agri-ecological zone aez represents
land quality based on soil conditions
(percentage of soil calcareous, loam,
sand, water logging capacity in top-
soil), topography (slope and elevation)
and weather (rainfall) at a terroir f loc-
ation

HarvestChoice

labreq(f,i,aez) labour required for crop i on land
quality aez of the terroir f (hours)

AGRISTAT

famlab(f) available family labour in a terroir f AGRISTAT
Price price(f,i) price of crop i at the terroir f location AGRISTAT
Parcel cropland(f,aez) cropland quantity of land quality aez

available to a terroir f (ha)
AGRISTAT

totland(f,aez) total land of land quality aez available
to a terroir f (ha)

–

initland(f,i,aez) initial land of land quality aez alloc-
ated per crop i by the terroir f (ha)

–

Production yield(f,i,aez) yield (kg ha-1) per crop i in the terroir
f depending on land quality aez ob-
tained from crop yield modeling and
upscaling

Chapter 3

inputs(f,i) non-labour costs for producing crop i
in a terroir f. Proxy data are obtained
from farmers marginality modeling
and upscaling

Chapter 5
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Table 2.2 Output decision variables for integrated assessments.

Output decision variables Description
TLABOUR(f,i,aez) hired temporary labour (hours) for crop i on land of

quality aez by the terroir f
FLABOUR(f,i,aez) family labour (hours) allocated to crop activity i on

land of quality aez by the terroir f
A(f,i,aez) land allocated (ha) to crop i on land of quality aez of

the terroir f
C(f,i,aez) capital assigned (CHF) to crop i on land of quality aez

of the terroir f
OUTPUT(f,i,aez) output of crop i on land of quality aez of the terroir f
FOODCOST(f) terroir f costs of buying food from market
PRODCOST(f) terroir f total costs for production
LANDVAL(f) land value of terroir f
PURCH(f,i) terroir f amount of food crop i purchased from mar-

ket
REV(f) terroir f gross revenue
OBJ(f) terroir f objective function

decision variables) describe elements of farming activity for which a
decision must be made by a terroir community. A BEFM can optimize
resource allocations to a terroir, given the farming activities and con-
straints with respect to an objective function that reflects goal of the
terroir community (Hazell & Norton, 1986). In this context, we want to
implement a BEFM as a tool for on-terroir decision making in Burkina
Faso. To do so, we focus on integrating location-based datasets and a
bio-economic farm model adapted from FSSIM (Farm System Simulator,
SEAMLESS (Louhichi et al., 2010)). Here, the basic purpose of using this
BEFM is to illustrate: (i) its use in developing wall to wall agricultural
services for on-terroir decision-making in Burkina Faso using third-party
datasets, including national agricultural surveys and regional datasets,
(ii) its adaptation as a geospatial web service in the proposed SDI-based
framework, and (ii) its adaptation for regional (quantitative) modeling
and upscaling in the proposed SDI-based framework, as explained below,

2.4.1 Adapting the BEFM for on-terroir decision-making in Burkina
Faso

This section investigates how to adapt the FSSIM formalisms (e.g. inputs/
outputs, objective function and constraints) for subsistence farming
situations in Burkinabé terroirs. The adapted FSSIM is essentially a linear
programming model in the GAMS framework. The model formalisms are
briefly described as,

• Table 2.1 presents inputs of farming activities related to the farm,
labour, parcel, price and production inputs at a terroir location f .

• Table 2.2 describes different output decision variables.
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• The objective function was set out to maximize the revenue of a
terroir community, after meeting all production costs and securing
enough food for all its household members. The mathematical
formulations of adapted objective function and constraints are
provided in Appendix A.

2.4.2 Adapting the BEFM as a geospatial web service in the
proposed SDI-based framework

This section investigates how to adapt the FSSIM in implementing the pro-
posed SDI-based framework in Section 2.3. Following the MaaS paradigm,
the model was deployed as a web service that can be initialized for
a terroir location through orchestrating various spatial data services.
Various tiers outlined in the proposed framework (Figure 2.3) were sys-
tematically deployed (Figure 2.6), as explained below:

1. Physical tier: the General Algebraic Modeling System (GAMS) is
the underlying framework of the FSSIM. GAMS native interfaces (i.e.
JNI and GDX API) were wrapped with OGC WPS standard interface
to allow the model to interact with other geospatial services. Its
deployment at the physical tier (called inner wrapper in Figure 2.6)
is responsible to change the model states at simulation run-time.
Moreover, it provides a communication stack between the physical
tier and the web services tier. For a terroir location, it analyzes
and decomposes the geospatial objects into the model parameters.
Similarly, PostgreSQL/PostGIS was deployed as an underlying data-
base system to realize source and integrated conceptual schemas.
Datasets obtained from AGRISTAT were stored in the database (see
the source conceptual schema in Appendix C). This GIS database
was served to provide field observations to the FSSIM and to several
quantitative models in this thesis. The target conceptual schema is
explained below.

2. Services tier:

Discovery service The deployment of OGC CSW was based on
GeoNetwork (GeoNetwork, 2010). Following the standard style
operation, the web services published in the catalog can be
discovered by other services and client applications (Geoportal,
Workflow Modeler, Udig and so forth).

Download service The deployment of OGC WFSs and WCSs was
based on GeoServer (GeoServer, 2010). The GeoServer was
deployed top of the PostgreSQL/PostGIS database to provide
datasets as WFSs for parameterization of the FSSIM web ser-
vice.

Invoke service Following the current SDI implementations for geo-
spatial web services, this study used open and non-proprietary
internet standards like URL.
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Figure 2.6 Implementing the Web Processing Service (WPS) interface for the Farming
System Simulator Model (FSSIM) and the Web Feature Services (WFSs) for spatial data;
Inner wrapper implements GDX API and JNI interfaces of the FSSIM modeling system,
i.e., the General Algebraic Modeling System (GAMS) to develop a communication
stack with 52North WPS process; Outer wrapper handles requests and responses of
the FSSIM provided as WPS, i.e., the model as a service (Maas); Spatial data download
and transformation services implement WFS interface based on GeoServer; Discovery
service implements the Web Catalog Service (CSW) interface based on GeoNetwork.
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Geocomputation service To interact with the FSSIM at the phys-
ical tier, the OGC WPS (OGC, 2007b) was deployed at the ser-
vices tier. The deployment of this geocomputation service
was based on the 52North WPS platform (Schäffer, 2009). The
deployed geocomputation services encapsulated the FSSIM as
well as existing GIS computational functions such as provided
in GRASS, SEXTANTE, HUMBOLDT (Figure 2.4). Following the
OGC WPS style operation, a list of all available models and
geocomputational processes were included in the service cap-
abilities document while metadata descriptions of their inputs
were accessed through the standard WPS style operation (i.e.
DescribeProcess).

Transformation service The syntactical and semantics problems
of defining, associating and aggregating spatial objects were
tackled through designing the integrated conceptual schema
of the FSSIM model inputs (see Figure 2.7). This integrated
schema was annotated with the SEAMLESS agricultural onto-
logy (Janssen et al., 2009). The SEAMLESS ontology has been
developed in the SEAMLESS project (van Ittersum et al., 2008)
to integrate various datasets and models in the agricultural
domain. The annotation of the integrated schema with the
SEAMLESS ontology is explained as:

a) Production technology/socioeconomic data: AGRISTAT
collects data for all households in a representative terroir.
A household has one or many land parcels for growing
one or many crops. In the integrated schema, a household
is represented with the ‘Household’ class, which was de-
rived from the ‘Farm’ class of the SEAMLESS ontology. The
‘Household’ class defines model inputs related to the pro-
duction technology and socioeconomic data in the source
schema. This data were aggregated from all households
in a representative terroir to obtain the model inputs at
the terroir-level, for instance, total family labour available
in a terroir. The ‘Household’ class is associated with the
‘Representative Terroir’ class, which was derived from the
‘Representative Farm in Agri-ecological Zone’ class in the
SEAMLESS ontology. The ‘Representative Terroir’ class is
associated with the ‘District’ class, which was derived from
the ‘Administrative region’ class in the SEAMLESS ontology.
The thematic attributes associated with the ‘Representat-
ive Terroir’ class in the target schema were served as rep-
resentative data, to run the model for all other terroirs in
the associated ‘District’ class. For instance, the ‘Available
Family Labour’ from the ‘Household’ class was mapped
from aggregating the number of adult members in the
‘Household Member’ class of the source schema.

b) Biophysical data: The ‘Representative Terroir’ class in
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Figure 2.7 Integrated conceptual schema for datasets and models integration.
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the target data model is further associated with the ‘Ag-
riEnvironmentalZone’ class, which was derived from the
‘Agri-ecological Zone’ class in the SEAMLESS ontology. The
‘AgriEnvironmentalZone’ class characterizes the biophys-
ical and environmental content relevant to the soil, topo-
graphy, and climate data. For example, Chapter 3 provides
a model input of crop yield, which is estimated as ‘yield
(kg ha-1) per crop in a terroir depending on agri-ecological
zone’.

The integrated schema was used to define a range of trans-
formations (from source to integrated schema) to initialize
the FSSIM inputs related to various variables of farming sys-
tems. They are described through a formal language for sev-
eral transformation operators (Appendix D). These operators
were implemented through database stored procedures. Trans-
formed data in the GIS database were provided with WFSs to
parameterize the FSSIM model (see Figure 2.6). In this way,
WFSs served the transformation services in this study.

3. Presentation tier: Workflow modeler was deployed to achieve tasks
of the presentation tier. Using this, the end-users can easily visu-
alize the environment to compose and to deploy the FSSIM scen-
arios. Interactions among various components (in Figure 2.6) are
explained in the next paragraph.

Following the WPS style operation, the FSSIM web service (i.e. OGC
WPS) can be discovered from the SDI catalog (i.e. discovery service).
It can then be invoked by workflow modeler at the presentation
tier. For this, the services tier handles requests and responses
of the FSSIM service. The services tier parses (using parsers in
the 52North WPS platform) geospatial data offered by WFSs. The
parsers manipulate feature objects to prepare input data which are
then passed to the physical tier. The physical tier then changes
the FSSIM states at simulation run-time. In this way, physical tier
provides a communication stack with the services tier. Its main
tasks are to decompose the input data into model parameters and
to handle the FSSIM simulation. Finally, the simulation results are
delivered to a generator at the services tier to generate a response
to the client application at the presentation tier. Like parsers, the
52North WPS platform provides various output data transformers
for turning the result into appropriate format (i.e. for presenting
the FSSIM results).

To find out the optimized resource allocations given the objective
function and decision variables in Section 2.4.1, the implemented frame-
work is tested to run the FSSIM web service in Burkinabé terroirs. To
initialize the FSSIM web service for a terroir location f , the geospatial
download services (i.e. WFSs) are deployed on GeoServer. These agri-
cultural services provide terroir-based data from diverse disciplines to
the FSSIM model inputs. The data are related to the farm, labour, parcel,
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Figure 2.8 Web services providing data (layers) related to the farm, labour,
parcel, price and production inputs of the Farming System Simulator Model
(FSSIM) model (a) – Web services for data (WFSs, Web Feature Services) are linked
to the web service (WPS, Web Processing Service) for the FSSIM model (b) –
Various steps performed by the web service chain composed in the SDI (spatial
data infrastructure) framework for rendering optimal cropland allocation (area)
plans for ‘Yako’ terroir in Burkina Faso (c).
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price and production inputs (Table 2.1). For instance, FSSIM model in-
puts pertaining to labour and production, e.g., labreq(i,aez), yield(f,i,aez),
inputs(f,i,aez) depend on agri-ecological zone aez, crop type i and terroir
f. These geospatial data services are linked to the FSSIM web service
(i.e. WPS on 52North) for assessing farming resources in terroirs. The
service results values of output decision variables which depict optimal
allocations of resources in a terroir.

An extension worker or terroir community can easily link various
agricultural services to the FSSIM web service and can visualize the
optimal solutions for the decision variables. For example, Figure 2.8
shows WFSs of farm, labour, parcel, price and production are linked to
the FSSIM WPS to find an optimal solution of allocating cropland at the
location of ‘Yako’ terroir. The service recommends allocation of 56 ha,
48 ha, and 52 ha for sorghum, millet, and cotton crops respectively.

2.4.3 Adapting the BEFM for regional modeling and upscaling in the
proposed SDI-based framework

In the proposed framework (in Section 2.3), two types of transformations
are identified: schema-related and scale-related. In this implementa-
tion, the transformation operators are mostly used to transform spatial
objects in the thematic attribute space, e.g., spatially aggregating all
household members in a terroir to compute available family labour (i.e.
management data). The scale-related transformations however can be
accomplished through applying spatial statistical models, such as the
models for upscaling crop yield and marginality to regional scale. This
Chapter discusses the prospect for these transformation services to ad-
apt the FSSIM as a wall to wall service in SDI-based framework. However,
scale-related transformations and consequently, the data fitness-for-use
at the model simulation unit, its effect on the model parameterization,
and resulting uncertainty are the issues that need to be further invest-
igated. The issues of spatial data quality, upscaling, and uncertainty
will be investigated in Chapters 3, 4, and 5 of this thesis, in the con-
text of adapting BEFM for regional quantitative models in the SDI-based
framework.

2.5 Conclusions and future work

This study explores how models in agriculture, offered as geospatial web
services, can take benefits of SDI-based frameworks. To do so, it set
out a standard wrapper over a bio-economic farm model to allow it to
be exposed as a web service, following the Model-as-a-Service paradigm.
The study achieves this through the OGC-compliant implementations for
datasets and for the model, and it discusses the prospect for more mature
transformation services, in the context of our services framework. As a
test case for a terroir location in Burkina Faso, the study initializes the
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model inputs/parameters on-the-fly with the orchestration of geospatial
data services.

The study addresses the syntactical, structural and semantic issues
for data and models integration. The syntactical issues can be handled
through deploying standard interfaces and data encoding. The struc-
tural issues can be overcome through defining an integrated conceptual
schema for data and models integration. The integrated schema can be
used to explicate the parametric space of models. The study derives
concepts and classes in the integrated schema from the SEAMLESS onto-
logy. The SEAMLESS ontology is useful to align the semantics between
data and model formalisms in the agricultural domain. The structural
translations (i.e. from a source schema to the integrated schema) can
be provided in the development of transformation operators. Presently,
these operators are deployed at design time in a semi-automated trans-
formation mode. Providing dynamic transformations from source to
target models is challenging.

We conclude that the geospatial web services provide a scalable way
of discovering and linking data and models for integrated assessments.
They support community-wide participation in understanding, develop-
ing and using those resources. Moreover, the geospatial web services
overcome technical and conceptual barriers to support sharing of existing
spatial datasets. Benefiting from SDI technology, the proposed frame-
work has potential for linking spatial scaling to simulation models at
regional scale to deploy wall to wall services. Provision of these services
will enable wider exploitation of existing SDIs to facilitate the integrated
assessments of various farm resources in developing countries.

Presently, it is possible to show results for a single decision variable
(i.e. land allocated (ha) to crop i). Further investigation can provide
efficient visualization tools for presenting results from the BEFM web
service. Moreover, the deployed service requires a usability test and
proper feedback from the extension workers in Burkina Faso. Never-
theless, this prototype implementation is first attempt to make a BEFM
spatially-aware and to integrate it with various SDI services.
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3Modeling crop yield in
West-African rainfed agriculture
using global and local spatial
regression

1This chapter is published as: Imran, M, Zurita-Milla, R, Stein, A. (2013).
Modeling crop yield in West-African rainfed agriculture using global and
local spatial regression. Agronomy Journal:105(4).
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Abstract

Performance of crop yield models is generally evaluated without
testing their ability to capture yield spatial variability over a large
area. Local soil and environmental conditions or management
factors usually cause significant crop yield variability. In West
Africa, landscape heterogeneity and data scarcity pose yet addi-
tional challenges to crop yield modeling. In this study, conditional
autoregression (CAR) and geographical weighted regression (GWR)
were used to better understand spatial patterns in sorghum, mil-
let, and cotton yields in Burkina Faso. A series of SPOT NDVI 1
km2 10-day composite imageries spanning the crop growing sea-
son and observations of rainfall, topography, soil properties, and
labor availability were used as explanatory variables in the CAR
and GWR models. Regression analyses revealed that crop yield was
significantly related to rainfall and topography in the semiarid and
subhumid agroecological zones of Burkina Faso. Soil properties
and labor availability mainly affected sorghum and millet yields in
its semiarid zone. By addressing spatial dependency between crop
yield observations in the two zones, GWR outperformed the CAR
models. For CAR models, R2

a values for the sorghum, millet, and
cotton yields were 0.76, 0.70, and 0.50, respectively, for the semi-
arid zone, and 0.54, 0.32, and 0.30, respectively, for the subhumid
zone. For GWR models, R2

a values were 0.85, 0.70, 0.78, respectively,
for the semiarid zone, and 0.76, 0.67, 0.65, respectively, for the
subhumid zone. Thus, despite limited data availability, GWR can be
used to model the spatial variability of crop yields over large areas
in West Africa.
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3.1 Motivation and outlook

West-African agricultural systems are characterized by large spatial vari-
ability of soil and weather conditions. Farmers cultivate crops in small
fields, often growing multiple crops in the same fields due to the preval-
ence of rainfed subsistence farming. This induces large spatial variation
in crop yields and makes these agricultural systems relatively complex
and highly location-specific (Therond et al., 2011). As a result, farmers
adopt various strategies to increase their crop yields, to secure food
supply and their economic profitability. Research aimed at designing sus-
tainable farming strategies often makes use of bio-economic farm models
(BEFMs), which typically combine methods and data from biophysical and
economic disciplines (Janssen & van Ittersum, 2007). In particular they
use crop models that are usually calibrated at a site-specific level from
more detailed data sets (e.g. point-based or fine resolution). Application
of BEFMs at a regional scale, however, requires adopting approaches
that accommodate sparse amounts data while meeting their calibration
requirements for large heterogeneous areas (Faivre et al., 2004). In this
study we focus on precisely this type of BEFM application to model spa-
tially disaggregated estimates of crop yields in Burkina Faso. Such an
undertaking for West Africa is challenging as it requires modeling crop
yields with high spatial variability, caused by heterogeneous soil, climate,
and management practices (Lambin et al., 1993).

To estimate crop yields at a regional scale, crop-growth simulation
and statistical models (Therond et al., 2011) can be used. Models simulat-
ing crop growth use deterministic and semi-deterministic representations
of biophysical processes (e.g. photosynthesis and leaf area development)
to simulate rates of crop growth at a point-sampling area within a field
or at field scale (Ncube et al., 2009). Such models, for example used
in combination with Geographical Information Systems, require daily
estimation of input values or observations for a range of parameters
pertaining to the vegetation soil energy system. A dense network of
field stations is required to provide the necessary input data. However,
the use of crop simulation models in West Africa has been criticized
because of data scarcity and because only default or average parameters
are available as input values (Therond et al., 2011).

As in many developing countries, statistical crop data have been used
in West Africa to estimate yield of major crops. The statistical data
on crop area, yield, and production are collected during ground-based
field surveys and are typically reported for various administrative units.
Because of high operational costs, ground-based surveys are conducted
for selected representative sites and then only once every several years.
To improve yield estimates, observations are extrapolated for larger
areas (Lambin et al., 1993). Different extrapolation methods may be used
to estimate the impact of specific factors on the observed crop yield,
and to predict crop yields at unsampled locations using the estimated
relations (Prasad et al., 2006; Sharma et al., 2011).
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Derived from remote sensing (RS), various biophysical indicators have
been widely used to monitor crop performance and other vegetation
properties (Dorigo et al., 2007), ultimately resulting in maps that indicate
the presence, acreage or yield of a crop. For West-African countries, the
combination of RS data and statistical methods has produced promising
results in modeling crop yields at the regional scale (Challinor et al., 2009).
Estimated relationships between crop yields and their external covariates
may, however, suffer from spatial and temporal instability (Ozdogan,
2010; de Beurs & Henebry, 2010). Relationships among environmental
factors, crop management practices and crop yields typically vary with
spatial location (Faivre et al., 2004). Standard regression approaches
for modeling these relationships assume stationary conditions, with
mean and variance constant and independent of location (Griffith, 1988).
Geostatistical methods allow spatial variation of crop yield to be modeled.
Performance will be poor, however, if variables exhibit discontinuous
spatial variation (Faivre et al., 2004).

Conditional autoregressive (CAR) models estimate regression coeffi-
cients by incorporating a spatial neighborhood structure when dealing
with first-order spatial dependence (Overmars et al., 2003). Nonetheless,
local dependence between crop yield and explanatory variables may vi-
olate the basic assumption of CAR models, namely that the variance is
stationary in the study area. Geographically weighted regression (GWR)
methods overcome this problem by using a series of distance-related
weights to deal with spatial variation in the relationships between crop
yield and local conditions (Fotheringham et al., 2002). In doing so, GWR
may identify more precisely those local factors that contribute to the
spatial variability of crop yields in a highly heterogeneous landscape
like that of West Africa (Bevan & Conolly, 2009). In this study we set
out to investigate and map the relationship between crop yields and
biophysical properties in Burkina Faso. Vegetation indices derived from
remote sensing images and biophysical properties such as local weather
data, soil characteristics, and labor availability were used as explanatory
variables.

3.2 Study area

The study was conducted using data from farming systems throughout
Burkina Faso, where more than 80% of the country’s population makes
their living from agriculture. Croplands represent 23% of the country’s
total area. Sorghum and millet, the top two staple food crops, are cul-
tivated on 34% and 29%, respectively, of the total area cropped, whereas
cotton, Burkina Faso’s primary cash crop, is cultivated on 13% of cro-
pland (FAO, 2012a). Administratively, the country is divided into 351
districts (Figure 3.1), which together contain some 7000 terroirs, or areas
of land representing a specific combination of biophysical, social, and
economic conditions. Within a terroir, typically farmers adopt common
management practices and agricultural policies on their individual land
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Figure 3.1 The three agroecological zones (AEZs) of Burkina Faso: arid, semi-
arid, and subhumid and the boundaries of the 351 districts of Burkina Faso.
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parcels. In our study, we used the land parcel within a terroir as the unit
for spatial analysis.

The central and northern parts of Burkina Faso are usually subject
to low but varying rainfall (300-950 mm), while higher and more homo-
geneous rainfall (950-1300 mm) occurs in the South (AQUASTAT, 2005).
Elevation varies from 300 to 900 m in the central and northern parts of
the country, as compared to elevations of 900-1300 m in the South (FAO,
2005). Soil characteristics such as texture and structure also vary across
the country. Different rainfall, topography, and soils cause variation
in average crop yields from one location to another. On a sub-Saharan
scale, the HarvestChoice/International Food Policy Research Institute
has defined a number of agroecological zones (AEZs) (HarvestChoice,
2012), three of which apply to Burkina Faso: the tropic-warm / arid and
tropic-warm / semiarid zones found in the central and the northern parts
of the country; and the tropic-warm / subhumid zone occurring in the
southern part of the country (Figure 3.1).

3.3 Materials and methods

3.3.1 Data

In West Africa, estimations of crop yields and cropped acreages are
based on ground surveys. Field surveyors supply Statistiques Agricoles
(AGRISTAT, Burkina Faso) with seasonal crop-specific data for the pre-
defined terroirs (AGRISTAT, 2010). AGRISTAT survey data for the year
2009 were used as a comprehensive database for crop yield modeling in
this study.

For vegetation monitoring and crop yield assessment and forecasting
data, the normalized difference vegetation index (NDVI), a common
indicator for these purposes (Budde et al., 2004), was used. For 2009, a
time-series of SPOT VEGETATION NDVI composite images (S10 product)
was obtained from the VGT4AFRICA project through GEONETCast (JRC,
2006). The quality of SPOT NDVI data is sufficient for small- to large-
scale crop yield mapping in West Africa (Ramankutty, 2004). A total
of 18 images were obtained for the 2009 crop growing season (June to
November).

Data on soil properties, topography, weather conditions, and labor
availability (Figure 3.2) were used as input for biophysical factors. Raster
maps (1 km2) showing soil properties of the topsoil were obtained from
the HarvestChoice database (HarvestChoice, 2012). Elevation and slope
were selected as topographical variables; these data were obtained from
Hydro 1 km Africa datasets (USGS, 2012).

Climatic conditions are important determining factors for sorghum
and millet yields (Graef & Haigis, 2001). The climatic research unit time-
series datasets (CRU TS3.0) for long-term average annual rainfall (mm)
(1901-2006) were obtained from the University of East Anglia (CRUTS,
2006). Rural population density was used as a proxy for labor availability
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Figure 3.2 Explanatory variables: SoilCalc - percentage of area with carbonate
in the topsoil (a); SoilLoam - percentage of area with loam in the topsoil (b);
SoilSand - percentage of area with sand in the topsoil (c); SoilWL - percentage
of area with soil-water holding capacity in the topsoil (d); Slope (degrees) (e);
Elevation (m) (f); RURPD - rural population density (number of people per km2)
(g); Rainfall (mm) (h).
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in Burkinabé terroirs. A raster map of rural population density (i.e.
number of rural inhabitants per square kilometer) based on the 2005
census was obtained from the HarvestChoice database (HarvestChoice,
2012).

3.3.2 Methods

The modeling process comprised three distinct steps: (i) data pre-
processing, (ii) global and local spatial regression to model spatial re-
lationships for estimating crop yield, and (iii) spatial prediction and
validation of crop yields.

3.3.2.1 Data pre-processing

AGRISTAT measures the area (ha) and geographical location of a house-
hold parcel being cropped in a representative terroir and registers the
weight of crop (kg) harvested from the parcel. The total cultivated area
of a crop on a household parcel and the weight of crop were used to
calculate the observed crop yield (kg ha-1) of a representative terroir for
a district. AGRISTAT processes this survey data so that each database
record contains the geographical location of the specific parcel being
observed for its crop yield and the name of the associated representative
terroir. For the georeferenced parcels of 351 terroirs that represent
the entire study area, the observed crop yields for sorghum, millet, and
cotton were used as the response variable.

The observed crop yields were linked to the two major AEZs in the
study area: the tropic-warm / semiarid zone and the tropic-warm /
subhumid zone (Figure 3.1). Observations for the third AEZ, tropic-warm
/ arid, contained less than 1% of the total number of observations and
was therefore not considered in our study. AEZs are typically defined
in terms of relatively homogeneous regions with a specific range of
potentials and constraints for land use. The agricultural field survey
data, however, are typically obtained for the administrative districts. By
relating the agricultural survey data to AEZs, crop responses were linked
to the areas of homogeneous cropping conditions, thus dividing up the
heterogeneous landscape of the study area.

We first applied a Principal Component Analysis (PCA) to the 18
NDVI images for the 2009 crop growing season to reduce the temporal
instability of regression coefficients during the growing season. PCA
tends to obtain the best observation available for each pixel over the
duration of crop growing period (de Beurs & Henebry, 2010). It captures
the maximum variance within an image time-series to represent the
multi-temporal content of the dataset (Hirosawan et al., 1996), which
allowed aligning the image data with maximum crop-canopy cover during
the crop growing period.

Using PCA, we transformed the correlated spectral and temporal
image bands into principal components of the NDVI data, referred to
from here onwards as NDVI PCs. The principal components were used
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Table 3.1 Explanatory variables used to model sorghum, millet, and cotton
yields in Burkina Faso.

Variables Description
NDVI.PC1, NDVI.PC2, NDVI.PC3 first three PCs obtained from 18

SPOT NDVI images covering the crop
growing period.

SoilCalc, % of areaa area with carbonate in surface soil
SoilLoam, % of area area with loam surface soil
SoilSand, % of area area with sand surface soil
SoilWL, % of area area with water holding capacity in

the topsoil
Elevation, m topographic elevation
Slope, degree topographic slope
Rainfall, mm long-term average annual rainfall
RURPD, persons/km2 rural population density
aPercentage of area with soil component in the topsoil (plow layer or
upper 20 cm, whichever was shallower).

to quantify photosynthetic activity of vegetation over the crop growing
season. Observed crop yields per representative terroir were related
to the co-located cell values of NDVI PCs and the explanatory variables
described in Table 3.1.

3.3.2.2 Spatial modeling of crop yields

We carried out two different analyses to model crop yields, each tak-
ing into account the spatial processes represented by the variables in
Table 3.1: (i) spatial regression producing a single global model, and (ii)
geographically weighted regression to produce local models.

Global regression For each AEZ in Burkina Faso, a conditional autore-
gressive model (CAR) was specified and calibrated as a global spatial
model of crop yield (Cliff & Ord, 1981; Wall, 2004). It explicitly
includes recursive, higher-order neighborhood effects, or global
spatial autocorrelation. Its properties are based on the ordinary
linear regression model, expressed as

Y(s) = β◦ +
∑
k
βkXk(s)+ ε(s), (3.1)

where Y(s) is the estimated crop yield at a location s, β◦ is an
intercept, βk are coefficients for the kth explanatory variables Xk(s)
(i.e. values of NDVI, rainfall, soil, topography, and labor at location
s), and ε(s) denotes the random error for location s. The expected
value of Y(s) is E(Y(s)) = μ, where μ is the vector of means
μ(s) = Xβ. CAR models, however, assume that Y(s) depends both
on a set of explanatory variables at a location s and the response
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variable at all other locations. This changes the E(Y(s)) to the
conditional probability density of the response variable at location
s given all other variables(Wall, 2004)

E(Y(s)|Y(−s)) ∼
⎛
⎝μ(s)+ n∑

t=1

Cst(Y(t)− μt), σ 2
s

⎞
⎠ , (3.2)

where Y(−s) = {Y(t) : t ≠ s}, σ 2
s is the conditional variance, and

Cst are weights that determine the relative influence of location s
on location t. In this study, the weights were chosen by a proximity
criterion, which was specified using a neighborhood weight matrix
W , which is subject to a relative graph-based neighborhood. The
graph was composed by connecting the geographical locations of
the observed parcels in the 351 representative terroirs of Burkina
Faso. Two locations s and t were connected by an edge (i.e. Wst =
1) if their districts shared common borders, and Wst = 0 otherwise.

For fixed σ 2
s , we form matrices C = (Cst) and T = diag{σ 2

s } (Cliff
& Ord (1981), p. 170), so

Y ∼ N(μ, (In − C)−1T), (3.3)

Assuming a fixed σ 2
s , Eq 3.2 represents a global model of crop yield

that is spatially stationary, i.e. the relationship between crop yield
and the factors affecting it does not vary in the study area. At a
regional scale in West Africa, however, it may not always hold true
and we need to model local dependence, or the non-stationarity, of
the spatial relationship.

Local regression - Geographically Weighted Regression -
Geographically Weighted Regression (GWR) deals with the non-
stationarity of the spatial relationship. Separate models were es-
tablished for each sampled location and local coefficients were
estimated (Fotheringham et al., 2002). This changes the model in
Eq 3.1 to

Y(s) = β◦(s)+
∑
k
βk(s)Xk(s)+ ε(s), (3.4)

where β◦(s) and βk(s) represent the estimated intercepts and coef-
ficients at a location s, and Xk(s) are explanatory variables. The
model estimates local coefficients from

β̂(s) = (XTW(s)X)−1XTW(s)Y(s), (3.5)

where W(s) is a n×n diagonal matrix of spatial weights specified
by a spatial kernel function. The kernel centers on a sampled
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location s and weights the neighboring sampled locations t subject
to a distance-decay. In our study, Gaussian weighting was used as
the kernel function to specify the spatially weighted matrix:

Wst = exp[−0.5(dst/b)2], (3.6)

where dst is the distance between the sth and tth sampled locations
and b is the kernel bandwidth that measures the distance-decay
in the kernel function. Minimizing of the Akaike’s Information
Criterion (AIC) (Hurvich et al., 1998) was used for GWR as a cri-
terion to determine the effective bandwidth for the kernel as well
as providing a trade-off between goodness-of-fit and degrees of
freedom.

Multicollinearity among the explanatory variables was analyzed
before applying regression models. For this, we first applied the
global regression using all explanatory variables, and crop yields as
response variables. Only those variables that contributed to output
at the minimum probability value (p = 0.1) were retained in the
analysis. Next, variables with a variance inflation factor of 5 or more
were removed from the analysis (Kutner (2005), p. 408). Finally,
the condition indices were computed for the matrix of explanatory
variables (Belsley et al., 1980). The process of excluding variables
was continued until all condition indices were below 30 and all
variables contributed to the output.

Model comparison The properties of global and local crop-yield models
were compared. Moran’s I was used to analyze spatial autocorrela-
tion in the model’s residuals. Use of a regression model for spatial
prediction is only appropriate when the residual errors are approx-
imately independent. Monte Carlo testing was done to check the
significance of the spatial non-stationarity of each GWR parameter
estimate (Fotheringham et al. (2002), p.93). The null hypothesis
of the test was that the surface representing an estimate of a local
parameter arises from a stationary process and that the observed
variation in the local estimate results solely from sampling variation.
Rejection of the null hypothesis would indicate an improvement of
GWR over CAR.

In this study, the R package spdep (Bivand, 2012) was used for
the CAR analysis. It produced an adopted likelihood ratio for the
best model, based on the Nagelkerke pseudo R2 (Nagelkerke (1991),
p.691). For the GWR analysis we used the R package spgwr (Bivand
& Yu, 2012). It produced a global R2, the calculation of which
was based on the local R2 statistic (Fotheringham et al. (2002),
p.215). Consequently, the approximated R2 in CAR and GWR may
not alone be sufficient to identify the best model. We therefore
interpreted the R2

a jointly with the AIC statistic (Fotheringham et
al. (2002), p.61) and the ANOVA F-test. The AIC takes into account
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the different number of degree of freedom in different models, so
that their relative performance can be compared more precisely.
ANOVA tests the improvement of GWR over a global model.

Crop yield spatial prediction and validation Geographically Weighted
Regression (GWR) was applied as a multivariate interpolation tech-
nique to predict crop yields at unsampled locations. For this, GWR
uses the estimated local relationship and cell values of explanatory
grids as

Ŷ = x◦(s)T β̂(s), (3.7)

where x◦(s) is a vector of cell values of explanatory grids at grid
cell. The crop yields were interpolated for a grid cell of 1 km2.

The best models were validated using 10-fold cross-validation. The
AGRISTAT data were randomly divided into 10 groups of approx-
imately equal size. We fitted the CAR and GWR models using 90%
of the data and generated predicted values of the remaining 10%
(10-fold cross-validation). This approach enabled us to generate
predicted values for the test data, independent of training data,
for all crop yield observations. We then calculated the sum of
squared errors (SSE) of prediction (mean over 10-fold) to evaluate
the prediction accuracy of the models.

3.4 Results

3.4.1 Data pre-processing

Figure 3.3 shows the spatial distribution of crop yields (kg ha-1) of
sorghum, millet and cotton aggregated from the AGRISTAT data. These
results represent 153, 229, and 57 terroirs cultivated for sorghum, millet,
and cotton, respectively, in the semiarid zone, and 57, 54, and 38 terroirs
under those crops in the subhumid zone. There is a clear North-South
trend in crop yields across the country. High crop yields are observed in
the subhumid zone of Burkina Faso, with means equal to 1122, 856 and
1276 (kg ha-1) of sorghum, millet and cotton, respectively, as compared
to yields of 901, 763 and 1160 (kg ha-1) for these crops in the semiarid
zone. This indicates that cropping conditions in the southern, subhumid
zone are more favorable than the semiarid and arid zones of the North
and the Northwest of the country.

Using the multi-temporal content of NDVI image series, the first three
NDVI PCs, shown in Figure 3.4, accounted for 94.32% of the variability
in the NDVI values. They explained the maximum reflectance variance
during the crop growing period. The values of the variance inflation
factor are significantly lower (< 5) for the explanatory variables (Table 3.2).
This implies a negligible impact of multicollinearity in the CAR and GWR
models on the precision of estimation.
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Figure 3.3 Spatial distribution of crop yield (kg ha-1) observations in the semiarid
and subhumid agroecological zones: sorghum (a), millet (b), and cotton (c)
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3.4. Results

Figure 3.4 First three principal components (PCs) of 18 NDVI (10-days) com-
posites

3.4.2 Spatial modeling of crop yields

Global regression Table 3.2 shows coefficients of the explanatory vari-
ables of the CAR models. Soil nutrients and water availability
are generally major factors that limit crop yields in the country.
Sorghum is generally grown on moist (occasionally wet) lands, while
millet is cultivated on all remaining, dry land types. The percentage
of area with carbonate, loam, sand, and water holding capacity
in the topsoil proved to be significant in explaining the spatial
variability of crop yields across the study area.

In the semiarid zone, the first principal component, NDVI.PC1, is
positively related to sorghum and cotton yields. As expected, the
percentage of loam in the topsoil has a significant positive rela-
tion with sorghum yield. Conversely, sorghum yield significantly
decreases as the percentage of sand in the topsoil increases, the
result of its decreasing water holding capacity. Higher crop yields
can be observed for both upland sorghum and cotton. Millet yields
are primarily determined by amount of rainfall and the percentage
of carbonate in the topsoil (i.e. stony calcareous soils).

In the subhumid zone, NDVI.PC1 primarily shows a significant
relation with millet and cotton yields, with elevation and slope
variables distinguishing between yields of the two crops: upland
cotton yields are high, whereas high sorghum and millet yields
occur on parcels with relatively steeper slopes. Rainfall is the key
determining factor for sorghum yields. In addition to good water
retention and drainage capacity, soils with a higher percentage of
carbonate in the topsoil provide the best conditions for sorghum
cultivation on steep (30-40%) sloping land.
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Tables 3.2 and 4 show the performance of CAR in dealing with
spatial autocorrelation. Table 3.2 shows that the λ coefficient is
positive and highly significant, indicating a strong spatial autocor-
relation between yield counts at sample points located within each
other’s spatial neighborhood. Applying the relative neighborhood
graph to reflect the spatial neighborhood of crop yield observations
improves the CAR models, as reflected in an increase in R2

a and a
decrease in AIC value (Table 3.4). The results of the CAR models in-
dicate that inclusion of the spatial autoregressive term significantly
improves estimation of coefficients for the models. A high Moran’s
I value of the CAR residuals indicates that the models may suffer
from spatial non-stationarity.

Local regression As local spatial variation can only be partially ex-
plained, the CAR models are apparently not fully able to incor-
porate spatial non-stationarity. This is supported by Monte Carlo
testing, which indicated a significant spatial variation (p = 0.05 to p
< 0.00001) in the local parameter estimates (Table 3.3). As a con-
sequence, GWR models became the focus of attention (Table 3.4).
Rural population density and percentage of loam in the topsoil that
were not significant in the CAR models were highly significant in
the GWR model (Tables 3.2 and 3). For instance, rural population
density was not significant in the semiarid zone, whereas Monte
Carlo testing indicated spatial non-stationarity at the p = 0.001
significance level (Table 3.3). This can also be observed from the
inter-quartile range of the local parameter estimate. The range
(0.12 - 3.84) is larger than ±1 standard deviations of the equivalent
CAR parameters estimate (1.24), being 2× SE in Table 3.2. Simil-
arly, the non-significant soil and topography variables in the CAR
model showed significant spatial variability (p = 0.001) in the GWR
model, as is specifically the case for sorghum in the semiarid and
subhumid zones (Table 3.2).

3.4.3 Model comparison

Comparisons of the models are shown in Table 3.4. Compared with
CAR models, the explanatory power of the GWR models increased for
all crops in both AEZs, with R2

a values equal to 0.85, 0.70 and 0.78 for
sorghum, millet and cotton crops, respectively, in the tropic semiarid
zone, and 0.76, 0.67, and 0.65, respectively, in the tropic subhumid zone.
The ANOVA F -test suggests that GWR gave a significant improvement (p
= 0.001)over the CAR models for the AGRISTAT crop yield observations.
Improvement as presented by R2

a should be interpreted jointly with
the AIC value. It decreased for the GWR model of cotton yield in the
semiarid zone, whereas for the models of millet yield there is a negligible
difference in AIC values between CAR and GWR (i.e. AIC ≤ 3 ). For
sorghum, however, the AIC value is lower for the CAR model. In the
subhumid zone, the decrease in AIC values of GWR models for sorghum,
millet and cotton yield as compared to those of the CAR models is 15,
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3.5. Discussion

4, and 6, respectively. This indicates that, using the same variables,
GWR improved upon CAR after accounting for differences in degrees
of freedom. This is further supported by a decrease in the Moran’s I
values of GWR residuals. The residuals of GWR models showed little or
no spatial autocorrelation, suggesting that the GWR coefficients do not
suffer from local dependence.

3.4.4 Crop yields spatial prediction and validation

Maps of predicted sorghum, millet and cotton yields in the tropic semi-
arid and subhumid zones are presented in Figures 3.5.

Local R2 values for all crops in both AEZs were mapped to mark
the areas where GWR resulted in a non-significant local relationship
(Figure 3.6). Consequently, the predicted crop yields for those areas
have lower levels of accuracy and should be interpreted with care. In
the semiarid zone, the local R2 values ranged from 0.36 to 0.76 for the
sorghum yield model, from 0.18 to 0.74 for the millet yield model, and
from 0.1 to 0.88 for the cotton yield model. In the subhumid zone, they
ranged from 0.1 to 0.86 for the sorghum model, from 0.2 to 0.79 for
the millet model and from 0.1 to 0.77 for the cotton model. Low R2

values may point to insufficient samples in a particular area or missing
significant explanatory variables in local models. This may affect the
quality of crop yield estimates in such areas.

The results of the 10-fold cross-validation are provided in Table 3.4.
Comparison of the SSE values for the model predictions based on this
cross-validation show that GWR provides a more accurate model for
predicting crop yields in the study area. This is further supported by
visual interpretation of maps of predicted yields and a comparison with
the AGRISTAT observed crop yields in Figure 3.3. Clearly, local patterns
of AGRISTAT sampled crop yields are reflected in the GWR maps.

3.5 Discussion

This study deals with nation-wide assessment of crop-yield relationship.
Because of the high spatial variability of agroecological conditions in
Burkina Faso, particularly in its semiarid zone, we designed a multilevel
spatial stratification procedure based on criteria related to crop acreage
and/or crop yield. As a concrete step, we linked AGRISTAT data collected
from representative terroirs to the semiarid and subhumid agroecological
zones (AEZs). This stratification together with the use of GWR resulted
in a significant improvement over commonly applied CAR models to
identify local patterns of crop yield.

Our study confirms that topography affects crop performance in
Burkina Faso, under both low and high rainfall conditions (West et al.,
2008). In the semiarid zone, central and northern Sahelian farmers tend
to abandon marginal uplands and elevated borders of lowland fields,
because these land types perform poorly in the low rainfall conditions.
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Figure 3.5 Crop yield (kg ha-1) maps from the conditional autoregressive (CAR)
model (left) and the geographical weighted regression (GWR) model (right) of
sorghum (a), millet (b), and cotton (c); Semiarid zone (i) and Subhumid zone (ii)
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Figure 3.6 Local R2 values from the geographical weighted regression (GWR)
model of crop yield: sorghum (a), millet (b), and cotton (c)
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In these areas, we observed higher sorghum yields as loam content in
soils increased, whereas high millet yields occurred on calcareous soils,
for which carbonate concentrations and water holding capacities are
higher. In the eastern subhumid zone, lowland fields with steeper slopes
are often flooded due to run-off to and from neighboring lands. In
these lowlands, we observed increasing yields of sorghum and millet
with increase in slope, whereas high cotton yields were observed on wet
uplands in the western subhumid zone.

The study also shows the effect of weather conditions. Spatial variab-
ility of rainfall is high in the semiarid zone. Consequently, agroclimatic
conditions vary more rapidly in this zone as compared to the subhumid
zone. To cope with this high variability, farming practices vary consid-
erably in the semiarid zone. Frequent application of semi-permanent
planting basins such as zai by farmers in the semiarid zone and residue
management to reduce losses of soil and water are, however, labor
intensive components in subsistence farming (Lal, 1991).

Data on labor availability were not available on a national scale. With
the aim in mind of being able to extend the models used for Burkina
Faso to other West African countries, we chose to use rural population
density as a proxy variable for labor availability, the assumption being
that labor availability is positively related to the density of the rural
population. Using this proxy, the study shows that in the semiarid zone,
rural population density is a significant factor in explaining the variability
of millet and sorghum yields.

Two properties of spatial data, spatial non-stationarity (Fotheringham
et al., 2002) and multicollinearity (Wheeler & Tiefelsdorf, 2005) require
careful use of diagnostic parameters before applying GWR. Monte Carlo
significance testing for spatial non-stationarity confirmed that the spatial
covariates varied in the study area. We realized that the selection of
an appropriate GWR kernel bandwidth is vital for the calibration of the
spatially varying relationship between crop yields and factors affecting
crop yields. Minimizing values of both the AIC criterion and the spatial
autocorrelation of GWR residuals showed that the adaptive bandwidth in
GWR is effective and that the local relationship is reliable. It was found
that Moran’s I statistics on the residuals from GWR were significantly
reduced. A high degree of multicollinearity tends to inflate the variance
of predicted values in a regression analysis, particularly in GWR. By
applying a PCA to the NDVI image series we were able to eliminate local
multicollinearity between consecutive image bands. Analysis of variance
of inflation factors confirmed that the correlations between the principal
components of NDVI and other spatial covariates were not significant.

Data are irregularly distributed in the study area. For instance, as
the northern and eastern parts of the semiarid zone lack appropriate
growing conditions for cotton, cotton samples are unevenly distributed.
As a result, predicted cotton yields in these parts disagreed with the
AGRISTAT data. In particular, in the eastern part of the zone, comparat-
ively less significant local models of cotton yields (i.e. lower values of
local R2)) were observed and, consequently, cotton yield predictions were
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poor in this part. Interestingly, the CAR model performed comparatively
better than the GWR model in such poorly sampled areas.

Also, crop-specific high-resolution land cover and land-use maps
were missing for the study area. Those would be useful for accurately
delineating areas where crops are actually grown. This lack may result
in uncertainty when estimating local crop yield relations in parcels on
which mixed cropping is practiced. Additional explanatory variables
may further be obtained from cultural or socioeconomic characteristics,
investment capacity or policy factors. For Sahelian terroirs in the North,
lower values of local R2 already show less significant local models for
millet yields (see Figure 3.6b). This may in turn result in poor millet-yield
prediction in the area.

The NDVI time series data are often used for regional crop monitor-
ing purposes since this index can capture variations of canopy cover,
especially in semiarid areas (Budde et al., 2004). However, the non-
linear behavior of this and other vegetation indices has been widely
demonstrated in the literature (Dorigo et al., 2007). NDVI might there-
fore be more sensitive to differences in background soil contamination
that to biophysical parameters such as canopy cover or the amount of
chlorophyll present in the canopy. To cope with this, we included in
our analysis inputs that account for color, texture, or moisture related
differences in soil reflectance (Huete & Tucker., 1991). The maps of soil
types (e.g. clay, sand, calcareous) and topography have the same spatial
resolution as SPOT NDVI (i.e. 1 km). Future study might address the
sensitivity to the variation of brightness contrast between vegetation and
soil background, or the use of alternative vegetation indices that are less
influenced by confounding factors.

An important motivation for this study was to model crop yields for
a BEFM application over large areas in West Africa. By using the spatially
varying parameters within a GWR, we were able to reliably predict crop
yields for a regular grid with a cell size of 1 km2. In this way, several
spatial and temporal instabilities could be overcome in the quantitative
analysis of crop yields at regional scales. The study demonstrates the
clear advantage of GWR for obtaining a wall-to-wall spatial coverage
for generating maps of relatively large areas. Further extension of this
approach to the whole of West Africa remains challenging, however.

3.6 Conclusions

Crop yield modeling at a regional scale in West Africa is challenging be-
cause of (i) complex nonlinear and locally variable relationships between
crop yields and factors affecting crop yields, and (ii) lack of sufficient
data. Remote sensing provides timely and synoptic coverage, while na-
tional statistical databases, such as AGRISTAT in Burkina Faso, provide
field observations of crop yields for selected georeferenced locations.
We tested the use of global CAR and local GWR models to account for
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spatial dependency and local variability of millet, sorghum, and cotton
yields in the semiarid and subhumid zones of Burkina Faso.

The results showed that modeling crop yields over the highly hetero-
geneous landscape of Burkina Faso require d incorporating the spatial
variability of rainfall, topography, labor availability, and selected soil
properties, including carbonate, loam and sand content, and water hold-
ing capacity. By applying spatial regression models, we observed that the
SPOT NDVI, elevation, slope, and rainfall significantly affected crop yield
spatial variability in both the semiarid and subhumid zones. In the semi-
arid zone, soil properties and labor availability also influenced sorghum
and millet yields. For terroirs with higher values of these variables, we
observed a significant increase in sorghum yield, to a maximum of 350
kg ha-1, and an increase in millet yield, to a maximum of 275 kg ha-1. In
the subhumid zone, the maximum increase in cotton yield was 210 kg
ha-1, on the Southwest uplands; the maximum increase in millet yield
was 275 kg ha-1, on downstream terroirs with steeper slopes; and the
maximum increase in sorghum yield was equal to 200 kg ha-1, on areas
having a higher frequency of rainfall and carbonate content in the soil.

More spatial variability of crop yields was observed with local models,
showing that the effect of explanatory variables was highly localized
in the study area. Monte Carlo analysis further confirmed the spatial
variability of the observed relationships. Thus, accounting for spatial
non-stationarity was essential for improving the quality of crop yield
predictions in Burkina Faso.

By incorporating the extent of the spatial non-stationarity into the
relations, GWR gave higher R2 values than the CAR models. Thus, the
improvement of the GWR model over the CAR model suggested that
the spatial covariates varied spatially in their effects across Burkinabé
terroirs. However, we observed that CAR models performed better than
GWR models in areas with less than adequate crop yield observations.
All the same, GWR models for areas with a low local R2value could be
improved further by including land cover maps showing cropping areas
on grid cells.

Geographically weighted regression (GWR) models can be calibrated
to generate timely and accurate crop yield maps in Burkina Faso. Such
maps can subsequently be used to build spatial decision-support systems,
to map net primary production, or to parameterize bio-economic farm
models.

66



4Using Geographical Weighted
Regression Kriging for crop yield
mapping in West-Africa

1This chapter is revised and resubmitted in the International Journal of
Geographic Information Science for publication as “Using geographically
weighted regression kriging for crop yield mapping in West-Africa”
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Abstract

Predicting crop yields on large regional areas increasingly allows
running wall-to-wall applications of agricultural decision-making
and food security. Empirical approaches apply regression models,
relating environmental and management factors to observed crop
yields, followed by using the estimated relations to predict yields
at unvisited locations. Observed crop yields are, however, spatially
dependent and, assumptions in those approaches may not be always
satisfied in modelling crop yield on a regional scale. This paper
presents Geographically Weighted Regression Kriging (GWRK) as a
novel approach that combines geographically weighted regression
(GWR) with kriging. GWRK is applied on sorghum crop yield in
Burkina Faso. The regression is calibrated using the crop yield data
derived from subnational surveys. Crop yields are related to the
crop biophysical conditions derived from the SPOT 4 NDVI data,
precipitation, and topographic grids and, to local crop management
factors. Ordinary kriging predicted the GWR residuals at unvisited
grid cells. GWRK improved estimates of uncertainty for the sorghum
yield predictions, reducing the lower uncertainty range value with
20%, and the upper uncertainty range value with 40%. Moreover,
GWRK reduced the prediction error variance as compared to ordin-
ary kriging (20.4 versus 36.8) and to regression kriging (20.4 versus
34.1). Results indicate that climate and topography have a major
impact on the sorghum yield in Burkina Faso. The financial ability
of farmers influences the crop management and thus the sorghum
crop yield. The paper concludes that GWRK effectively utilized in-
formation present in the external covariate datasets, improving the
accuracy of sorghum yield predictions.
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4.1 Introduction

Sustainable farming strategies aim at maintaining yield levels while pro-
tecting the environment. They benefit from technologies for increased
crop production, thus achieving food security and economic profitab-
ility. To accomplish this, bio-economic farm models (BEFMs) were de-
veloped (van Ittersum et al., 2008). BEFMs can optimize agricultural
farm responses by means of simultaneously assessing the plethora of
factors of sustainable farming and the resulting trade-offs among the
bio-physical, economic, and socioeconomic goals. Commonly BEFMs are
used as a site-specific application on which all input datasets have been
prepared beforehand for a particular farm or village. This contrasts to a
wall-to-wall application, for which no specific site has yet been identified,
and the model is applied to any site in sub-regions of a large region.
Providing crop yield estimates for a wall-to-wall application of BEFM is
challenging, as it requires timely and accurate mapping of crop yields
over large-areas, considering local factors of crop yields (Vossen, 1999).
Large-area crop models and GIS databases are indispensable to map
crop yields at national and regional scales. For this, often empirical
models are used with low input data requirements, thus avoiding site
specificity (de Wit et al., 2008). GIS databases developed from national
surveys and other global datasets allow deriving external covariate data-
sets that determine location-specific factors of crop yields. The accuracy
of the empirical relations and of the covariate datasets leverages the
accuracy of crop yield mapping and, increases the efficiency of wall-to-
wall applications. Despite this, analyzing, quantifying, and reducing
the uncertainties have so far received little attention in the course of
developing and reporting empirical models of crop yield prediction.

Uncertainty in prediction models is hardly avoidable because the pre-
diction of an unsampled location is always associated with error. Specific-
ally in crop yield mapping, a number of environmental and management
factors makes yields highly variable in space. Failure to incorporate such
high spatial variability contributes to the uncertainty ranges of crop yield
models. In recent studies, crop yield assessments observed inaccuracies,
when crop models were applied at the national and regional scales (Re-
idsma et al., 2007b; Challinor et al., 2009). These studies further observed
that inaccuracies primarily resulted from the inability of the models to
utilize information present in environmental and management datasets.
Other studies observed that such inaccuracies resulted not only from the
quality of the models itself, but also from quality of acquisition methods
of the input covariate datasets (Faivre et al., 2004). Moreover, ignoring
completely the covariates determining spatial variability of crop yields
has been considered a major reason of unsatisfactory performance of
crop models at regional scales (Reidsma et al., 2007a). This is particularly
true in data scarce regions where limitations in data quality and data
quantity make the quantitative assessment of the models difficult.

Geostatistical methods, e.g. kriging, allow one to create gridded
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yield maps, by interpolating observed crop yields based upon the vari-
ogram (Faivre et al., 2004; Castoldi et al., 2009). Kriging predicts a target
variable by taking into account the spatial dependence between data, and
the kriged estimate at each unsampled location includes the standard
deviation of the prediction error. Ordinary kriging (OK) considers the spa-
tial configuration of observed data (Lloyd, 2011), whereas co-kriging and
regression kriging (RK) provide ways to incorporate the variability in the
external covariate datasets into the kriged predictions (Papritz & Stein,
1999). RK allows the variance to vary in space by fitting a trend for the
external covariate datasets with multiple linear regression (MLR) (Diggle
et al., 1998).

For large regional areas, however, global variograms may not incorpor-
ate effectively the spatial variability. To deal with this, the nonstationary
kriging methods stratify the space and use local variogram models for
each stratum (Stein et al., 1988; Harris et al., 2010a; Lloyd, 2011). Spa-
tial regression methods like geographically weighted regression (GWR)
use kernel functions to weigh both observations and covariate datasets
directly at each calibration point (Fotheringham et al., 2002). Here we
use a novel approach to model crop yields that applies GWR in the RK
framework. Such a hybrid GWRK predicts an attribute at unsampled loca-
tions by modelling the locally varying trend using covariates of observed
attribute. It then applies kriging to predict regression residuals.

This study focuses on yield mapping in West Africa. Here, sorghum
and millet comprise the staple cereal of people living in the drought-
prone tropical regions (Maunder, 2002). In Burkina Faso, sorghum is the
major cereal for food consumption i.e. 34% of all cereals (FAO, 1998).
The Famine Early Warning System Network (FEWSNET, 2012) monitors
yields of cereal crops countrywide, including the sorghum to mitigate
food crises.

The main objective of this study is to model sorghum crop yield and
its uncertainty at a regional scale in West African cropping system, using
the crop yield observations obtained from countrywide georeferenced
surveys. The study is applied to Burkina Faso that has relatively high
spatial variability of sorghum crop yields due to strong variation of
environment. We explored the use of GWRK to model the sorghum crop
yield and compared it with other geostatistical methods.

4.2 Materials and methods

4.2.1 Study area

Burkina Faso has dominant rainfed agriculture. Spatial variability of
climate in the country is characterized by a strong North-South annual
rainfall gradient. The average annual rainfall decreases 1 mm per km and,
besides this latitudinal trend, a difference of 200− 300 mm may occur
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in any direction within a radius of only 100km (Graef & Haigis, 2001).
Rainfall occurs during the 3−5 summer months, with half the rainy days
occurring in July and August (Graef & Haigis, 2001). Crops are grown
during the rainy season. Periodic droughts and strong spatial rainfall and
land variability restrain the farmers to adapt agricultural management
strategies at the local level than at the national level (West et al., 2008).
The farmers apply those strategies commonly on their individual farm
lands in a farmer’s community, the so-called ‘terroirs’. A terroir is the
basic unit of communal agricultural management and, it is led by a tradi-
tional chief. The next administrative level is the district. Conventional
subsistence or small-scale farming is the mainstay agricultural activity
in Burkina Faso, covering approximately 85% of cultivated lands (UNCCD,
2000). This type of farming is typically associated with a low level of
inputs, low financial ability of farmers, manual labor, local cultivars,
little or no fertilization, no crop protection, and small-area farms run by
households and having less accessibility to markets. Sorghum is typically
grown in subsistence farming.

4.2.2 Crop yield sampling and analysis

Crop yield data were collected from the Statistiques Agricoles (AGRISTAT)
Burkina Faso (AGRISTAT, 2010). AGRISTAT compiles household survey
data for representative terroirs in order to reduce the operational costs.
AGRISTAT measures the areas and the geographical locations of the
household parcels, and gets the weight (kg) of the sorghum grains from
all those measured parcels in a representative terroir. In this study, the
AGRISTAT (georeferenced) household surveys for the year 2009 were
used to obtain observed sorghum crop yield (kg ha-1) per representative
terroir, providing a total of 221 observations in the country.

Inadequacy in the configuration of observation sites contributes to
erroneous assessment of the relations between observations and external
covariate datasets (Challinor et al., 2009). A factor that may contribute to
this uncertainty is the spatial clustering of the input data and it is usually
assumed that the representative terroir locations are not significantly
clustered. To test the assumption, we compared its pattern with Com-
plete Spatial Randomness (CSR) (Cressie, 1991; Diggle, 2003; Baddeley &
Turner, 2005). CSR measures the distribution of the distances from an
arbitrary representative terroir to its nearest neighbor. The theoretical
mean value of the nearest neighbor distance function G(r) was obtained
by computing the mean of 100 simulated values. Simulation envelopes
were derived by computing the maximum absolute difference between
the simulated and theoretical curves. The second assumption to be
tested is that the yields are normally distributed. A Kolmogorov–Smirnov
(K–S) two-side testing was used to test for difference in shape between
the distribution of the observed yields and the normal distribution. The
null hypothesis is that the two distributions do not differ.
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4.2.3 Preparing external covariates of crop yield

Crop yields are primarily influenced by local climate, land characteristics,
and the levels of inputs and management applied to the land. The
following external covariate datasets were used to model the sorghum
crop yield: Remote sensed-based vegetation indices, rainfall, topography,
rural population density, poverty head count ratio, and market access.

The Normalized Difference Vegetation Index (NDVI) is a RS-based
vegetation index, calculated as: NDVI = (NIR−R)/(NIR+R), where NIR
is the spectral reflectance in the near-infrared where top-of-the-canopy
reflectance is dominant, and R is the reflectance in the red portion of the
spectrum where chlorophyll absorbs strongly (Dorigo et al., 2007). NDVI
was used as a biophysical indicator of the vegetation productivity during
the sorghum growing season. NDVI data were obtained from the SPOT
4 Vegetation (VGT) satellite images. We used a georeferenced temporal
series of 10-day SPOT VGT NDVI composites with a spatial resolution
of 1 km2. These products are a combination of daily atmospherically
corrected data of all vegetation measurements of the given decade into
a single image, using the maximum value composite algorithm. In total
18 images were obtained for the sorghum growing season from June
2009 to November 2009. A factor analysis was performed to obtain the
standardized principal components of NDVI (NDVI.PCs), to reduce the
dimensionality of data and to remove multicollinearity.

Climatic conditions are important determining factors for sorghum
crop yield (Graef & Haigis, 2001). The Tropical Applications of Met-
eorology using Satellite (TAMSAT) merges the satellite data with rain
gauges observations to derive rainfall estimates over the African region.
The TAMSAT rainfall estimates have been validated for West Africa and
the Sahel region using a dense rain gauge network covering area of 1◦
square (Grimes et al., 1999). For 10-day TAMSAT rainfall estimates, 85%
of the estimated and measured values agree to within 1 standard error
for 1◦ square. We obtained 10-day TAMSAT rainfall data for the year
2009. To reduce the data dimensionality, a factor analysis was performed
to obtain the principal components of rainfall time series (PREC.PCs).

Topography affects the crop performance, in both low and high
rainfall conditions (West et al., 2008). For instance, Central and Northern
Sahelian farmers mostly abandon the marginal uplands and elevated
borders of lowland fields, because those land types perform poorly in low
rainfall conditions. Similarly, in the regions of higher rainfall conditions
towards Southern Burkina Faso, the lowland fields are prone to get
flooded, due to run-off to from neighboring lands. Elevation was selected
as a topographical variable. Elevation data (ELEV) were obtained from
Hydro 1 km Africa datasets, developed at the US Geological Survey (USGS)
Earth Resources Observation Systems Data Center (http://eros.usgs.gov).

Extensive data on characteristics of individual farms are used to
relate location-specific management data and crop yields. For instance,
(Reidsma et al., 2007a) using the Farm Accountancy Data Network (FADN)
data observed that levels of inputs and capital intensity of farmers
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influenced wheat yields at the European scale. Such extensive data
were not available in Burkina Faso. To access management applied to
terroirs, we therefore used regional grids of socioeconomic data as proxy
indicators, which are explained below.

Financial ability of farmers influences input intensity e.g., fertilization
use, pest control use, and use of improved crop cultivars. In subsist-
ence farming, the levels of inputs may be marginalized depending on
where the population is living. In areas where a larger population is
living below poverty farmers may have less capital to invest in improved
levels of inputs. A commonly used metric is the poverty head count
ratio (PHCR), being the percentage of the population living below the
established poverty line. We used the 1.25 poverty line i.e. less than 1.25
US dollar purchasing power parity (PPP) per day. For this, the gridded
data of sub-national PHCR (1 km2) were obtained from HarvestChoice
(http://harvestchoice.org), expressed in 2005 international equivalent
PPP dollars.

Availability of labor in a terroir is a crop management factor in subsist-
ence farming. Depending on labor availability, the farmers use intensive
land management to increase yields per hectare of cropped area (West
et al., 2008). We used rural population density as proxy for labor availab-
ility. Rural population density (RURP) i.e. number of rural people per km2

(2005) were obtained from HarvestChoice (http://harvestchoice.org/).
Accessibility to markets is a reliable estimator of crop areas at a

regional scale (Ramankutty, 2004). Crop areas can be used as proxy to
determine capital intensity of farms (Reidsma et al., 2007a). Low capital
intensity prohibit farmers of remote terroirs to transport their crops
to the market, or modern inputs back to their farms (Fortanier, 2006).
Larger crop areas were expected close to markets, having more capital
available for investments in new technologies. Market access (MARK) was
calculated based on the map of major markets of Burkina Faso, obtained
from FEWS NET (FEWSNET, 2012). A simple model was applied based on
the distance of a terroirs to its nearest markets. The obtained gridded
dataset has a cell size equal to 1 km2.

4.2.4 Statistical Analysis

The first step in the statistical analysis is the definition of a regularly
spaced grid covering the study area with a cell size equal to 1 km2. We
define our spatial model to predict crop yield at visited and unvisited
grid cells using the values of the covariates, as

Y(s) = f(NDVI.PC(s), PERC(s), ELEV(s), RURP(s), PHCR(s)
MARK(s))+H(s) (4.1)

where the notation Y(s) represents the sorghum yield at a location
s that is modelled in two components: a trend function f, and the
model error H(s) denoting a small-scale fluctuations around f with vari-
ance VAR{H(s)}. The function f determines the overall influence of

73



4. Using Geographical Weighted Regression Kriging for crop yield mapping in
West-Africa

NDVI.PC(s), PERC(s), ELEV(s), RURP(s), PHCR(s),MARK(s) covari-
ates, following the notations in the previous Section. It was modeled as
a linear function using MLR and GWR, when applying MLRK and GWRK,
respectively.

4.2.4.1 MLR and GWR

MLR and GWR were applied to model the sorghum yield trend. The
coefficients of these regression models were applied next to predict the
yield at unvisited locations using the grid cell values of the covariates at
those locations.

MLR assumes that H(s) is a stationary random field with E{H(s)} = 0
and VAR{H(s)} = G, where the elements of the n×n diagonal matrix
G reflect a pure nugget variance i.e. zero spatial autocorrelation, with
G = σ 2I. In the case of MLR, the regression coefficients are estimated as
β̂MLR = CMLRY , where CMLR = (XTX)−1XT , and X being the matrix with
covariates (Chambers & Hastie, 1992). The MLR prediction at s is

ŶMLR(s) = x◦(s)T β̂MLR (4.2)

where x◦(s) is a vector of covariates at a grid cell s. The MLR prediction
error variance at s is estimated as

VAR[ŶMLR(s)− Y(s)] = [1+ x◦(s)T (XTX)−1x◦(s)]σ̂ 2
MLR (4.3)

where σ̂ 2
MLR = RSS/(n − np), RSS is the residual sum of squares, and

the denominator term is known as effective degrees of freedom of the
residual, and np is equivalent to the number of parameters in a global
linear model.

Similar to MLR, also GWR assumes that H(s) is a stationary random
field. GWR parameters are estimated locally at all observed locations,
as β̂GWR(s) = CGWRY(s), where CGWR = (XTW(s)X)−1XTW(s) (Fother-
ingham et al. (2002), pp. 55). Here, W(s) is a n×n diagonal matrix of
spatial weights. The weighting matrix is specified by means of a kernel
function. We used a Gaussian function as the kernel function to specify
a weighting matrix considering the neighboring terroir locations,

Wst = exp[−0.5(dst/b)2] (4.4)

where b is a (non-negative) kernel bandwidth, and dst are the distances
between s and neighboring terroir locations t. The weighting will be
small for terroir locations far from s, excluding these observations from
parameter estimation at location s.

The GWR estimated local relations were then used to predict the crop
yield at unvisited locations as

ŶGWR(s) = x◦(s)T β̂GWR(s), (4.5)
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with the GWR prediction error variance at s (Leung et al., 2000) as,

VAR[ŶGWR(s)− Y(s)] = [1+x◦(s)T (CGWRCTGWR)x◦(s)]σ̂ 2
GWR (4.6)

where np in the above expression of σ̂ 2
MLR , can be termed as the effective

number of parameters in the expression of σ̂ 2
GWR for GWR model.

4.2.4.2 OK and KED

OK allows to predict a spatially dependent attribute, using a variogram
that relates the autocorrelation to the separation distance between two
sample locations. OK was used to interpolate observed crop yields and
also the residuals from MLR and GWR. The OK kriging predicts crop
yield at an unvisited location s (Cressie (1991), pp. 119) as

Ŷ (s) =
n∑
s=1

Ws.Y(si),
n∑
s=1

Ws = 1 (4.7)

Here,Ws is the weight assigned to each of the observed crop yields and, is
yet unknown. The condition that the sum of weights is equal to 1, makes
the VAR[ŶOK(s)− Y(s)] minimal among all linear unbiased predictors.

When applying OK, we can write VAR{H(s)} = G′, where G′ is a
n×n matrix, whose elements are found from variogram γ(h) and reflect
covariances of the sample locations. The variogram model used in this
study was the spherical model:

γ(h) =
{

0 if h = 0

C0 + C1.[3h
2a − 1

2(
h
a)

3] if 0 ≤ h ≤ a
}

(4.8)

where C0 is small-scale nugget variance, C1 is large-scale structural
variance, and a is the correlation range.

The spatial covariances between the values at the prediction and the
sample locations are contained in the vector σ ′. The unbiased predictor
with minimal variance of the prediction error is given by

Ŷ (s) = x◦(s)T β̂GLS + σ ′TG′−1(Y −Xβ̂GLS), (4.9)

where the trend parameters β̂ are estimated from generalized least
squares (GLS) as, β̂GLS = (XTG′−1X)−1XTG′−1Y . In the case of OK, X
consists of a vector with values 1 only, whereas for KED it extends
with an additional column of the values of the external covariates. The
prediction error variance for KED is

VAR[Ŷ (s)− Y(s)] = {σ̂ 2 − σ ′TG′−1σ ′}
+ (x◦(s)−XTG′−1σ ′)T .(XTG′−1X)−1

× (x◦(s)−XTG′−1σ ′) (4.10)
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where σ̂ 2 is the estimate of the residual variogram sill C0 + C1. Again,
the OK prediction error variance is obtained on setting a constant trend
in (Eq 4.10) (see for details, Papritz & Stein (1999), pp. 95–98).

4.2.4.3 MLRK and GWRK

An explicit solution of (Eq 4.9) and (Eq 4.10) is regression kriging (RK),
which combines a separately fitted regression on external covariates
with kriging of the regression residuals (Diggle et al., 1998). (Chilès &
Delfiner, 1999), and (Rivoirard, 2002) showed that both KED and RK
are mathematically equivalent and give the same predictions and error
estimates if a global neighborhood is specified. RK however allows to
specify a local, nonparametric, and nonlinear trend component (Harris
et al., 2010b). Here we specified both MLR and GWR, to fit a model in
MLRK and GWRK, respectively. In the both cases VAR{H(x)} includes
the covariance between point pair observations. This allows including
nonzero spatial autocorrelation of the regression residuals. The proced-
ure we followed was that first variograms of the regression residuals
from MLR and GWR were determined, followed by ordinary kriging (OK)
of the regression residuals towards the unvisited grid cells. The interpol-
ated residuals were then added to the respective predicted drift surfaces.
The MLRK prediction was then derived as,

ŶMLRK(s) = x◦(s)T β̂MLR(s)+ ĤOK(s), (4.11)

and, the GWRK prediction as,

ŶGWRK(s) = x◦(s)T β̂GWR(s)+ ĤOK(s), (4.12)

In this way both heteroskedasticity of the external trend using the
covariates and spatial dependency of residuals were included and com-
pared. Note that ŶGWRK(s) = ŶGWR(s), if the GWR residual variogram
is determined as a pure nugget variogram. The additive relationship of
predictions from (Eq 4.11) and (Eq 4.12) continues to prediction vari-
ances as well. Hence, the MLR prediction variance (Eq 4.3) and the GWR
prediction variance (Eq 4.6) were added to the OK prediction error of
residuals at s (derived from Eq 4.10), respectively to obtain the MLRK
and GWRK prediction error variances at s.

4.2.5 Multicollinearity analysis

The variance inflation factor (VIF) was applied to analyze multicollinearity
between explanatory variables (Kutner (2005), p. 408). A tolerance
value between (0− 1) determines the acceptable level of multicollinearity
between two variables. A tolerance value above 0.4 is recommended, but
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since some correlation between variables, especially between NDVI and
rainfall, may occur, we choose a tolerance level of 0.2. The full analysis
then comes down to the following:

1 For the factor analysis of NDVI and TAMSAT series, a minimum
tolerance level of 0.6 was applied.

2 A matrix scatter plot was used to visualize mutual relationships
between response and explanatory variables.

3 MLR was applied, and all non-significant variables were dropped
from the analysis.

4 Variables with a VIF value greater than 5 were omitted from the
analysis.

4.2.6 Validation

Cross validation was used to compare predicted and observed values.
Cross validation omits part of the observations for validation and in-
terpolates the remaining dataset towards the locations of the omitted
data, followed by minimizing the RMSE between the predicted data with
the omitted data. Cross validation was also used to calibrate the kernel
bandwidth in GWR (Fotheringham et al. (2002), pp. 212), and to compare
the accurate variogram model and kriging type (Pebesma, 2004). Using
cross validation of kriged residuals from MLR and GWR, the prediction
accuracy of MLRK and GWRK was compared, by computing the frequency
distribution of z-score, variance explained, mean error (ME), and root
mean square error (RMSE). Variograms were re-calculated for the pre-
dicted sorghum crop yield values at the sample location, from OK, KED,
MLRK, and GWRK, and were compared to that of OK interpolation set (i.e.
from sorghum crop yield observation data).

To compare MLR and GWR, we used common accuracy and precision
statistics such as the residual sum of square (RSS), the standard error
of the estimate (SE), the Akaike Information criterion (AIC), ANOVA, and
Monte Carlo test (Fotheringham et al. (2002), pp. 212–216). ANOVA tests
the null hypothesis that GWR model represents no improvement over
a global model. Monte Carlo test tests the significance of the spatial
variability in the local parameter estimates.

The GWRK model was compared with other kriging models, including
OK, KED, and MLRK models. The mean absolute error (MAE) and mean
square error (MSE) were used as comparison criteria between predicted
and actual values, which define their optimality. They were calculated as:

MAE =

∑
n
|Ŷ (s)− Ŷm(s)|

n
(4.13)
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Figure 4.1 Observed sorghum yield (kg ha-1) for year 2009 in the study area (a)
– Comparison of the confidence bands for G function theoretical and observed
distributions in complete spatial randomness (CSR) (b) – Q-Q plot comparing the
observed sorghum yield (horizontal axis) to the yields form projected normal
distribution with the standard deviation and mean values of observed sorghum
crop yield (vertical axis) (c).
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and,

MSE =

∑
n
(Ŷ (s)− Ŷm(s))2

n
(4.14)

where Ŷ (s) are the prediction values and Ŷm(s) are the mean values and
n is the length of the grid cells.

The MAE gives the local accuracy (unbiasedness) and the MSE the
prediction accuracy (minimum error).

The R package spgwr (Bivand et al., 2008) was used to perform GWR,
and the R package gstat (Pebesma, 2004) to automatically fit the vari-
ograms and to perform the kriging of GWR residuals. In geostatistical
applications, spatial predictions that involve change of support generally
cause over- or under-estimation. To deal with this, the entire mapping
procedure was carried out by applying block kriging on 1 km2 grid cell.
This size is equal to the grid cell size of explanatory data sets and also,
to the crop yield prediction support.

4.3 Results

4.3.1 Statistical analysis

Fig 4.1(a) shows spatial distribution of the observed sorghum crop yields
(kg ha-1) in Burkina Faso. The mean observed sorghum yield (961 kg ha-1)
in 2009 is slightly less than the 10 years (2000–2009) county average
yield (969 kg ha-1). There is a clear North-South trend of sorghum yields
across the country. High yield values occur towards the Southern part of
Burkina Faso, with a subhumid agroecological gradient. This zone has
more favorable cropping conditions as compared to the semiarid and
arid zones towards the Northern parts of the country.

Fig 4.1(b) shows that the line of observed value of G(r) for data
pattern is within 80% of distance of the theoretical value of G(r) for CSR.
The CSR test confirms that the representative terroirs locations are not
clustered and are representative relative to the geographical space of
the study area. The K–S test (D= 0.11, p-value= 0.1) rejects normality
assumption of the distribution of observed sorghum crop yield. A normal
distribution was assumed with the standard deviation and mean values
of observed sorghum crop yield, which was then plotted against the
distribution of observed sorghum crop yield (Fig 4.1c). The plot shows
that the highest yields in the distribution of observed sorghum yield are
lower than for the corresponding normal distribution, with the maximum
difference equal to 200 kg ha-1. This is typically observed in the case of
crop yield observations that are obtained from large-scale agricultural
surveys. Such data are frequently spatially dependent and may not satisfy
the assumptions of traditional statistics. For instance, MLR assumes
that independent data follow normal distribution and homoscedasticity,
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Table 4.1 Parameter estimates for the sorghum yield model fitted using the
multiple linear regression (MLR) regression.

Target Regression Est. SEa P-value VIFb Tolerance
variable Params.
Yield Intercept 171.20 91.70 0.050 - -

NDVI.PC1 117.20 38.50 0.001 4.59 0.22
PREC.PC1 34.10 9.80 <0.001 3.97 0.30
PREC.PC2 38.40 8.70 <0.001 1.65 0.60
ELEV 0.37 0.09 <0.001 2.25 0.45
PHCR 3.64 1.05 <0.001 1.64 0.60
MARK 0.80 0.25 0.001 1.43 0.70

aStandard error
bVariance Inflation Factor

i.e. constant variance. Here we obtained a high degree of spatially
autocorrelation (Moran’s I statistic= 0.83, p< 0.001) of the observed
sorghum crop yields.

Figure 4.2 shows maps of external covariates to predict the sorghum
crop yield. Factor analysis of 10-day SPOT VGT NDVI composite images,
covering the sorghum growing season, captured 99% variance of the
entire image series into the first three principal components. The first
principal competent explained more than 91% of the total variability in
the image bands and, this component (NDVI.PC1) was therefore included
in the analyses. Similarly, factor analysis of 10-day TAMSAT rainfall
estimates yielded approximately 93% of the total variability into the first
two principal components (PREC.PC1 and PREC.PC2).

4.3.2 Regression analysis

MLR showed a relation (R2
a = 0.64, p < 0.001) between the sorghum yield

and those explanatory variables. The coefficients obtained from MLR
regression are given in Table 4.1. A Moran’s I value of 0.51 (p < 0.001)
for the MLR residuals showed that the model can be improved by (I)
using spatial regression methods, and (II) kriging the residuals in the
case of regression kriging.

GWR was performed to determine the environmental and manage-
ment factors represented by explanatory variables are responsible for
local spatial variability of the sorghum crop yield. Accuracy statistics of
the performed MLR and GWR models are shown in Table 4.2. The results
of ANOVA showed a statistically significant (p < 0.001) improvement
of GWR over the global MLR approach. The RSS and SE values in the
sorghum yield estimations were reduced in the GWR model. The adjus-
ted coefficient of determination, R2

a, increased from the global MLR to
the GWR model, although an increase can be expected relating to the
difference in degrees of freedom (DF). The reduction in the AIC from
the MLR model suggests, however, that the GWR approach is better even
after considering the differences in DF.
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Figure 4.2 Maps of external covariates to predict sorghum crop yield in Burkina
Faso.
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Table 4.2 Accuracy and precision statistics for sorghum regression models
fitted using both the global multiple linear regression (MLR) and geographically
weighted regression (GWR) approaches.

Model RSSa (sqrt) SE DF F AICc R2
a
d

MLR 2017 141.0 7 - 2686 0.64
GWR 1099 91.6 148 5.58 2611 0.90

aResidual sum of square
bStandard error
cAkaike Information criterion
dAdjusted coefficient of determination

To inspect the regression parameters in terms of spatial non-stationarity,
the summary comparison of the MLR and GWR models is presented in
Tables 4.1 and 4.3. This comparison shows a considerable amount
of non-stationarity in all parameter estimates i.e. the ranges of local
estimates between the lower and upper quartiles are greater than ±1
standard deviations of the MLR equivalent parameters estimates, being
2× S.E of each global estimate in Table 4.1. For instance, examining the
NDVI.PC1 parameter estimate, we observed that the inter-quartile range
of the GWR local parameter estimate ranging from 1.24 to 203 is well
beyond the ±1 standard deviation (89) of the MLR parameter estimate.
Moreover, Monte Carlo significance test on the local estimates indicates
that there is significant spatial variation in the local parameter estimates
for all variables (Table 4.3). A low Moran’s I value of 0.14 (p < 0.001) was
observed for the GWR residuals, compared to that of 0.51 (p < 0.001)
for the MLR residuals. Moreover, the spread of GWR residuals is smaller,
as is seen from the density histograms of MLR and GWR residuals in
Figs 4.3(b) and 4.3(c). This suggests that the GWR accounted for most of
the spatial variability in the sorghum yields from the spatial variability
of the external covariate data. Next, spatial structure observed in the
GWR and MLR residuals is to be incorporated to construct GWRK and
MLRK regression kriging models, respectively.

4.3.3 Geostatistical analysis

No anisotropy in the data was observed. In the case of OK interpolation
of sorghum yields, the parameters of the spherical variogram showed
that the average distance up to which the variogram increases is approx-
imately 182 km (Fig 4.4a). This distance covers approximately 8 − 10
neighboring terroirs, as the mean shortest inter-terroir spacing is 18 km.
The variograms of MLR and GWR residuals (Figs 4.4b and 4.4c) showed a
decrease both in the total sill and range estimates. For regression kriging,
this indicates that more variability is taken into the trend component,
leaving less for spatial autocorrelation of residuals. For instance, a lower
sill of the variogram of GWR residuals shows the strength of the GWR
trend, which resulted into a comparatively low smoothing effect in the
sorghum yield map from GWRK as compared to OK (Fig 4.7). Again the
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Figure 4.3 Matrix scatterplot to visualize mutual relationships between independ-
ent and dependent variables (a) – Kernel density plot of MLR residuals (b) – Kernel
density plot of geographically weighted regression (GWR) residuals (c).
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Table 4.3 Parameter estimates for the sorghum yield model fitted using the
geographically weighted regression (GWR) approach.

Parameters Mina 1st Qb Medc 3rd Q Maxd MCe Test
Intercept -1310 -79.6 448 713 1740 0.001
NDVI.PC1 -555 1.24 72.8 203 506 0.001
PREC.PC1 -192 10.9 52.9 96.5 362 0.001
PREC.PC2 -529 -38.6 25.2 102 473 0.001
ELEV -1.5 -0.20 0.23 0.52 2.56 0.001
PHCR -19.2 -0.03 3.03 7.55 35.2 0.001
MARKD -3.29 -0.32 0.94 2.29 6.75 0.001

aMinimum
bQuartile
cMedian
dMaximum
eMonte Carlo significance test for spatial non-stationarity of parameters

Table 4.4 Cross validation (residuals) results of the geostatistical prediction
models of sorghum crop yield – ordinary kriging (OK), kriging with external drift
(KED), multiple linear regression kriging (MLRK), and geographically weighted
regression kriging (GWRK).

Model Mean (Z-score) SD (Z-score) Variance Mean RMSEa

explained error
OK -0.005 0.89 0.88 -0.88 81.6
KED -0.005 0.83 0.89 -1.14 79.7
MLRK -0.007 0.86 0.88 -1.58 81.1
GWRK -0.004 1.01 0.90 -0.66 71.2

aRoot mean square error

variogram of GWR residuals exhibits a clear spatial structure (Fig 4.4c).
The variogram distance increases up to approximately 41 km. The GWR
residuals have been predicted using ordinary kriging. Fig 4.7d shows the
GWRK map of sorghum crop yield, obtained from combining the GWR
trend and the predicted GWR residuals.

The results of cross validation (Table 4.4) show that GWRK performed
better than both OK and MLRK. In GWRK, the mean error value was close
to 0 (−0.66), and the correlation value between observed and predicted
sorghum yields was close to 1 (0.9). For all the three kriging methods,
the z-score values of cross validation showed that the variogram models
reasonably accounted for the spatial autocorrelation to explain the vari-
ance. The RMSE value was observed lower in GWRK. The variograms were
reproduced and fitted for the sorghum yield predictions from OK, KED,
MLRK, and GWRK, see Figs 4.5(a,c,e,g). The reproduced GWRK variogram
model is approximately identical to the OK variogram model (Fig 4.5(g)
and Fig 4.4a), whereas the GWRK considerably minimized the local error
variance as compared to OK, KED, and MLRK (Figs 4.5(b,d,f,h) and 4.7(d)).
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Figure 4.4 Variograms of ordinary kriging (OK) (a), of residuals of multiple
linear regression (MLR) (b) and of residuals of geographically weighted regression
(GWR) (c), and their comparison (d).

4.3.4 Sorghum yield prediction and uncertainty of prediction

The maps of sorghum crop yield produced by MLR and GWR and the vari-
ance of prediction error are shown in Fig 4.6. The MLR prediction map
presented an overall North-South global trend of sorghum yield. MLR,
however, failed to show the short-range spatial variability of sorghum
yields, that is clearly present on the Eastern part of maps obtained with
geostatistical methods (see Fig 4.7). The MLR depicted trend shows the
strength of explanatory variables used in the analysis. The summary
comparisons of prediction methods (see Table 4.5), gave 2.23% lower
mean for MLR, and 0.63% lower mean for GWR, compared to the mean
sorghum yield at primary locations. MLR reduces the prediction vari-
ances and tends to make them smooth across the area. For example,
MLR overestimated 9.25% of the upper observed sorghum yields and,
underestimated 7.67% of the lower crop yields. GWR gave 18.8% over-fit
of the maximum observed yield values, however, the predicted mean and
median yield values considerably improved compared to the observed
mean and median yield values. The MLR prediction error variance was
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Figure 4.5 Variograms reproduced from the predicted sorghum yield values at
sampled locations from models: ordinary kriging (OK) (a), kriging with external
drift (KED) (c) multiple linear regression kriging (MLRK) (e), and geographically
weighted regression kriging (GWRK) (g) – Corresponding kernel density plots for
local prediction error variances of OK interpolation (b), KED (d), MLRK (f), and
GWRK (h).
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Figure 4.6 Sorghum crop yield prediction (kg ha-1) from multiple linear regres-
sion (MLR) (a), and geographically weighted regression (GWR) (b) – Estimates of
the crop yield prediction uncertainty from MLR (c), and GWR (d).

more uniform over the study area than the GWR.

Comparison of OK, KED, MLRK, and GWRK for mapping sorghum yield
is shown in (Fig 4.7). Higher values of the sorghum crop yield (kg ha-1)
were observed towards the Southern part of Burkina Faso. This shows
that spatial variability of NDVI, precipitation, and elevation successfully
explained the favorable cropping conditions along agroecological gradi-
ents and between sites. The maps of OK, KED, and MLRK prediction
errors showed high residual variability in the Northern and NE areas,
with 75% values in the range of 56 − 215. This can be traceable from
Fig 4.1(a), which shows the observed sorghum data are relatively absent
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4.3. Results

Figure 4.7 Sorghum crop yield prediction (kg ha-1), and estimates of prediction
uncertainty from: ordinary kriging (OK) (a), kriging with external drift (KED) (b), mul-
tiple linear regression kriging (MLRK) (c), and geographically weighted regression
kriging (GWRK) (d).
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in those areas. GWRK considerably reduced this residual variability to
95% values in the range of 56 − 135. This gives another evidence that
GWRK effectively utilized information present in the environmental and
management datasets to improve accuracy of crop yield predictions.

OK interpolation over-smoothed the predicted sorghum yields com-
pared to the observed yields (5.25% lower mean). MLRK improved this
smoothing effect, but local error variance become closer to that found
with OK (see Table 4.5). Moving from GWR to GWRK, however, did not
significantly improve prediction (mean) and accuracy of prediction (MAE
and MSE). This indicates that the GWR trend fits are strongly local and
captured most of the variation in the data, leaving a relatively reduced
spatial autocorrelation of residuals. In GWRK, however, the prediction er-
ror variance was reduced considerably compared to MLRK (from 34.1 to
20.4) and, compared to GWR, it was reduced from 25.8 to 20.4. Moreover,
the GWRK predicted mean and median yield values were accurately
estimated compared to OK, KED, and MLRK. GWRK outperformed all
other models both for sorghum yield prediction and mean variance of
prediction error.

4.4 Discussion

This study explored the utility of various global and regional gridded
datasets, to predict the sorghum crop yield in Burkina Faso. Results
showed that climate, topography, financial ability of farmers and labor
availability are important explanatory factors for sorghum crop yield.
The GWR analysis indicated a large spatial variation in local parameter
estimates. Financial ability of farmers is better characterized by the
sub-national poverty head count data than by market access.

The sorghum yield response provided by the NDVI was related to en-
vironmental and management factors. Likewise, information on soil con-
ditions is also important to explain variation in sorghum crop yields (West
et al., 2008). To explore these relations in Burkina Faso, reliable soil data
provide point or polygon based information of individual soil profiles.
Whereas, they were required for individual grid cells. The Harmonized
World Soil Database (HWSD) provide such data for many Sub-Saharan
countries, but they are not yet available for Burkina Faso (FAO & IIASA,
2012). The HWSD gridded soil data may be used in the future to better
represent soil properties at the level of detail that is demanded by the
GWRK model as in this study.

GWRK has the potential to predict accurately over larger areas, using
external covariate datasets, specifically in situations of nonstationary
relations that could not be properly modeled by GWR or MLRK. The
prediction accuracy of GWRK is high, provided that sources of the model
uncertainty are properly analyzed. In particular, here we analyzed the
following:
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1. Prediction accuracy in regression-based approaches largely depends
upon the accuracy of estimated relationships. In GWR, (Harris et al.,
2010b) showed that the choice of both kernel type and bandwidth
optimization method affects the local sample sizes and thus the
prediction uncertainty. An optimal bandwidth determines the ex-
tent of the spatial neighborhood, to accurately calibrate each locally
weighted regression. There is a well-known trade-off between a
small bandwidths that may lead to large standard errors, and a large
bandwidth that may lead to small standard errors (Fotheringham
et al., 2002). Here we used a spatially adaptive kernel i.e. a small
bandwidth for large observations in a given area, and a larger band-
width otherwise. Presently, there is no well-established method to
quantify the uncertainty induced by improper kernel types or im-
properly calibrated bandwidths of the kernel and thus the resulting
local parameter uncertainty. (Harris et al., 2010b) accessed such
uncertainty by calibrating and competing different kernel types,
and different optimization methods. These comparisons however
would soon become rather tedious. As an alternative, we compared
the prediction maps from GWRK to other models and, analyzed
the model efficiency based on (I) how well the model reproduced
the sample variogram, and (II) how much the model minimized
the local error variance. GWRK reproduced the sample variogram
model while minimizing the local error variance as compared to
OK, KED, and MLRK.

2. In MLRK, the relation between the dependent variable and its cov-
ariates is assumed to be linear. This allows us to simply sum the
drift prediction error variance and the kriging error variance of the
predicted residuals, to obtain the MLRK prediction error variance.
However, the correlations between the GWR and the kriging com-
ponents of GWRK may be more complex and a simple addition of
the two variances might result into a considerable bias in the GWRK
prediction error variance. Presently, there is no empirical method
to estimate such bias. (Harris et al., 2010b) applied a pragmatic
approximation to the GWRK variance by subtracting the residual
variogram sill estimate from the sum of prediction variance and the
residual OK variance. This approximation, however, gave negative
GWRK variances. We therefore applied the additive relationship of
predictions from (Eq 4.12) to the GWR prediction variance as well,
which gave a significantly reduced (non-negative) GWRK variance.

3. In a multivariate framework, correlation of explanatory variables
may lead to multicollinearity, resulting in instable results in the
estimated GWR regression coefficients. Multicollinearity is often
observed when analyses include many environmental factors as
covariates. For instance, it is likely that NDVI images present a high
correlation with weather variables like precipitation. To prevent
such issues, (Reidsma et al., 2007a) retained a minimum set of
environmental covariates, i.e. one for temperature and one for
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precipitation. We adopted a similar strategy and performed factor
analysis for NDVI and TAMSAT data to select minimal inter-band
correlation and maximal information content. Thus, we included
only the most significant principal components for the entire time
series. In this way, we allowed GWRK to avoid multicollinearity,
and also to determine local anomalies. For example, NDVI revealed
vegetation stress that may not be due to the lack of precipitation,
but due to crop specific conditions, such as pests and diseases.

In literature, kriging (e.g. OK) is established to model crop yields
at a within-field scale for precision agriculture. There is a demand for
synergistic approaches to predict location-specific crop yields timely
and accurately over wider regions, a yield map that in turn can be
used in developing wall-to-wall agricultural information services. In
this respect, to the best of our knowledge this is the first attempt to
apply GWRK to predict crop yields at a regional scale and to quantify the
prediction uncertainty, particularly, in West Africa. Using GWRK and the
external covariate datasets, we interpolated the sorghum crop yield over
a regular grid covering the country of Burkina Faso, having grid cell size
equal to 1 km2. We further operationalized this crop yield interpolation
approach for spatializing a BEFM as a spatial decision support. The
system will help farmers to formulate on-terroir agricultural policies,
which we think can be transferred to extension systems throughout the
country. We hypothesize that the developed method is of interest to
decision-makers and information specialists in the agricultural domain.
Approaches to quantify uncertainties in large-area crop models can help
to improve the sources of uncertainty given by the sampling design,
the model structure and available covariate datasets, and to increase
the confidence of decision-makers by taking into account the accurately
estimated prediction uncertainty.

4.5 Conclusion

This research investigates GWRK, to generate estimates of the sorghum
crop yields in Burkina Faso. This hybrid approach applies geographic-
ally weighted regression (GWR) to model the local drift, and kriging to
interpolate the GWR residuals.

GWRK performance is compared with ordinary kriging (OK), kriging
with external drift (KED), and regression kriging (MLRK). The accuracy
is compared both for prediction of the sorghum crop yields and for
estimation of uncertainty surrounding those predictions. Accuracy of
the crop yield prediction is evaluated using mean absolute error (MAE),
mean square error (MSE), and the adjusted coefficient of determination,
R2
a. The accuracy of uncertainty estimation for those models is evaluated

from the prediction error variances and the root mean square error of
residuals cross validation. The results indicate that GWRK is superior to
all other kriging-based approaches, with the improved values of R2

a equal
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to 90% and RMSE equal to 71.2. Compared to KED and MLRK, both the
MAE value and the prediction error variance are reduced in GWRK (480
versus 523 and 503) and (20.4 versus 38.2 and 34.1). GWRK effectively
utilized information present in the external covariate datasets, improving
accuracy of the sorghum crop yield predictions.
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5Investigating rural poverty and
marginality in Burkina Faso using
remote sensing-based products

1This chapter is based on: Imran, M, Stein, A., Zurita-Milla, R. (2014).
Investigating rural poverty and marginality in Burkina Faso using re-
mote sensing-based products. International Journal of Applied Earth
Observation and Geoinformation: Volume 26, Pages 322–334.
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Abstract

Poverty at the national and sub-national level is commonly
mapped on the basis of household surveys. Typical poverty metrics
like the head count index are not able to identify its underlaying
factors, particularly in rural economies based on subsistence agricul-
ture. This paper relates agro-ecological marginality identified from
regional and global datasets including remote sensing products like
the Normalized Difference Vegetation Index (NDVI) and rainfall to
terroir agricultural production and food consumption in Burkina
Faso. The objective is to analyze poverty patterns and to generate
fine resolution poverty map at a national scale. A new indicator
was composed from a range of welfare indicators quantified from
detailed household surveys of terroir communities. This resulted
into a spatially varying set of welfare and poverty states. Next, a
geographically weighted regression (GWR) was used to relate each
welfare and poverty state to the agro-ecological marginality. This
helped to show how environmental factors affect living conditions
in terroir communities. We found that the poverty patterns thus ob-
tained agreed with poverty incidence obtained from national surveys.
Agro-ecological stress and related marginality vary locally between
terroir communities within each region. About 58% variance in the
welfare indicator is explained by the factors of terroir agricultural
production and 42% is explained by the factor of food consumption.
GWR exploits well the spatial variation of environmental variables to
explain poverty patterns at the regional and communal level. We con-
clude that the spatially explicit approach based on multi-temporal
remote sensing products effectively summarizes information on
poverty and facilitates further interpretation of the newly developed
welfare indicator.
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5.1 Introduction

Subsistence farming is an important agricultural practice in many African
states. For instance, in Burkina Faso approximately 92 percent of the
country workforce is actively associated with the agricultural sector, of
which 80 percent are small holder farmers who live in rural areas (aka
terroirs) and have less than 1 ha of land (USAID, 2009). Agricultural
production is largely constrained by a range of biophysical factors related
to soil properties, rainfall and water availability (West et al., 2008). The
agro-ecological conditions vary spatially and respond to a highly local
physical environment. In Burkina Faso, more than 80 percent of the
total population lives in terroirs, of which 94 percent is considered
poor (USAID, 2009). The lack of local infrastructure often restrains
terroir households to apply sustainable farming practices since it limits
the farmer’s access to market and services (Alasia et al., 2008; Gatzweiler
et al., 2011). This suggests that rural poverty in Burkina Faso can be
related to the agricultural productivity and that it can be characterized
from the spatial distribution of agro-ecological potential.

Traditionally, poverty as opposite to welfare is mapped by analyzing
a range of socioeconomic factors obtained from targeted household
surveys. Such surveys assess household capital assets, e.g. income,
expenditure, food consumption, and other living conditions. Using these,
indices are obtained to estimate the incidence of poverty. For example,
the headcount index (HCI) is the percent of the population in an area liv-
ing below an established poverty line, i.e., a normative level of income or
expenditure. To extrapolate these surveys towards an entire region, vari-
ous small area estimation techniques have been developed (Hoddinott &
Quisumbing, 2003; Benson et al., 2005). These techniques make predic-
tions by relating the household welfare status from targeted household
surveys to the household characteristics from national census, and apply
the relation to households with same characteristics. A clear insight into
the likely causes of the situation is often missing, because factors of
marginality are not included during poverty mapping (Hyman et al., 2005;
Robinson et al., 2007). Also, these techniques depend on the availability
of national censuses that take place only once in several years due to
their high operational costs.

To locate marginal areas, alternative approaches analyze environ-
mental constraints (e.g., soil erosion, droughts) using remote sensing
(RS) data and products. Being able to acquire up-to-date data over a large
area by utilizing the high spatial and temporal coverage provided by
RS (Parkins & MacKendrick, 2007; Alasia et al., 2008), these approaches
can quantify the increased susceptibility of specific areas to become
marginal due to extreme events of environmental constraints. However,
the environmental approaches are primarily concerned with marginal-
ity and they rarely quantify its impact on livelihood status. Following
this, (Nelson et al., 2012) related RS products with household level ex-
penditure obtained from survey data to explain the poverty patterns in
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Uganda. Although this approach advanced traditional poverty mapping,
it is insufficient to interpret the observed relations, because a single
aspect of poverty (e.g., income, expenditure, and other living conditions)
is usually not enough to explain welfare and marginality, particularly
in terroir economies in Burkina Faso, which is based on subsistence
agriculture (Gatzweiler et al., 2011).

In this paper, a geographically explicit approach is presented for
studying poverty and marginality at a fine resolution and over a larger
area. We investigate both agro-ecological marginality from RS-based
products and welfare and marginality from household conditions. By
studying these conditions over a large area, we aim at better under-
standing the factors that determine household marginality. In this way,
this paper advances current environmental procedures of poverty map-
ping creating a more dynamic method that can be effectively utilized by
policy-makers to reduce poverty (Nelson et al., 2012).

In practice, our main objective is to use regional and global datasets
including RS products for extrapolating poverty quantified from the
targeted household surveys. The study is illustrated using data from
Burkina Faso where agricultural surveys are collected annually targeting
only representative communities countrywide. We developed a compos-
ite index from several welfare aspects observed from household surveys.
This index and the RS products are used to map poverty at the national
scale.

5.2 Background

5.2.1 Study area

This study is conducted using data from Burkina Faso, which is ranked
among the poorest countries of the world (USAID, 2009). Agriculture
contributes to 31% of the GDP and to 60% of the exports that are the
main source of growth of the national economy. The livestock sub-
sector accounts for 25% of agricultural GDP and 8% of total national
GDP (USAID, 2009). Several environmental and socio-economic factors
affect agricultural production like the spatial variation in both frequency
and intensity of rainfall during the crop growing season (West et al.,
2008). Administratively, the country is divided into 13 regions and 351
districts, which are split in about 7000 terroir communities. The term
terroir community refers to a group of adjacent households of agro-
pastoralist farmers. One representative terroir community per district
was surveyed to collect targeted household surveys (AGRISTAT, 2010).
In this study, we used terroir community as the level to quantify poverty
and marginality in Burkina Faso.

The head count index (HCI) is available for 1994, 1998, 2003 and
2009. In 1994, the country’s first surveys for household living conditions
were conducted on the basis of agro-climatic regions. Later in 1998,
they shifted to the administrative regions. The HCI was compiled based
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Figure 5.1 Mean Headcount index (HCI) for the 13 administrative regions of
Burkina Faso, calculated from country’s national surveys of 1994, 1998, 2003
and 2009; and from HarvestChoice data.

on the poverty line of 1 USD (United States Dollar) adult−1 day−1. In
2010, HarvestChoice compiled HCI maps (gridded) from surveys carried
out between 1998 and 2003 by establishing a poverty line of 1.25 USD
adult−1 day−1 (Wood et al., 2010). These studies consistently show that
the North, South Central, Central Plateau, Boucle du Mouhoun, East
Central, and Southwest regions are typically affected by poverty, with a
rate of incidence well above the national average (Figure 5.1). The HCI is
close to the national average in the West central, Eastern, and Cascades
regions, whereas the other regions are relatively less affected by poverty.

5.2.2 Mapping communal welfare in Burkina Faso – our approach

This study defines marginality as a function of cause-effect relations
between stressors and assets. Stressors are often exogenous factors
that directly or indirectly affect the agricultural production of terroir
communities (Alasia et al., 2008). Assets are proxies to represent the
impact of stressors on household welfare status. For our purposes,
we focus on assets that are related to the agricultural outcomes of
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terroir households obtained from field surveys. We consider a terroir
community to be marginal if it encounters high stress on agricultural
production, eventually resulting into low assets. By linking assets to
stressors, poverty and marginality can be quantified and determining
factors can be identified. In order to do so, we made the following two
assumptions:

1. A high production in rural Burkina Faso helps to increase farmers
welfare in that they can meet daily food requirement: poor farmers
will suffer from food insecurity and food insecure farmers will be
poor farmers (de Graaf et al., 2001).

2. Households in a terroir community combine individual lands for
cultivation and face similar agro-ecological and socioeconomic con-
ditions (Bigman et al., 1999). Farmer’s poverty and marginality
therefore vary considerably between the terroir communities and
only to a lesser degree result into income differences between
individuals within communities.

5.3 Materials and methods

5.3.1 Extraction of asset variables

Asset variables were extracted from the country’s agricultural surveys
carried out in 2009. AGRISTAT surveys all households in the repres-
entative terroir communities (AGRISTAT, 2010). Asset variables were
obtained from data of all households belonging to a representative terroir
community. In total 3540 households were surveyed to cover the 303
districts of the country. The following five asset variables were derived:

• Percentage of household members employed in farming activities
(HME). Both paid and non-paid works were considered. Paid house-
hold members work in various farm and livestock activities and get
wages in the form of food or cash, whereas non-paid members par-
ticipate in activities without any compensation, e.g. women/child
as family or collective labor.

• Agricultural production of each household (AGPROD), obtained as
the projected crop grains (kg) for the current crop season. AG-
RISTAT asks farmers to make this projection considering the veget-
ative performance of the crops at the household parcel level.

• Household stocks (STOCKS) left from the previous crop season,
obtained as observed crop grains (kg).

• Number of animals (e.g. bulls, donkeys) owned by each household
(NA).

• Household food consumption (CONSUM), calculated as the min-
imum dietary energy consumption (kcal) per household member
per day. AGRISTAT records number of food servings consumed by
a household member in the last seven days. We considered that the
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consumed food was obtained from any source, e.g. self-produced,
purchased, obtained as wage compensation, or donated.

5.3.2 Developing a composite communal asset index

A weighted combination of the five chosen asset variables was made to
compute a composite communal asset index (CAI). As these assets have
a skewed distribution and are potentially highly correlated, the following
procedure was applied.

First, we transformed the asset variables using the logarithmic func-
tion to remove skewness from the raw data. Second, to account for
their different measurement units, this transformation was followed by
a normalization to a common measurement scale using the Min-Max
method (Ebert & Welsch, 2004):

Iy = y −ymin
ymax −ymin ; ymin < y < ymax (5.1)

Here Iy is the normalized variable of the log-transformed asset vari-
able y , ymin and ymax are the minimum and maximum of y across
all terroir communities. Extreme minimum and maximum values were
examined for outliers in order to avoid negative effects on the sub-
sequent analysis. Third, a minimum residual factor analysis was applied
to capture non-overlapping information between the correlated asset
variables (Berlage & Terweduwe, 1988). This analysis groups the asset
variables according to their degree of correlation. Subsequently, an Ordin-
ary least squares (OLS) regression was applied to adjust the eigenvalues
of the correlation matrix to minimize the off diagonal residual correl-
ation matrix. The minimum number of factors to retain for the factor
analysis was decided based on Horn’s parallel analysis (Horn, 1965). In
this analysis, the minimum residual solution was transformed into an
oblique solution using the oblimin method of rotation. Within each of
these factors, all asset variables were weighted to reflect the proportion
of their variance over the study area which is explained by the factor.
The weights were obtained by squaring and normalizing the estimated
factor loadings.

5.3.3 Extraction of stressor variables

The following stressor variables were derived from RS data:
The Normalized Difference Vegetation Index (NDVI), calculated as

(NIR − R)/(NIR + R), where NIR is the spectral reflectance in the near-
infrared where canopy reflectance is dominant, and R is the reflectance
in the red portion of the electromagnetic spectrum where chlorophyll
absorbs strongly (Dorigo et al., 2007). NDVI was used as a biophysical
indicator of vegetation stress. For 2009, a time series of SPOT VEGETA-
TION NDVI composite (S10) products were obtained from (VGT4Africa,
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2012). This product is derived from 10-day data and mapped onto a 1
km latitude-longitude grid.

The intensity and spatial distribution of rainfall poses a significant
climatic stress on the agricultural production. A series of 10-day Trop-
ical Applications of Meteorology using Satellite (TAMSAT) images was
acquired to extract the climatic stress on agricultural production for
2009. The TAMSAT rainfall estimates (RFE) have been validated for West
Africa and the Sahel region using a dense rain gauge network covering
area of 1◦ square (Grimes et al., 1999). For 10-day TAMSAT RFE, 85% of
the estimated and measured values agree to within 1 standard error for
1◦ square.

To capture the agro-ecological marginality from RS, we applied the
Harmonic ANalysis of Time Series (HANTS) algorithm to the 2009 SPOT
and TAMSAT image series (Verhoef, 1996). HANTS describes the main
characteristics of the temporal vegetation and rainfall behaviors by con-
sidering only significant frequencies present in the time series profiles.
To such frequencies, it applies a least squares curve fitting procedure
based on harmonic components (sines and cosines) (Roerink et al., 2000).
More details on HANTS parameterization are provided in Appendix B.

In addition RS-based gridded products were analyzed as potential
long-term stressors on food production:

Length of growing period (LGP, days) characterizes agro-climatic
constraints that relate potential productivity of lands with the average
daily temperature and surface water balance. The areas of shorter LGP
bear a long-term high stress from dry conditions. LGP data obtained
from (HarvestChoice, 2012) is based on 1960-1995 data from (IIASA/FAO,
2012). Data showing the degree to which soil properties exert stress
on agricultural production (LASC, land areas with soil constraints) were
obtained from (FAO, 2012b). Topographic data of slope (SLOPE, degrees)
and elevation (ELEV, meters) were obtained from (USGS, 2012).

Besides these short and long term environmental factors, population
density and market access are considered known stress factors of per
capita food and agricultural production and consumption in sub-Saharan
Africa (Dreschel et al., 2001). We obtained population density data (PD,
people per km2) from (HarvestChoice, 2012). We calculated the market
access as a Euclidean distance (MARKD, meters) from terroir communities
to the major trade markets of food commodities (cereal and livestock) in
Burkina Faso. Furthermore, most of people living in the northern half of
Burkina Faso are agro-pastoralists. Poor households, particularly women,
generally contribute labor to keep poultry and small livestock (e.g. goat,
sheep) (USAID, 2009). We obtained data on poultry and small livestock
(Livestock per km2) from (HarvestChoice, 2012). All spatial data were
clipped and/or resampled to a common grid of a 1 km spatial resolution.

5.3.4 Linking CAI and the stressor variables

We used Geographic weighted regression (GWR), a spatial regression
technique, for which the 303 CAI values were the independent variable
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and the values of the stressors were the explanatory variables. Being
an extension of global regression techniques such as ordinary least
square (OLS) (Fotheringham et al., 2002), GWR identifies and models
spatial non-stationarity, i.e., spatially varying relationships to present
a significant improvement over a global regression (Leyk et al., 2012).
We therefore, first, computed OLS as a ‘baseline’ global model to test
statistical significance of the coefficients for each explanatory stressor
variable and to test the model residuals for spatial autocorrelation and
clustering.

Let a set of observations of CAI be denoted as CAI(s1), CAI(s2), . . . ,
CAI(sn), where si is location of a terroir community (i.e. representative
community per district), and n is the number of observations. The global
regression can be expressed as,

CAI(s) = β0 +
∑
k
βkXk(s)+ εs, (5.2)

where β0 is the intercept, βk represent the estimated coefficients for
explanatory stressor variables Xk, Xk(s) is the value of the variable Xk
at location s and εs denotes the random error term for location s. We
selected stressor variables that were significant (p < 0.05), tested them
for impact of multicollinearity on the estimation precision of regression
coefficients (Kutner et al., 2005), and calculated the Akaike Information
Criterion (AIC) (Hurvich et al., 1998). Clusters of high and low residual val-
ues at the representative community level may indicate spatial variation
in the CAI relationship. We tested for significant local clusters in model
residuals based on local indicators of spatial associations (LISA) (Anselin,
1995) using Rook contiguity (i.e. two representative terroir communities
are neighboring if their districts share common borders, see Fig 5.1) for
creating the spatial weights matrix. Moreover, we computed the bivariate
LISA to check the co-variation of the value of CAI at a given represent-
ative community with the average of neighboring values of each of the
selected stress factors.

Geographic weighted regression establishes separate models for each
sampled location (Fotheringham et al., 2002), and therefore allows for
estimating locally the regression coefficients to account for spatial vari-
ation of these coefficients across a given study area (Gao et al., 2012).
This changes the model in Eq 5.2 to,

CAI(s) = β0(s)+
∑
k
βk(s)Xk(s)+ ε(s), (5.3)

where β0(s) and βk(s) represent the model local estimates of intercepts
and coefficients at a location s, and Xk(s) are stressor variables. The
model estimates local coefficients from,

β̂GWR(s) = (XTW(s)X)−1XTW(s).CAI(s), (5.4)
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where W(s) is a n×n diagonal matrix of spatial weights specified with
a spatial kernel function. The kernel centers on a terroir community
location s, and weights the surveyed values on neighboring locations t
subject to a distance decay. We used the Gaussian weighting as kernel
function such that,

Wst = exp[−0.5(dst/b)2], (5.5)

where dst is the distance between the sth and Sth terroir community
locations (i.e. a spatial neighborhood), and b is the kernel bandwidth
that can be specified as global, i.e., the same kernel size at each location,
or as adaptive bandwidths that vary in size.

The spatially non-stationary relationships in GWR may vary accord-
ing to the spatial scales of each stressor variable on CAI. This scale-
dependency largely demands for finding an optimal kernel size for local
estimation in GWR. For this, the most common approaches, i.e., cross-
validation or minimizing the Akaike’s information criterion (AIC) (Hurvich
et al., 1998) may not sufficiently determine an effective bandwidth for
model fitting and performance (Leyk et al., 2012). We tested the effect of
spatial scale of local relationships on the stability and multicollinearity
of GWR coefficients. By increasing stepwise the GWR adaptive bandwidth
measures (0.05 = 15n, 0.1 = 30n, 0.15 = 45n, 0.2 = 60n, 0.25 = 75n, and
0.3 = 90n, where n is the number of neighboring terroir communities),
we investigated the effect of increasing spatial neighborhood on local
estimation. For each increment, we recorded AIC value and spatial sta-
tionarity index (Fotheringham et al., 2002), which is a ratio between the
interquartile range for GWR coefficients and twice the standard error
(SE) of the same variables from the equivalent global model. We selected
adaptive proportion of terroir communities, for which (i) the AIC score
was minimum, and (ii) the variance of the stationary index for all stressor
variables were larger within an effective spatial scale (Gao et al., 2012).

We compared the performance of the local and global models based
on AIC and adjusted-R2 values, and performed ANOVA F-test. Moreover,
Moran indexes (Moran’s I) of residuals were computed to compare the
ability to deal with spatial autocorrelation between OLS and GWR.

We applied GWR as a local spatial prediction model to predict CAI at
unsampled locations as,

ˆCAI(s0) = X0
T .β̂GWR(s), (5.6)

where X0 is the vector of p stressor variables at an unsampled location
s0, β̂GWR is the vector of p + 1 estimated drift model coefficients. We
evaluated the GWR performance by using the following methods that
quantify differences between the observed and predicted CAI values:

1. We computed histogram descriptive statistics to describe the ob-
served and predicted CAI distributions.
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2. We calculated mean absolute errors (MAE), mean square errors
(MSE), and root mean square error (RSME) to compare the differ-
ences between the CAI observed in the AGRISTAT data and the
GWR predicted CAI.

3. Although the HarvestChoice HCI data have a sufficient spatial resol-
ution for validating the predicted CAI, these were however based
on the country’s 1998-2003 surveys (Wood et al., 2010). Altern-
atively, the HCI data obtained from the country’s 2009 national
surveys of household living conditions were available only for the
administrative regions. We used this latter choice as an independ-
ent data source for validation and calculated the CAI averages for
the 13 Burkinabé regions. Furthermore, the predicted CAI values
vary from 0 to 1 such that the lower index values represent a low
assets level and/or a high stress level. Whereas, HCI ranges 0 to
100 such that the lower index values represent a low poverty level.
We therefore transformed CAI into what we called the composite
poverty index (CPI) as, CPI(s) = (1− CAI(s))× 100, where s is a
location.

5.4 Results

5.4.1 Extraction of asset variables

Table 5.1 shows average community assets (raw data) aggregated from
the household survey data of representative terroir communities be-
longing to the 13 Burkinabé administrative regions. The asset variables
AGPROD, STOCKS, CONSUM, and NA show high variation among the
different regions. The average HME however is not significantly varying
for the different regions and is approximately equal to the country mean
(78%). The STOCKS variable shows that only a low percentage (5-10) of
the total surveyed households is able to meet consumption requirements
from their food stocks. The scatterplots of all with all asset variables
show a high level of correlation among the asset variables (Figure 5.2).
The logarithmic transformation successfully reduced the observed skew-
ness from the asset variables, from the observed skewness in the (1.63 –
3.08) range to the (-0.09 – -0.2) range.

5.4.2 Developing a composite communal asset index

The assets variables were combined into a composite communal asset
index (CAI) using a minimum residual factor analysis. The results of
such an analysis are presented in Figures 5.3(a and b) and in Table 5.2.
These results show that the 5 asset variables are correlated with 2 min-
imum residual factors with proportion variances equal to 0.33 and 0.24,
respectively, thus accounting for 57% of the total variance. Using the
rotated factor loadings, the asset variables were aggregated into factor-
specific scores (Figure 5.3b). The first minimum residual factor (MR1)
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Figure 5.2 AGRISTAT data by household assets: household members employed
(HME), households crop production (AGRPROD), household stocks (STOCKS),
number of animal owned by household (NA), and minimum dietary energy
consumption (kcal) per household member per day (CONSUM).

has loadings on the asset variables that present patterns of crop and
livestock production, whereas rotated factor loadings from the second
minimum residual factor (MR2) are projected mainly on the household
food consumption patterns across the terroir communities. The squared
factor loadings represent the proportion of the total unit variance of the
assets which is explained by the factor. MR1 accounted for 42%, 35%,
and 20% of the variance in the values of STOCKS, NA, and AGRPROD
assets, whereas MR2 accounted for 88% and 0.01% of the variance in the
CONSUM and HME values, respectively. A small contribution of HME
can also be justified on the bases of summary statistics of raw data in
Table 5.1, showing a low variation of the asset variable over the entire
country. The resulting factor-specific scores are aggregated into the
CAI by weighting each factor according to its relative contribution to
the overall variance with MR1 and MR2 explaining the 58% and 42%,
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Figure 5.3 Minimum residual factor analysis – (a) eigenvalues (on vertical
axes) express the proportion of the total variance in the data explained by
each factor, and (b) Minimum residual factors (MR1 and MR2) standardized
values of the individual assets multiplied by their individual weights – (c) spatial
distribution of the composite asset index (CAI) observations at 303 surveyed
terroir communities.
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respectively. Crop and livestock production obtained a slightly higher
weight than food consumption.

Figure 5.3(c) shows the spatial distribution of CAI. For cartographic
purposes, the resulting CAI values were classified into four welfare
intervals. In general, marginal communities fall within the first two levels
where the first level (CAI=0–0.43) represents a severe marginality and
the second level (CAI=0.43–0.59) represents a high marginality, whereas
the next two levels (CAI=0.58–0.71) and (CAI=0.71–0.98) represent low
marginal and high welfare communities, respectively. High marginal
communities mostly correspond to the regions of Boucle du Mouhaun,
North, North Central, South Central, East Central, Center, Central Plateau,
and Sahel. In the Cascades and Haut Bassins areas, most communities
fall within the low marginal range, whereas the Southwest, West Central,
and Eastern regions have both low and high marginal communities (see
Figure 5.1 for the names of the regions).

5.4.3 Extraction of stressor variables

Only RS-based products were processed with HANTS since we are inter-
ested in obtaining main characteristics presented in these time profiles.
Figure 5.4 shows the output of HANTS algorithm that contributed sig-
nificantly to explain CAI. The HANTS algorithm reduced the data from
36 decadal images of an image series to 7 amplitude-phase datasets,
i.e., single amplitude and phase images for each frequency, where the
zero-frequency (mean) is without a phase. Based on RFE phase data-
sets we differentiated the three seasons: wet season May-September
(78−179), post-wet season October-November (77−129), and dry season
December-April (1−51). High inter-season difference of rainfall indicates
an extreme dry period for vegetation during which households usually
depend on stocks. The RFE amplitude datasets showed a high spatial
variability of rainfall intensity, with a low and declining rainfall in the
North as compared to the higher but more homogeneous rainfall in
the South. Consequently, the mean NDVI signal (Figure 5.4a) shows a
North-South directed increasing trend of vegetation performance. Given
the limited use of irrigation in Burkina Faso, the northern communities
have low potential for household food production and stocks.

5.4.4 Linking CAI and the stressor variables

Table 5.3 shows results from the global OLS model using the stressor
variables that significantly (p=0.05 to p<0.0001) contributed to explain-
ing the CAI variation. Agro-ecological stressor variables, both short-term
(i.e. NDVI, RFE during the 2009 crop growing season) and long-term
(i.e. LGP, LASC, SLOPE) consistently showed a significant agro-ecological
stress (p < 0.05 to p < 0.001) on the agricultural production potential
in Burkina Faso. We observed no significant impact of multicollinearity
(i.e. VIF ≤ 5 for all the stressor variables). We found highly significant
global spatial autocorrelation in the model residuals (Moran’s I = 0.22;
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Figure 5.4 Output of HANTS algorithm applied to the Normalized Difference
Vegetation Index (NDVI) image series – (a) mean; (b) first amplitude; (c) second
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Figure 5.5 (a) Spatial distribution of Ordinary Least Square (OLS) residuals –
(b) statistically significant local clusters of model residuals based on LISA (HH –
high values; LL – low values; HL and LH – outliers).

p < 0.001) (Figure 5.5a). We also observed significant local clusters of
low and high model residuals based on LISA – suggesting statistically
significant clusters of over- and underestimations in the South, Center
and in the North Burkina Faso, respectively (Figure 5.5b).

The LISA maps in Figure 5.6(a–f) illustrate spatial associations between
CAI and the six selected stressor variables, NDVI, RFE, SLOPE, TPD, LIVE-
STOCK, and MARKD. We found statistically significant clusters of high
CAI and high NDVI values, in the neighboring terroir communities in
southern districts of Burkina Faso, and clusters of low CAI and low NDVI
values in the neighboring terroir communities in the Sahel and Central
North districts (Figure 5.6a). However, in these districts and also in the
East, we observed a considerable number of clusters of low CAI and low
values of livestock in the neighboring terroir communities (Figure 5.6e),
as well as clusters of high CAI and surrounding high values of livestock
in the Center and Central Plateau districts. Similarly, there are signi-
ficant clusters of high CAI and high rainfall (Figure 5.6b). Significant
clusters of high CAI and high TPD in the southwest (Figure 5.6d) can be
observed. We also observed statistically significant clusters of low CAI
and high MARKD, and high CAI and low MARKD in neighboring terroir
communities in the East and Central East districts (Figure 5.6f).

We investigated the effect of different adaptive bandwidths (proceed-
ing with proportions from 0.3 to 0.05) on local estimation in GWR. We
observed that the variations in the stationary index for all predictors were
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Figure 5.6 Statistically significant (p < 0.001) spatial clusters from a bivariate
LISA analysis: using composite communal asset index (CAI) and (a) NDVI, (b)
rainfall, (c) length of growing period (LGP), (d) population density (PD), (e) poultry
and small livestock (LIVESTOCK), and (f) market distance (MARKD) (HH high–high
values; LL low–low values; HL and LH – outliers; first letter indicates CAI, second
one the stress factor).

larger for small bandwidths (proportions of 0.1 and 0.05). The stationary
index became quite flat with increasing bandwidths (for greater than 0.1).
At the smallest adaptive bandwidth (proportion of 0.05, i.e., on average
15 neighboring terroir communities), we observed that, compared to the
global model, the AIC value of GWR decreased from 410 to the highest
minimum value of 340 and, the R2

a value increased from 0.24 to highest
maximum value of 0.50. The ANOVA F-test suggests that GWR was a
significant improvement (p = 0.01) over the global model. Moreover, we
observed a decrease in Moran’s I value of GWR residuals close to zero
(-0.04).

The maps of local coefficients from the GWR models for NDVI (mean),
RFE (amplitude 3), SLOPE, TPD, LIVESTOCK, and MARKD variables are
shown in (Figures 5.7a-f). We observed high local variability of these
coefficients in the study area. For example, Table 5.3 shows that a
significant negative correlation exists between CAI and TPD (r = 0.116,
p = 0.01). Figure 5.7(d) however shows that both negative and positive
correlations occur in the study area. Stronger negative correlations show
that a decrease in the population density may cause a higher increase in
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Figure 5.7 Classification of the Geographically Weighted Regression (GWR)
coefficients for communal asset index (CAI) using proportion of terroir com-
munities (adaptive bandwidth = 0.05). Light blue = Min; Dark brown = Max.
Using six natural class breaks on the GWR coefficient values ranges in Table 5.3.

CAI in the North, Centre, and in the East of study area. While positive
correlations are mainly located in the South and southwest of the study
area. Similarly other spatially varying local coefficients show the spatial
non-stationarity of the relationship between CAI and related stressor
variables at 303 surveyed locations.

The GWR predicted CAI (Figure 5.8) show less marginal terroir com-
munities in the southern half of the country as compared to in the
eastern and northern regions. This indicates that the poverty remains
pronounced in the North, South Central, Central Plateau, Boucle du
Mouhaun, and East Central (Figure 5.1), while the terroir communities in
the Center and in the Sahel regions become more poor. In these regions,
the predicted CAI belonged to the high marginality range (i.e. CAI=0.43–
0.58). RS-based products (Figure 5.5) revealed high agro-ecological stress
in these regions. In Cascades and Haut Bassins, the predicted CAI fell
within the low marginal range (i.e. CAI=0.59–0.71). While both low and
high marginal terroir communities can be found in the Southwest, West
Central, and in the East regions.

Table 5.4 compares the accuracy of the observed and the GWR pre-
dicted CAI. Compared to the histogram of the observed CAI (i.e. based on
AGRISTAT data), GWR slightly overestimated the minimum values and
underestimated the maximum values. For each of the Burkinabé regions,
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CAI (Geographical Weighted Regression)
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Figure 5.8 Interpolated communal asset index (CAI) using Geographically
Weighted Regression (GWR).

Table 5.5 presents a comparison between the average CPI computed
from the predicted CAI and the average HCI obtained from 2009 national
surveys. No significant difference is observed between the two indices.
CPI was lower for the North region (21%) and higher for the Sahel (24%),
Central (70%) regions.

5.5 Discussion

To investigate terroir welfare in Burkina Faso, we composed an index,
CAI, from variables representing household assets in the 2009 AGRISTAT
survey data. Weights were assigned to the correlated asset variables
by using a sound statistical procedure, so that CAI reflects the contri-
bution of each individual asset. It was shown that the CAI effectively
characterizes the differing welfare levels of terroir communities. The
CAI observations at surveyed community locations are related to the
collocated values of stressor variables. By exploring these relationships
locally, the geographically weighted regression (GWR) gave a sufficiently
varying measure of poverty and marginality of terroir communities.
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5.5. Discussion

Well-justified variables are used to create the CAI so that it can provide
a strong logical base for poverty mapping. For this we performed both an
extensive review on poverty mapping in West Africa and an in-depth as-
sessment of existing poverty patterns in the country’s household survey
data. We observed that poor households in rural Burkina Faso often have
marginal food production (i.e. insufficient to meet their consumption
requirements). This is also reflected in the AGRISTAT data where food
insecure households consistently fail to attain an adequate cereal produc-
tion for food consumption (AGRISTAT, 2010). To compose the CAI we,
therefore, selected asset variables that were directly related to household
food production and consumption. The factor analysis confirmed our
choices as the Chi-square significance (p < 0.05) suggested that the
common factors can sufficiently explain the intercorrelations among the
variables included in the analysis. This analysis also showed that the first
factor of CAI has loadings on the household asset variables, including
expected cereal production, cereal stocks, and number of animals owned.
Obviously, these variables can be related to the levels of household food
production in the study area. Also, the variance of second CAI factor
was significantly (88%) explained by the asset variable on household food
consumption.

The calculation of the CAI required a logarithmic transformation of
the asset data, followed by a Min-Max transformation to the [0,1] interval.
In this way we could arrive at a common measurement scale not affected
by the units of each asset variable. To justify this, we explored several
other methods as well. Those included ranking, standardizing the data
towards values with zero mean and a standard deviation of one, and use
of a categorical scale level. The Min-Max proved the most robust one in
terms of taking into account the data properties and being closest to a
normal distribution.

The CAI is related to various regional and global spatial datasets
from a range of domains, including (i) RS-based products depicting agro-
ecological stresses related to weather, soil and topography, (ii) maps
of urban, rural and total population densities, and (iii) maps showing
distance to markets and travel time maps indicating degree of geographic
accessibility to urban cities of population size 20, 50, 100, and 250 thou-
sands. Spatial variation of the CAI in terroir communities is, however,
mainly affected by the variables belonging to the agro-ecological domain.
These variables indicate a strong environmental stress on the households’
food production potential. Because of this stress, the rainfed cereal pro-
duction is destined mainly for household consumption, with only 10-20 %
of the cereals brought to market (USAID, 2009). For the arid and semiarid
regions in the North, a highly positive local relation between CAI and
livestock (Figure 5.3e) indicates that marginal communities tend to have
more livestock to counter less favorable agro-ecological conditions.

The proposed CAI has strong local correlation with the stressors from
RS-based products. Spatial prediction models incorporate local depend-
ence into the process of prediction, for which GWR tends to calibrate
local models on each surveyed location. The GWR technique has been
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widely used to investigate spatial non-stationary present in geographical
relationships (Fotheringham et al., 2002). Local coefficient estimation
in GWR largely depends on selecting an optimal kernel bandwidth (Gao
et al., 2012; Leyk et al., 2012). Furthermore, the GWR technique is more
sensitive to the effect of multicollinearity (Wheeler & Tiefelsdorf, 2005)
than the OLS regression. A careful use of diagnostic statistics was, there-
fore, accomplished to confirm reliable GWR experimentation. Both the
diagnostic testing and the visual interpretation of local coefficient distri-
butions in study area showed significant spatial non-stationarity of the
stressor variables.

The reason of positive GWR relationships between CAI and TPD may
be that a higher population density is usually related to more labor avail-
ability. Areas having a higher rate of arable land growth often face labor
constraints (West et al., 2008). About 18% of the country’s 46% arable
land is concentrated in the West and South of the study area (USAID,
2009). Negative GWR relationships between CAI and population density
may be attributed to a relatively high population growth as compared to
increase in cultivation land per household, which often exerts greatest
pressure on land nearby urban centers, and in the Central Plateau. The
negative correlation of MARKD with CAI means that a decrease in the
distance to market is associated with an increase in welfare. One possible
explanation for this negative relationship is that distant locations are
usually accompanied with a decline of community’s ability to access food
from markets. Particularly in livestock-dominant eastern and northern
regions, a low cereal production level and being far from market together
put a terroir community at risk of getting high food prices (USAID, 2009).

Compared to the HCI in the Center, a high CPI average is observed
in some terroir communities nearby the urban areas. This indicates
that some non-farm activities are contributing heavily to the communal
income and employment. Slightly above-average CPI is observed in
Sahel. It is a livestock dominant region because lack of favorable agro-
ecological conditions often poses a low cereal production. Slightly below-
average CPI value in the North region may be due to the fact that the
welfare in CAI is evaluated in the view of households food production
potential based on both the current cereal stocks and the expected cereal
production. Whereas, HCI calculated from the national surveys indicates
proportion of household whose current expenditure level is under the
established poverty line (i.e. 1 USD adult−1 day−1).

In addition to the link to agricultural and livestock production system,
further experimentation with this approach to poverty extrapolation
is needed. This should include the following: (i) evaluating welfare
variables that represent non-farm activities, e.g. fishery, handicrafts,
mining, particularly for communities residing near the urban areas or
for considering terroir employment during the dry season, (ii) other
stresses to food productivity like limited access to inputs, credit, and
land, and (iii) evaluating the effect of food utilization like limited access
to adequate health services, potable water and sanitation.

We intend to use this study output in our ongoing research to spatial-
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ize the bio-economic farm model (BEFM) over large areas in West Africa.
This BEFM focusses on Burkinabé subsistence terroir communities and
helps formulate sustainable farm policies, by effectively associating the
production potential of their land parcels and their marginality status
and food consumption requirement. The marginality assessment is ne-
cessary to further asses the communities capability of applying modern
inputs like fertilizers, pest control, and crop varieties. Serving this input,
the poverty and marginality maps will allow parameterizing the BEFM
for all 7000 terroir communities in Burkina Faso. Further extending this
approach to the whole of West Africa will require a careful selection of
asset variables to compose welfare index for terroir communities in the
entire region.

5.6 Conclusion

This study shows the performance of the composite asset index (CAI) for
poverty mapping in Burkina Faso. The index replaces common indices,
and is based on survey data. CAI is interpolated and mapped towards the
entire country by using the RS-derived external covariates that represent
agro-ecological stress.

The study shows that 58% of the variance of CAI is explained by the
factor representing variables of food production and 42% is explained by
the factor representing variables of food consumption. The composite
asset index thus well represents the variation of welfare and marginality
in terroir communities. This variation is significantly explained by the
stressor variables of NDVI, rainfall, length of growing period, soil nutri-
ents, and topography. Spatial dependency between CAI and the stressor
variables is incorporated into a geographically weighted regression (GWR)
model that is able to identify areas where poor agro-ecological condi-
tions constrain terroir communities from attaining an adequate level of
welfare.

We conclude that level of household food production and consump-
tion is directly related to a welfare and poverty level in the Burkinabé
terroir communities. Relationship between CAI and the stressor variables
varies considerably between the terroir communities. The composite
poverty index (CPI) based on the predicted CAI showed similar patterns as
compared to the commonly applied Headcount Index. We thus conclude
that agro-ecological marginality and poverty incidence are positively
related in terroir areas of Burkina Faso.

Timely, cost-effective, and fine resolution poverty maps of CAI were
generated targeting terroir areas. These maps can be applied for de-
cision making related to food security and poverty. This study has thus
highlighted the potential of the proposed method to identify causes of
poverty that may help formulate better policies.
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6Reflections, Conclusions and
Further Recommendations

Data scarcity poses obstacles to apply agricultural models at regional
scales, and, thus, to develop location based wall to wall services. In
particular, in developing countries like Burkina Faso, lack of spatially-
explicit data demands upscaling a range of variables from the existing
datasets such as ground surveys or remote sensing (RS) products. Statist-
ical models can be applied for upscaling variables estimated at the field/
household level to farm and even to whole countries. However, spatial
upscaling requires including various environmental and socioeconomic
factors that drive spatial variability of the variables over large hetero-
geneous areas. Spatial statistics can be applied to upscale the variable
estimates to regional scale through modeling their high spatial variability.
Moreover, spatial data infrastructure (SDI) technology can be used for
linking the existing databases to models, but its deployment requires
the models to be adapted for spatially-explicit datasets and upscaling
procedures. Focusing on these issues, this research is undertaken:

1. To investigate SDI technology to propose a flexible framework to
link spatial upscaling to simulation models at regional scale for
deploying wall to wall services.

2. To model the relationship between the observed crop yields and
their collocated explanatory variables at the terroir level and to
upscale the yield estimates to the national-scale of Burkina Faso.

3. To model uncertainty in the regional modeling and upscaling of
crop yields in Burkina Faso.

4. To model the farmers welfare and marginality status at the terroir
level using targeted household surveys, and to investigate regional
and global datasets including RS products for upscaling the terroir-
level marginality estimates to the national-scale of Burkina Faso.

Methods from spatial data infrastructure (SDI) technology were used
for providing a flexible environment for integration and spatial statistics
were applied for upscaling. This research resulted into the following
reflections, conclusions and further recommendations for the different
research objectives.
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6.1 Reflections

6.1.1 Reflection on the use of SDI technology for data and model
integration

A particular objective of this study is to propose a flexible framework
to link upscaling models to farm simulation models at regional scale.
Regarding this, the study explores how such a framework can take
benefit from the SDI base technology, and how the regional models can
be adapted for wall to wall SDI services. By model adaptation as a wall to
wall service, we mean

1. the model is a web service which can essentially be instantiated for
any terroir location in the country.

2. the model web service can be initialized with the orchestration of
other web services for spatially-explicit data, either upscaled with
the spatial statistical models (e.g. regional models of crop yields
and farmers marginally) or provided by third-party datasets (e.g.
ground surveys, RS data).

3. the framework system is robust for exposing quality of data and
model services through metedata, and, thus, it allows for services
discovery and binding for a terroir location.

Deploying such wall to wall services is challenging, particularly for a
variety of data and models at regional scale. To do so, several methods
from SDI base technology are explored, including geospatial metadata,
standards, semantics, visualization, and web mapping (i.e. catalogues).
Based on this, a framework system is proposed (cf. Chapter 2) to achieve
an adequate level of technical and conceptual interoperability in data
and models integration as,

6.1.1.1 Technical integration

To overcome the technical barriers, it is proposed to implement open
geospatial consortium (OGC) standard interfaces and data encoding. This
research demonstrates the use of OGC standard interfaces for deploying
data and models as geospatial web services. The models deployed with
OGC web processing service (WPS) standard and the datasets with OGC
web feature service (WFS) standard can expose their quality (i.e. fitness-
for-use) through metadata, which was found useful to discover and
integrate appropriate resources in providing wall to wall agricultural
services. The use of OGC web services and of a lightweight web browser
interface is adequate for linking data and model web services published
in the catalogues. This interface is user-friendly so that even less expert
end-users can easily discover and link web services for data and models
and devise effective farming practices.

The model web service deployed in this study is static, e.g., the model
results represent the equilibrium situation for a single crop season
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in a year in Burkina Faso. Consequently, the linking of model web
services with other services may be relatively straight forward. But,
simulations may require linking outcomes across many crop seasons in
a year. Such interdependent outcomes may not be well encapsulated
by the OGC web standards as for instance in OpenMI framework for
integrating legacy models. The OpenMI framework, however, causes
dependencies on framework-specific libraries that may be difficult to
resolve when using the model elsewhere. This kind of dependency can
be overcome by publishing model components following the publish-
find-bind paradigm of service oriented architecture (i.e. based on XML
standards like UDDI or ebXML), as adapted in current SDIs, for example,
in SOA-based INSPIRE architecture. Moreover, the applicability of the OGC
and OpenMI standards can be used in conjunction for service oriented
environmental modeling, to overcome limitations of the two, as adopted
in (Castronova et al., 2013).

6.1.1.2 Conceptual integration

A paramount obstacle to provide wall to wall services is the conceptual
and semantic mismatching of data and models. To overcome this, it is
proposed to design an integrated conceptual schema. This, on the one
hand, essentially conceptualizes concepts in the third-party databases.
Whereas on the other hand, it explicates the parametric space of mod-
els. The target schema can reflect the model formalisms that express
model inputs/parameters and their associations to model assumptions.
The classes and their relationships (i.e. terminology) in the integrated
conceptual schema are proposed to be derived from a shared ontology.
Following the target integrated schema, the database schemas can be
transformed, and the results can be materialized into an integrated data-
base or can be linked to a model through deploying a geospatial data
service. The established mapping of source and target schema in this
setting can provide the bases for conceptual and semantic integration
and models in an SDI environment.

6.1.1.3 Transformation services

For deploying wall to wall services, the SDI-based framework proposes to
make models spatially-aware at regional scale and to achieve geospatial
data and models integration loosely through OGC-compliant wrapper im-
plementations. National SDIs however mostly adopt a top-down approach
for sharing spatial datasets to a broad range of applications, whereas, a
specific application or end-user needs are unforeseen. Therefore, SDIs
often provide the implementation specifications for transformation ser-
vices to bring diverse spatial datasets published in SDI catalogs to the
requirements of applications (e.g. spatial analysis unit, level of detail).
In this regards, this research discusses the prospect for transformation
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services, in the context of adapting regional models of crop yield and
marginality and sharing survey data to wall to wall services. Based on
these implementations, two types of transformations were identified:
scale-related and schema-related. The scale-related transformations can
be accomplished through applying spatial statistical models, such as the
models applied for upscaling crop yield and marginality to regional scale
(cf. Chapters 3 and 5). The schema-related transformations concern to
spatial mapping from source schema to target schema in the thematic
attribute space, e.g., spatially aggregating all household members in a
terroir to compute available family labor (i.e. management data). Schema-
related transformations can be accomplished through schema mapping
operators, such as designed in Appendices D. In SDI framework, these
operators can be deployed through GIS functionality offered by spatial
database systems (e.g. PostGIS) or by geospatial web processing service
(i.e. OGC WPS).

With the provision of versatile transformation services in a SDI-based
framework for environmental applications, an important issue is to com-
municate uncertainty/error information through the participant Geospa-
tial services. This is particularly the case of scale-related transformations
that use spatial upscaling procedures. The quantified uncertainty in
upscaling (cf. Chapter 4) should be communicated when a geospatial
data service is linked to the participant model service, particularly if the
model input is sensitive to uncertainty.

6.1.2 Reflection on the use of spatial statistics for upscaling and
modeling

6.1.2.1 A data quality perspective

Applying spatial upscaling to crop yield and marginality is challenging,
particularly from field/household to terroir level and to the national-scale
of Burkina Faso, because

• lack of sufficient data on the factors of spatial variability in crop
yield and marginality.

• complex locally-varying farming and cropping conditions.

• uncertainties inherent in the spatial data and/or in the spatial
upscaling, and/or in their integration.

For the first issue, national statistical databases such as AGRISTAT
in Burkina Faso provide field observations of a range of biophysical and
socioeconomic variables. However, due to high operational costs, the
measurements are taken for selected georeferenced locations at a relat-
ively coarse spatial and temporal resolution. In this research, we used
AGRISTAT data from the field surveys conducted in 2009. These surveys
were conducted in 351 representative terroirs out of the approximately
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7000 terroirs in the country. Several socioeconomic and management
variables such as labor and input costs may be obtained from the sur-
vey data, which may be used as representatives or proxies in models
at regional scale. This is more difficult for the biophysical variables as
they need to represent areas with high spatial variability. One solution
could be to use agroecological zones as representatives for agroecolo-
gical suitability, but these zones are too coarse to represent the terroir
level farming and cropping conditions at regional scale. Alternatively,
remote sensing can be used as it provides timely and synoptic coverage.
With the application of relatively high resolution remote sensing, the
spatial models has shown clear advantages to upscale a range of sur-
veyed variables from household level to terroir and to the national-scale
of Burkina Faso.

Second, the variables of land and crop performance may be spatially
related to their underlying factors in terroirs. However, these relation-
ships may exhibit spatial non-stationarity due to heterogeneous land-
scape in Burkina Faso, which may not be fully captured by global spatial
models. Alternatively, local models such as the geographically weighted
regression (GWR) may be applied to model spatial non-stationarity in the
relationships. In doing so, they are able to upscale the variables surveyed
at representative terroirs to the country. To model spatial dependency
in data, GWR uses kernel functions while geostatistical methods use
variograms. Therefore, the spatial models were compared for precisely
taking into account the locally-varying farming and cropping conditions
in the process of upscaling variables to regional scale, and, thus, result-
ing more accurate representative data for wall to wall services in Burkina
Faso.

Third, uncertainty may be induced when the spatial models of up-
scaling are linked with several spatial datasets of different supports.
Uncertainties may also be associated with field measurements, sampling
and monitoring networks, and flaws in the upscaling procedures or in the
statistical analysis itself. Uncertainty may further be introduced as a res-
ult of inadequacy of models to incorporate the spatial variability in large
heterogeneous areas, in particular in West Africa. The quantification
and propagation of uncertainties should therefore be an integral part of
research on spatial modeling and upscaling. Therefore, a solid statistical
methodology is applied for uncertainty assessment in this research. It
quantifies jointly and systematically the uncertainties manifested in the
spatial models for upscaling. The methodology proceeds as,

• first, to test the sampling network of representative terroirs in
Burkina Faso, it applies point pattern analysis to check whether the
field measurements are not clustered in the country.

• second, to quantify uncertainty in upscaled estimates, it presents
a hybrid approach of geographical weighted regression kriging
(GWRK), which applies geographically weighted regression (GWR) to
model the local drift, and kriging to interpolate the GWR residuals.

• third, to test inadequacies in the model itself, it compares the
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GWRK performance of uncertainty quantification with ordinary kri-
ging (OK), kriging with external drift (KED), and regression kriging
(MLRK).

The developed methodology for uncertainty quantification was ap-
plied on the regional crop yield modeling and upscaling in Burkina Faso.
The spatially-explicit results of the quantified uncertainty in regional
model can be obtained on gridded uncertainty maps, which can then be
communicated for incorporation when the upscaled estimates are linked
to the model application.

6.1.2.2 The case of regional crop yield modeling

Different environmental (e.g. rainfall, elevation, slope, soil type and water
holding capacity) and management (e.g. labor availability) factors affect
the yields of both food crops (i.e. sorghum and millet) and commercial
crops (i.e. cotton) in the country. By establishing local relationships
of crop yields with those factors, crop yield models were developed
to fit the heterogeneous conditions found at a regional scale in West-
Africa. Prediction accuracy of regression models in general and in the
GWR model in particular largely depends upon the accuracy of the
estimated relationships. Because the estimates of local coefficients in
GWR are influenced by the spatial scales of crop yield observations and
factors affecting crop yields. Different diagnostic statistics were used
for accurately incorporating spatial non-stationary into the GWR local
relationships. However, finding a precise spatial scale at which local
relations can accurately represent the modeled processes deserves a
separate research. Remote sensing-based vegetation indices such as
the Normalized Difference Vegetation Index (NDVI) derived from SPOT-
VEGETATION data can efficiently reveal the spatial variability of crop
yields in the study area. Crop yield values show a positive relation with
NDVI values as well as with rainfall estimates that can be obtained from
remotely sensed imagery. Modeling crop yields further shows that the
influence of hydrological processes related to slope and elevation, and
soil properties can be evaluated to estimate yield spatial variability of
main crops in Burkina Faso.

Statistical testing was found useful to check if spatial-stationarity
is present in the crop yield relationship with the explanatory variables.
This however is not sufficient to show improved performance of a model
to explain crop yields after incorporating spatial non-stationarity inform-
ation. Comparing global CAR and local GWR models is important to test
the effect of spatial non-stationarity in the relationships between crop
yields and the explanatory variables. In doing so, the performance of
GWR was found better than that of CAR models for crop yields in Burkina
Faso. For areas with a low performance of local prediction, GWR can be
improved further by including land cover maps showing cropping areas
on grid cells. Moreover, GWR models can be calibrated with RS data to
generate timely and accurate crop yield maps in Burkina Faso, which can
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subsequently be used to initialize the bio-economic farm model for crop
yield estimates in individual terroirs. These methods can also be applied
to quantify other variables of farming systems for applying bio-economic
farm models at national or regional scales.

6.1.2.3 The case of uncertainty modeling in crop yield upscaling

Observations of crop yields obtained from ground surveys were upscaled
from terroir level to the scale of Burkina Faso. The upscaling accuracy
however depends upon the accuracy of the modeled relations between
observed crop yield and its collocated explanatory variables, including
SPOT-VEGETATION (NDVI) data, elevation, slope, and rainfall. GWRK
performance is compared for accuracy with OK, KED, and MLRK. The
accuracy is compared both for crop yield upscaling and for estimation
of uncertainty surrounding those upscaling outcomes.

Accuracy of the crop yield upscaling can be effectively evaluated using
absolute error (MAE), mean square error (MSE), and the adjusted coeffi-
cient of determination, R2

a. This however essentially be validated from
independent datasets. But the unavailability of independent validation
data in West-African countries like Burkina Faso is common and this may
lead to a lack of credibility of the results. One solution to this problem
may be to divide the available data into the experimental and validation
datasets, but data availability and representativeness is an important
limiting factor at regional scale. Alternatively, the cross-validation stat-
istic is applied in this research, which omits part of the observations for
validation and upscales the remaining dataset towards the locations of
the omitted data, followed by minimizing the root mean square error
(RMSE) between the upscaled data with the omitted data. Following this,
the RMSE of residuals cross validation can be used to evaluate accuracy
of uncertainty estimation in crop yield upscaling to regional scales in
West-Africa.

6.1.2.4 The case of regional marginality modeling

Quantifying socioeconomic variables is highly challenging, because factors
influencing such variables are complex. Most terroir communities do sub-
sistence farming and the marginality modeling estimates their welfare
status to assess their capability of applying modern inputs like fertilizers,
pest control, and crop varieties. To estimate farmers welfare, indices are
often obtained from targeted household surveys. For example, the head-
count index is the percent of the population in an area living below an
established poverty line, i.e., a normative level of income or expenditure.
However, a clear insight into the likely causes of welfare and poverty
is usually missing, because their factors are not included during their
modeling. In terroir economies based on subsistence agriculture, factors
such as income and expenditure may not be sufficient to map welfare
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and poverty. This research used an approach in which, on one hand,
a range of welfare and poverty aspects related to the terroir farming
system were analyzed in the development of a welfare index. On the
other hand, it quantified the increased susceptibility of specific areas to
become marginal due to extreme events of environmental constraints.
Thus, our welfare modeling approach based on the relationship between
the welfare index and various stressors can generate not only the high
resolution welfare and poverty estimates, but it can also reveal poverty
patterns that can be effectively interpreted as compared to the com-
monly applied headcount index. Using field surveys and remote sensing
products, these methods can be applied for sub-national welfare and
poverty modeling in developing countries.

In developing a new welfare index for farmer communities in Burk-
inabé terroirs (in Chapter 5), the agro-ecological potential of their land
parcels and food consumption requirement were associated to their
welfare status. It was shown that asset variables of agricultural produc-
tion, household stocks, household food consumption, and number of
animals owned significantly contribute to the welfare index. These asset
variables can be extracted from the household surveys. Spatially varying
agroecological conditions, e.g., weather, soil and topography have a ma-
jor impact on agro-ecological potential of terroirs. These stress factors
can be quantified using RS products. The Harmonic ANalysis of Time
Series (HANTS) algorithm applied on time series of SPOT-VEGETATION
(NDVI) and of TAMSAT (rainfall) estimates was able to reveal patterns
of agroecological suitability within terroirs. Additionally, factors such
as length of growing season, soil nutrients, and topography have an
immense impact on the agro-ecological potential of terroirs.

Geographical weighted regression can be applied to relate locally
the welfare index to the agricultural production factors for each terroir.
Subsequently, these relationships can be used for inferring levels of
welfare indicator to whole of Burkina Faso. This modeling can provide
a spatially detailed view of welfare and poverty of the farmers in the
country. Yet, other factors such as limited access to credit may also be
analyzed as agroecological stresses on food production. For this study,
data on fertilizer applications, pesticides applications, and irrigation
information were not available. The estimates of farmers welfare status
can also be used as a proxy of farmers economic capacity to apply
advanced inputs. Availability of detailed management data, however, can
contribute more precise information to quantify the effects of different
factors on the food production of the terroirs. Nevertheless, this study
has highlighted the potential of the proposed method to identify causes
of farmers marginality, which can be further linked with integrative
studies to optimally allocate terroir resources for better agricultural
production to securing food.
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6.1.3 Implementing the proposed framework for wall to wall
services

A case study implements the proposed framework design to deploy a
wall to wall service in Burkina Faso. The service devises the optimized
plans for on-terroir decision-making based on integratively assessing the
several terroir resources. To do so, the service links the spatial upscaling
of crop yields and farmers marginality to a bio-economic farm model,
which is used as a farm simulation model for optimization. The basic
purpose of using the bio-economic farm model is to demonstrate: (i)
its adaptation in developing wall to wall agricultural services for on-
terroir decision-making, (ii) its deployment as a geospatial standard web
service, and (ii) its adaptation for regional modeling and upscaling in an
SDI-based framework.

To deploy the farm simulation model as a web service, the study set
out to provide a standard wrapper to allow the model to be exposed as
an OGC web processing service. A source conceptual schema (Appendix
C) was designed for the AGRISTAT survey data and a target integrated
schema (cf. Figure 2.7) was designed for the integrated database. For
the conceptual harmonization in these schemas, the concepts, classes
and their relationships were derived from the SEAMLESS shared ontology
(cf. Chapter 2). By means of providing both scale-related and schema-
related transformations, the source conceptual schema was transformed
into the integrated database in PostGIS/PostgreSQL. The scale-related
transformations were provided by upscaling crop yield and marginality
at the terroir level to the scale of Burkina Faso (cf. Chapters 3 and
5). In doing so, the uncertainty was quantified (cf. Chapter4), and the
resulting uncertainty maps were stored in the integrated database. The
schema-related transformations were provided by implementing schema
mapping operators (Appendices D) by means of the GIS functionality
in PostGIS. The OGC web feature services (WFSs) were deployed on top
of the integrated database. Both the model service (i.e. WPS) and data
services (i.e. WFSs) were published in catalogues. The end-user can
discover and bind the data services to the model service for initialization
at an individual terroir location. Communication of the uncertainty
information (i.e. the quantified uncertainty in regional models), when the
geospatial data services are linked to the model service, is postponed to
future research due to limited time for this study.

6.2 Conclusions

1. Objective 1: To investigate SDI technology to propose a flexible
framework to link spatial upscaling to simulation models at regional
scale for deploying wall to wall services.

The study concludes that the model deployed as a service through
OGC standard wrapper implementations achieves an adequate level
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of interoperability for interacting with geospatial data services,
and it ensures end-user communication. The deployed framework
allows accomplishing tasks of model Initialization through geo-
spatial data services. The choice of terroir location determines
which third-party datasets are going to be used, and the framework
effectively accommodates this. Use of integrated database is found
effective for conceptually linking various datasets and spatial mod-
els of upscaling to the bio-economic farm models. The integrated
conceptual schema allows making explicit the model formalisms.
The SEAMLESS ontology is useful to align the semantics between
data and model formalisms in the agricultural domain. Using a
lightweight web browser, farmers and extension workers can find
data and model services published in catalogues to bind into ex-
ecutable workflows on a terroir location. This deployment, however,
requires a usability test and proper feedback from the extension
workers in Burkina Faso.

We conclude that the geospatial web services provide a scalable
way of discovering and linking data and models for wall to wall
agricultural services. The use of integrated schema and ontology,
in the field of semantic extension of the web, has advantage for
matching heterogeneous data and simulation model services, which
is of high relevance to the future design of open service platforms
for integrative assessments. Spatial upscaling is useful to accom-
plish scale-related transformations for wall to wall SDI services.
Benefiting from SDI technology, the proposed framework has po-
tential for enabling community participation in a common problem
that results in the introspection of interoperable data and models
as web services. Such a provision can enable wider exploitation of
existing SDI catalogues to facilitate the integrated assessments of
various resources in farming systems. Due to a relatively limited
time for this study, integrating data and models web services did
not take into account communicating uncertainty associated with
those components but on a longer term, this should be investigated
for precise assessments.

2. Objective 2: To model the relationship between the observed crop
yields and their collocated explanatory variables at the terroir level
and to upscale the yield estimates to the national-scale of Burkina
Faso.

The study concludes that modeling crop yields over the highly
heterogeneous landscape of Burkina Faso requires incorporating
the spatial variability of rainfall, topography, labor availability,
and selected soil properties, including carbonate, loam and sand
content, as well as water holding capacity. By applying the CAR
and GWR spatial models, this study observes that SPOT NDVI,
elevation, slope, and rainfall significantly affect crop yield spatial
variability in both the semiarid and subhumid zones. By means
of applying principal component analysis on vegetation indices
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and calibrating GWR for local relations between crop yield and its
affecting factors, several spatial and temporal instabilities could
be overcome in the spatial analysis of crop yields at the national
scale. In the semiarid zone, soil properties and labor availability
also influence sorghum and millet yields. For terroirs with high
values of these variables, the study observes a significant increase
in sorghum yield, to a maximum of 350 kg ha−1, and an increase
in millet yield, to a maximum of 275 kg ha−1. In the subhumid
zone, the maximum increase in cotton yield is 210 kg ha−1, on
the Southwest uplands; the maximum increase in millet yield is
275 kg ha−1, on downstream terroirs with steeper slopes; and the
maximum increase in sorghum yield is equal to 200 kg ha−1, on
areas having a higher frequency of rainfall and carbonate content
in the soil.

Spatial variability of crop yields was observed with local models,
showing that the effect of explanatory variables is highly localized
in the study area. Monte Carlo analysis further confirms the spatial
variability of the observed relationships. Thus, accounting for
spatial non-stationarity is essential for improving the quality of
crop yield upscaling in Burkina Faso. By incorporating the extent
of the spatial non-stationarity into the relations, GWR can perform
better than the CAR models for upscaling crop yields. Thus, the
improvement of the GWR model over the CAR model suggests that
the spatial covariates vary spatially in their effects across Burkinabé
terroirs. However, the study observes that CAR models perform
better than GWR models in areas with less than adequate crop
yield observations. The performance of GWR models in some areas
could be improved further by including land cover maps showing
cropping areas on grid cells.

3. Objective 3: To model uncertainty in the regional modeling and
upscaling of crop yields in Burkina Faso.

The study concludes that the sampling network of representative
terroirs in Burkina Faso is not clustered, and, thus, it is not in-
ducing uncertainty into the modeling and upscaling of crop yield
at regional scale. A high spatial variation is observed in local
parameter estimates of climate, topography, financial ability of
farmers and labor availability. SPOT NDVI, precipitation, and eleva-
tion successfully explain the favorable cropping conditions along
agroecological gradients and between terroir sites. Geographical
weighted regression kriging (GWRK) improves the upscaling accur-
acy of crop yields by taking into account the spatial variability of
local relations between crop yield and factors affecting crop yields.
GWRK is superior to all other kriging-based approaches, with the
improved values of R2

a equal to 90% and RMSE equal to 71.2. GWRK
effectively utilized information present in the external covariate
datasets, improving accuracy of the crop yield modeling and up-
scaling. Compared to KED and MLRK, both the MAE value and the
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prediction error variance are reduced in GWRK (480 versus 523 and
503) and (20.4 versus 38.2 and 34.1). Moreover, estimation of error
variances is more accurate compared to all other approaches. We
conclude that GWRK has potential to upscale accurately over larger
areas, using external covariate datasets, specifically in situations of
spatial non-stationary relations that could not be properly modeled
with non-spatial regression-based approaches.

4. Objective 4: To model the farmers welfare and marginality status at
the terroir level using targeted household surveys, and to investigate
regional and global datasets including RS products for upscaling the
terroir-level marginality estimates to the national-scale of Burkina
Faso.

Remote sensing and spatial models were able to quantify the agro-
ecological potential of terroirs and to relate it to the index values
representing farmer’s welfare status. This study shows that 58%
of the variance of the welfare index can be explained by the factor
representing variables of food production and 42% can be explained
by the factor representing variables of food consumption. This
study thus concludes that levels of agricultural production and
household food consumption are directly related to welfare levels
of farmers within the Burkinabé terroirs. The levels of agricultural
production are significantly explained by the stressor variables
of NDVI, rainfall, length of growing period, soil nutrients, and
topography. The relationship between the stressor variables and
the welfare index varies considerably between the terroirs. Spatial
dependency between the stressor variables and the welfare index
can be incorporated into a GWR model that is able to identify
areas where poor agro-ecological conditions constrained terroirs
from attaining an adequate level of welfare. GWR can be used
to link well the spatial distributions of the welfare index and the
agroecological suitability. Thus the welfare index represents well
the variation of farmer’s welfare in terroirs. Spatial variation of the
farmers welfare shows that high marginal terroirs belong to the
North, South Central, Central Plateau, Boucle du Mouhaun, and East
Central regions.

The study further concludes that interpreting GWR local coefficients
can allow investigating the relationship between levels of welfare
and food security at national and regional scales. The poverty index
based on the upscaled welfare index showed similar patterns as
compared to the commonly applied headcount index. This means
that agro-ecological potential and poverty incidence are positively
related within the Burkinabé terroirs. Timely, cost effective, and
fine resolution poverty maps of farmers welfare and poverty can be
generated targeting rural areas in other countries. These maps can
be applied as representative data for assessing farmers capability
of applying modern inputs like fertilizers, pest control, and crop
varieties.
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6.3 Recommendations

The above leads to the following recommendations for future research in
providing the location based wall to wall services that support planning
and decision-making based on the integrated assessment of agricultural
resources:

1. Schema-related transformations were provided by means of im-
plementing schema mapping operators. Their implementation re-
quires analyzing metadata information in the integrated database.
This analysis needs to be automated in a web service environment
to allow data and models harmonization on-the-fly without user
involvement. By doing so, geospatial data services could provide
automatic transformations of spatial datasets when a model needs
to initialize its parameters for application at a terroir location.
Today’s technology for metadata analysis, however, is too imma-
ture to expect automated solutions to solve this problem.

2. Presently the model formalisms are described in developing an
integrated conceptual schema. However, the OGC WPS interface
for a model should make explicit the model functionality based on
model assumptions, inputs, and model spatial and temporal extent
and support unit. This is difficult with the present WPS standard,
being rather generic and not providing options to describe complex
models in detail. Therefore, to make explicit the particular descrip-
tions of a BEFM, the development of WPS application profiles may
be investigated in future. Following this, the integrated schema can
be described in a target WPS application profile, and spatial data
services can be automatically replaced or perform transformations
otherwise, if source data models do not meet the model quality
requirements described in the target profile.

3. Crop-specific high-resolution land cover and land-use maps were
not available for the study area. Such maps would have been
useful for accurately delineating areas where crops are actually
grown. This results into uncertainty when estimating local crop
yield relations in parcels on which mixed cropping is practiced.
Additional explanatory variables may further be obtained from
cultural or socioeconomic characteristics, investment capacity or
policy factors.

4. To effectively characterize the terroir land units in Burkina Faso,
the methodology developed in this research needs to be applied for
upscaling other input variables, such as crop lands, for integrative
studies at regional scales. In the case study in Chapter 2, the crop
land information obtained from 351 representative terroirs were
used as proxy data. Future studies may improve the quality of this
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input by applying high resolution remote sensing. Remote sensing
has potential to delineate the crop lands.

5. For crop yield modeling at the regional scale, the normalized differ-
ence vegetation index (NDVI) might be more sensitive to differences
in background soil contamination that to biophysical parameters
such as canopy cover or the amount of chlorophyll present in the
canopy. Future studies might address the sensitivity to the variation
of brightness contrast between vegetation and soil background, or
the use of alternative vegetation indices that are less influenced by
confounding factors.

6. The Harmonized World Soil Database (HWSD) provides soil data
for many Sub-Saharan countries, but they are not yet available for
Burkina Faso. Presently, we used soil data from HarvestChoice.
The HWSD gridded soil data may be used in the future to better
represent soil properties at the level of detail that is demanded by
the GWRK model of crop yield as performed in this study.

7. With the provision of versatile transformation services, for location
based service at large scales, a vital issue that needs further invest-
igation is how to communicate the quantified uncertainty in the
datasets or in the models. Spatial models for scale-related trans-
formations of datasets might induce some error or uncertainty.
These must be communicated to the participant model services,
particularly if the model input is sensitive to uncertainty. Moreover,
uncertainty is associated with model assumptions and paramet-
ers. Cumulative uncertainty arising from the participant data and
model services in web-based workflows must be communicated the
decision-makers.

8. Extending the marginality upscaling approach to the whole of West
Africa will require a careful selection of asset variables to com-
pose welfare index for rural communities in the entire region. The
present study considers only the welfare aspects related to the
households food consumption and to the terroir agricultural pro-
duction. However, in other countries, these assets may not be
sufficient to characterize welfare. For instance, evaluating access to
adequate health services, potable water and sanitation could also
add useful information to the welfare index. In urban areas, the
welfare variables that represent non-farm activities, e.g. fishery,
handicrafts, mining must also be considered.

9. Future work should focus on examining solutions that will (1) close
the conceptual gap in data type definition of model inputs/outputs
and spatial datasets, and (2) describe model semantics (for example,
model formalisms) to enable automatic composition of OGC data
and model services in an SDI environment.
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AMathematical formulations of
objective function and constraints
of the BEFM

A.1 Objective function

E_CINCOME(f) . . . OBJ =E= REV(f) - PRODCOST(f) - FOODCOST(f);

A.2 Constraints

1. Production constraint

E_PRODUCT(f, i, aez) . . . OUTPUT(f, i, aez) =E= yield(f,i,aez) ∗ A(f, i,
aez);

2. Revenue constraint

E_REVENUE(f) . . . REV(f) =E= SUM(aez,(SUM(i,price(f, i) ∗ OUTPUT(f,
i, aez))));

3. Capital constraint

E_CAPITAL(f, i, aez) . . . C(f,i,aez) =E=inputs(f , i, aez) ∗ A(f, i, aez);

4. Food consumption/security constraint

E_FOOD_SECURITY(f, i)$food(i) . . . SUM(aez,OUTPUT(f, i, aez)) +
PURCH(f, i) =G= cons(i) ∗ size(f);

5. Cost constraints

• E_PRODCOST(f) . . . PRODCOST(f) =E= SUM(aez, SUM(i$crops(i),
K(f, i, aez) + wage ∗ TLABOUR(f, i, aez)) + SUM(i$past(i),K(f, i,
aez)+ wage ∗ TLABOUR(f, i, aez)));

Where wage is a scalar number for daily wage.

• E_FOODCOST(f) . . . FOODCOST(f) =E= SUM(i$food(i), PURCH(f,
i) ∗ price(f, i));

6. Budget constraint

E_BUDGET(f) . . . PRODCOST(f) + FOODCOST(f) =L= capstart(f);
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A. Mathematical formulations of objective function and constraints of the BEFM

7. Labor constraints

• F_LABOUR(f) . . . SUM(i, SUM(aez, FLABOUR(f,i,aez))) =L= work-
days ∗ famlab(f);
Where workdays=260 is a scalar number for working days per
year.

• E_LABOUR(f,i,aez) . . . A(f, i, aez)∗ labreq(i, aez) =L= FLABOUR(f,
i, aez) + TLABOUR(f, i, aez);

8. Land constraints

• E_TOLAND(f, aez) . . . SUM(i$luse(i),A(f, i, aez)) =E= TOTLAND(f,
aez);

• E_GRLAND(f, aez) . . . A(f, ‘animal’, aez) =L= initland(f, ‘animal’,
aez);

• E_PERLAND(f, i, aez)$per(i) . . . A(f, i, aez) =L= initland(f, i, aez);

• E_LANDVAL(f) . . . LANDVAL(f) =E= SUM(aez, SUM(i$past(i), A(f,
i, aez)));
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BParameter values to apply HANTS

The curve fitting procedure in each HANTS run was controlled by setting
the following parameters:

1. Number of frequencies (NOF): 3, i.e., annual, semi-annual (6 months)
and seasonal (3 months) frequencies.

2. Hi/Lo suppression flag (SF): low, i.e., the low values are rejected
during curve fitting, because cloud contamination always corres-
ponds to low or negative values. Particularly in the case of NDVI,
cloud affected observations are remained even after applying the
classical maximum value composting algorithm.

3. Fit error tolerance (FET): 0, i.e., curve fitting continued until all
invalid values were removed.

4. Invalid data rejection threshold (IDRT): 1-254

5. Degree of overdeterminedness (DOD): 13, i.e., curve fitting was
applied such that the 13 observational data points remain available
in addition to the minimum data points.

6. Delta: 1 for the NDVI time series and 100 for the RFE time series.

For further details on these parameters see (Roerink et al., 2000).
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C. Source conceptual schema based on AGRISTAT surveys in Burkina Faso
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DSchema mapping operators

This appendix provides details on the basis of schema-related transform-
ations that were implemented for the integrated database in PostGIS.
They transform the source conceptual schema (cf. Appendix B) to the
integrated conceptual schema (cf. Chapter 2). For the mathematical
formulations of operators, I acknowledge the contribution of Dr. Rolf A.
de By and H.B. (Hiwot Berhane) Gidey (MSc student).

A schema transformation has a set of operations that help mapping
the data sets to the FSSIM inputs by translating the source schema to
the integrated schema. Operations need to be performed in sequence to
produce a correct and appropriate result. In this study, a formal language
basis for several transformation operators has been developed. These
transformation operators are implemented in the database. A schema
transformation might be expressed as,

The source dataset SD has as its type the source schema SS, and thus
it contains tables (i.e., tha data models of input spatial datasets):

SD : 〈T1 : IPτ1, . . . , Tm : IPτm〉 .

The integrated dataset TD, likewise, has as its type the integrated
schema TS, and will eventually also contain tables (i.e., the data model
of BEFM parametric space):

TD : 〈T1 : IPτ1, . . . , Tn : IPτn〉 .

In the sections below, we define and discuss a small language of
powerful expressions that we specifically developed to define schema
transformations. Our intuition on that language is based on three im-
portant design principles:

• Schema transformations are functions that construct a dataset
from a given dataset. Such functions may affect the structure but
also the data content.

• We want to achieve a modularized transformation language, in
which separate transformations can be combined to define an over-
all transformation; technically speaking, this means that we want
to achieve functional compositionality of transformations. Simply
put, if f1 and f2 are two independent transformations of a source
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dataset SD, then the following equation should hold most of the
time:

f1 ◦ f2(SD) = f2 ◦ f1(SD),

where ◦ denotes functional composition. We are writing “most
of the time” because two transformations may not always be as
independent from each other as we would wish. We return to
discuss this matter in Section D.1.

• The formal semantics of the expression forms that we propose is
defined in such a way that it allows us to express the intuition “take
the whole dataset, make the indicated local change, and return the
dataset thus obtained.”

D.0.1 Formal semantics described intuitively

We follow the classical set-up of type theory. Our language has expres-
sions, members of a set E, and types, members of a set T . Examples
of expressions are: SD, 2, 25 + 12, SD.T1 and so forth. Examples of
types are: integer, real, 〈a : integer, b : real〉, and so forth. Observe
that record types are explicitly included, as we need them to formally
describe datasets and tables in datasets.

There is an important relationship between E and T , known as the
well-typedness relationship, and denoted as “:”. When we write 44 :
integer, we are saying that the expression 44 is well-typed, and has type
integer. We thus know that : ⊆ E×T . Obviously, not all expressions have
all types, but some expressions may have multiple types. No examples
given here.

Any formal language that uses type theory for its precise definition
does not only define E, T and the well-typedness relation : between
them, but also defines a formal semantics, often expressed as [[. . .]] of
expressions e ∈ E and types τ ∈ T . So, [[e]] is the formal semantics
of e, and [[τ]] is the formal semantics of τ. An expression semantics
is normally a value, while a type semantics is normally a set of values.
Whenever the rules of our language say that e : τ holds, one is assured
that we also have [[e]] ∈ [[τ]], i.e., the semantics of an expression is a
member of the semantics of its type.

Important is to understand that a type, like integer, has a formal se-
mantics written as [[integer]]. In this case, that [[. . .]] semantics of the
type is a set of values. With integer, that set of values is {. . . ,−2,−1,0,1,2
, . . .}. One can assume that all basic types have such semantics.

We need to say something specific about the semantics of records
and record types. Above, we used as an example record type

〈a : integer, b : real〉,
a type that identifies two attributes a and b, with respective types integer
and real. An example record of that type is the following record r :

r def= 〈a = 44, b = 3.14159265〉.
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Observe that these are valid statements in our formal language.
What now is the semantics of that record r , and what is the semantics

of its type? We assume that the attribute names for records and their
types are drawn from a previously defined name set A, and so in the
example case we have a ∈ A and b ∈ A. the trick to look at records
semantically, is by considering them functions that map attribute names
nicely onto values. In the case of record r , that function is [[r]], for
which we know the domain:

dom[[r]] = {a,b},
which is a subset of A, obviously. The function maps to the semantics of
expressions associated with the attribute names:

[[r]](a) = [[44]] and [[r]](b) = [[3.14159265]].

This discussion leads us intuitively to the semantics of record types.
Such a semantics can only be a collection of functions of the nature of
[[r]]. And we can thus define the semantics of r’s type as follows:

[[〈a : integer, b : real〉]] def=

⎧⎪⎪⎪⎨
⎪⎪⎪⎩
f | f is a function∧

dom(f) = {a,b} ∧
f(a) ∈ [[integer]]∧
f(b) ∈ [[real]]

⎫⎪⎪⎪⎬
⎪⎪⎪⎭

These examples naturally generalize to arbitrary records and record
types. We needed to discuss this because below we are going to define
additional expression formats that can only be precisely defined once we
understand the set-up sketched above.

D.0.2 Basic expressions needed

This section lists a number of expressions that are needed to define
schema transformation expressions. They provide the fundamental
‘building blocks’ to construct larger, end-user-oriented expressions. As-
sume r : 〈a1 : τ1, . . . an : τn〉 is a record, assume that R1 and R2 are
tables of type IP〈a1 : τ1, . . . an : τn〉 with primary key {ai1 , . . . , aih}, and
that S, T and U are union-compatible value sets. We will use the notation
keys(Ri) to denote the set of primary key values present in table Ri.

1. The expression

r except aj = ej, . . . , ak = ek where {aj, . . . , ak} ⊆ dom[[r]]
(D.1)

denotes a record r ′ obtained by copying r and replacing its attrib-
ute value for aj by the value of ej , and so on, until the attribute
value for ak, which value is replaced by the value of ek. The except
expression allows local attribute value overwriting. The formal
semantics of this expression is a function shaped like [[r]] that
maps onto different semantic values for the listed attributes.
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2. The expression

r dropatt aj, . . . , ak where {aj, . . . , ak} ⊆ dom[[r]] (D.2)

denotes a record r ′ obtained by copying r and removing from it
the listed attributes. The formal semantics of this expression is a
function shaped like [[r]] but with a reduced domain, mapping
onto the same values for remaining attributes.

3. The expression

r addatt aj = ej, . . . , ak = ek where {aj, . . . , ak} ∩dom[[r]] = ∅
(D.3)

denotes a record r ′ obtained by copying r and adding to the record
the named attributes with associated values. The formal semantics
extends that or r by adding to the domain of the function, and
mapping onto the values of the respective expressions.

4. The expressions

S union T , S setminus T , S intersection T (D.4)

denote the regular and well-known set-theoretic expressions.

5. The expression

R1 exceptset R2 where keys(R2) ⊆ keys(R1) (D.5)

denotes a set R′ obtained by copying R1 and replacing those re-
cords that have a key in keys(R2) by the corresponding records
in R2. Observe the similarity with the except expression, and the
fundamentally different semantics.

6. The expression

R1 addset R2 where keys(R1)∩ keys(R2) = ∅ (D.6)

denotes a set R′ obtained by copying R1 and adding to it the records
in R2. Observe that the addset expression has a semantics similar
to that of union, however, that its use comes with a precondition
of non-overlapping key sets.

7. The expression

R1 dropset R2 where keys(R2) ⊆ keys(R1) (D.7)
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denotes a set R′ obtained by copying R1 and removing from it
those records that have a record in R2 with matching primary key.
Observe that the dropset expression has a semantics similar to that
of setminus, however, that its use comes with a precondition of key
set inclusion.

8. Assume U denotes a set, u is a variable, φ is a predicate and μ an
arbitrary expression. The predicative set expression

{ u ∈ U|φ(u) • μ(u) }, (D.8)

denotes the set obtained from U , letting u range over its members,
and producing those μ(u) values for which φ(u) tests true. This
expression is a combination of a filter (φ) and a map (μ), both of
which are only optional parts of the expression.

The filtermap expression naturally generalizes to the use of mul-
tiple sets, as follows:

{ u ∈ U, . . . |φ(u, . . .) • μ(u, . . .) } (D.9)

We may be needing more forms later, but we will leave it here for now.
What we might be needing is a bag extension to the above where we
have only provided notation and expressions for handling sets.

The reader should observe that many of the above expression forms
have an approach of copying the original r or R, and leaving it as much
intact as possible, applying only local change.

D.0.3 Renaming of attributes

Renaming is an important schema transformation step. It can take place
at least at two levels, but possibly more. We propose two expression
forms to express renaming, of which the first is the more generic.

Renaming of table names is an important schema transformation op-
eration. It allows us to rename a source table into a integrated table.
Let us assume that a is a table name in SD, but that b is not. The
general form is then

SD renametable a to b. (D.10)

The meaning of this expression can be given as a combination of
our base expressions:

(SD addatt b = SD.a) dropatt a.

Renaming attributes of a table is also an important schema transform-
ation operation. It allows us to rename an attribute of a source
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table. Let us assume that T is a table name in SD, that a is one of
its attributes, but that b is not. The general form is then

SD renameatt T from a to b. (D.11)

The meaning of this expression can be given as a combination of
our base expressions, through the following equivalent expression:

SD except T = { t ∈ SD.T • (t addatt b = t.a) dropatt a }.

D.0.4 Adding and dropping attributes

Adding tables as attributes in our dataset, let us assume that aj, ..., ak
are table names and are not in SD. The general form is then,

SD addatt aj = ej, . . . , ak = ek

Dropping tables as attributes from our dataset, let us assume that
aj, ..., ak are table names in SD. The general form is then,

SD dropatt aj, . . . , ak.

Adding table attributes in one of the tables in our dataset, let us as-
sume that T is a table name in SD and aj, . . . , ak are not attributes
of T . The general form is then

SD addatt aj = ej(t), . . . , ak = ek(t) on T as t (D.12)

The meaning of this expression can be given as a combination of
our base expressions, through the following equivalent expression:

SD except T = { t ∈ SD.T •(t addatt aj = ej(t), . . . , ak = ek(t))}.

The ej(t), . . . , ek(t) are tuple variables to have a different value for
each tuple in the table T .

Dropping attributes in one of the tables in our dataset, let us assume
that T is a table name in our dataset SD and aj, . . . , ak are attributes
of table T . The general form is then

SD dropatts aj, ..., ak from T (D.13)

The meaning of this expression can be given as a combination of
our base expressions, through the following equivalent expression:

SD except T = { t ∈ SD.T • (t dropatt aj, . . . , ak) }.
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D.0.5 Filtering operation

Filtering is a conditional statement applied to a source dataset to extract
subsets. The integrated dataset may require data that meets a certain
condition and this condition must be provided on the integrated schema.
Thus filtering allow us to extract dataset that meets the predefined
conditions.

Filtering on a single table let us assume that T is a table name in SD
and φ(t) is a filtering condition. The form of the operator is then

SD filter T as t on φ(t) (D.14)

The meaning of this expression can be given as a combination of
our base expressions, through the following equivalent expression:

SD except T = { t ∈ SD.T |φ(t) }.

Filtering on multiple tables is necessary to filter the tables in our data-
set to produce a integrated dataset that meets all of the predefined
conditions. Let us assume that aj, . . . , ak are table names in SD
and φ(tj, . . . , tk) are filtering conditions on the individual tables.
The form of the operator is then

SD filter aj as tj, . . . , ak as tk on φj(tj), . . . ,φk(tk) (D.15)

The meaning of this expression can be given as a combination of
our base expressions, through the following equivalent expression:

SD except aj = { tj ∈ SD.aj|φj(tj) }, . . . , ak = { tk ∈ SD.ak|φk(tk) }

D.0.6 Merging operator

The merging operator allows us to combine or concatenate two or more
attribute values in the source dataset into one attribute value in the
integrated dataset. Let us assume that T is a table name in SD and
aj, . . . , ak are attributes of table T that are going to be concatenated, and
the attribute b is not in T and thus the general form is then

SD mergeatt aj, . . . , ak to b = e(aj, . . . , ak) in T (D.16)

The meaning of this expression can be given as a combination of our
base expressions, through the following equivalent expression:

SD except T = { t ∈ SD.T•(t addatt b = e(t.aj, . . . , t.ak)) dropatt aj, . . . , ak }.

The function e takes the attribute names aj, . . . , ak and combines or
concatenates them.
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D.0.7 Type conversion operator

The type conversion operator converts the data type of source dataset
attribute to a data type that is specified on the integrated schema. The
conversion could be a spatial type conversion or non-spatial type conver-
sion. Let us assume that T is a table name in SD and a is an attribute of
table T ,

SD converttype a to γ in T (D.17)

The meaning of this expression can be given as a combination of our
base expressions, through the following equivalent expression:

((SD addatt a′ = conv(a,γ) on T as t) dropatt a from T)
renameatt T from a′ to a.

The function conv(a, γ) takes expression a and changes the data type
of a by γ, where γ is the data type of the integrated dataset required by
the integrated schema.

D.0.8 Reclassification operator

The reclassification operator maps values of a source attribute value to
a fixed integrated attribute value. The integrated dataset may need a
certain number of classes and the integrated schema should contain
information on the allowable classification values;

SD reclassify a = f(a) in T (D.18)

The meaning of this expression can be given as a combination of our
base expressions, through the following equivalent expression:

SD except T = { t ∈ SD.T • (t except t.a = f(a)) }.

The function f(a) takes the attribute a and returns the classified value
of a.

D.0.9 Augmentation operator

The augmentation operator is used to define values for attributes in the
integrated dataset properties missing in source dataset. The operator
assign default value of the attribute in the integrated dataset since the
attribute was not available in the source dataset. The default values of
the attributes should be defined in the integrated schema. This operator
is the same as adding a table attributes in equation D.12.

162



D.1. Compositionality

D.1 Compositionality

As we have seen in Section D, functional compositionality may not exist
between the CST operations. We are interested in f ◦ g = g ◦ f , this
generally gives us a “yes” or “no” answer but more often it is a no
answer and we want to know specifically under what condition it is a yes
answer. In the matrix below we will see the condition where functional
compositionality exist and where it does not.

f ◦ g = g ◦ f f

C.10 C.11 C.12 C.14 C.15 C.16 C.17 C.18

g C.10 Yes No No No No No No No
C.11 No Yes No Yes No No No No
C.12 No No Yes No No No Yes No
C.14 No Yes No Yes No No Yes No
C.15 No No No No Yes No No No
C.16 No No No No No Yes No Yes
C.17 No No Yes Yes No No Yes No
C.18 No No No No No yes No Yes

Table D.1 Compositionality matrix

D.1.1 Compositionality case proof

• Case 1
In general, we want to know of the many expression forms intro-
duced above, whether they can be used as composed functions in
complex schema transformations. If we have two schema transform-
ations f and g, we are interested in finding out whether f ◦g = g◦f ,
and if not which are the conditions under which that equality holds.

We look at a single case here first. The case we have in mind is that,
f ≡ 3.11 and g ≡ 3.14 where, f ≡ SD renameatt T from a to b
and g ≡ SD filter T as t on φ(t). To study the compositonality,
we need to look at two expressions. The first is

f ◦ g = (SD filter T as t on φ(t)
)

renameatt T from a to b.

The second is where f is applied to the data set before g:

g ◦ f = (SD renameatt T from a to b
)

filter T as t on φ(t).

It is fairly obvious to see that these two expression are equivalent,
provided that predicate φ(t) does not express its condition on
t in terms of t.a. If it does, then the use of φ(t) in the second
expression is nonsensical, and it should there be replaced byφ[a→
b](t). The latter itself would need to be defined as “just φ(t), but
with any use of t.a having been substituted by t.b.”
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• Case 2
Let us see two schema transformations f and g, and f ≡ 3.16 and
g ≡ 3.18,
f ≡ SD mergeatt aj, . . . , ak to b = e(aj, . . . , ak) in T and
g ≡ SD reclassify a = f(a) in T . To study the compositonality,
we need to look at two expressions. The first is

f◦g = (SD reclassify a = f(a) in T) mergeatt aj, . . . , ak to b = e(aj, . . . , ak) in T .

The second is where f is applied to the data set before g:

g◦f = (SD mergeatt aj, . . . , ak to b = e(aj, . . . , ak) in T
)

reclassify a = f(a) in T .

We can say that these two expressions are equivalent, provided that
the merging function e(aj, . . . , ak) does not use the attribute a. If
it does, then the reclassification in the second expression does not
make sense.

• Case 3
Let us see two schema transformations f and g, and f ≡ 3.17
and g ≡ 3.12 where f ≡ SD converttype a to γ in T and g ≡
SD addatt aj = ej(t), . . . , ak = ek(t) on T as t. To study the com-
positonality, we need to look at two expressions. The first is

f◦g = (SD addatt aj = ej(t), . . . , ak = ek(t) on T as t) converttype a to γ in T .

The second is where f is applied to the data set before g:

f◦g = (SD converttype a to γ in T) addatt aj = ej(t), . . . , ak = ek(t) on T as t.

The above two expressions are equivalent, provided that the the
two equation works on different attribute but even if they work on
the same attribute the output is the same due to the where clause
that restrict the equations to work on already existing attribute
for convettype and addatt make sure the attribute names does not
exist.
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E. Farmer communities and AGRISTAT data collection in Burkina Faso

Figure E.1 Interviewing the farmer communities during fieldwork studies in Burk-
ina Faso.
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Figure E.2 Questionnaire forms collected during country-wide agricultural surveys
by the Statistiques Agricoles du Burkina Faso (aka AGRISTAT).
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Samenvatting

De voorwaarden voor gewasgroei in West Afrika variëren sterk in ruimte
en tijd. Om hier goed mee om te gaan is een grote variatie aan bereken-
ingsmodellen ontwikkeld. Deze zijn gebaseerd op landbouwkundige pro-
cessen op verschillende schalen. Boeren en adviseurs hebben wetenschap-
pelijke hulpmiddelen nodig die het mogelijk maken om toegang te krijgen
tot gegevens, deze te combineren en te schatten met als doel om du-
urzame oplossingen te bereiken op de schaal van een boerenbedrijf.
Idealiter zijn deze hulpmiddelen onderdeel van een landbouwkundig
technologische infrastructuur van ruimtelijke gegevens (SDI). Hiermee
wordt het mogelijk adviezen te maken voor een heel continent. In dit
proefschrift worden vier studies gecombineerd die het maken van zo’n
landbouwkundig SDI ondersteunen voor Burkina Faso.

De eerste studie suggereert en ontwikkelt een flexibel kader voor het
opschalen van gegevens bestanden en voor het verbinden van dergelijke
bestanden met simulatiemodellen. Dit kader is gebaseerd op een SDI.
Een advies georiënteerde architectuur van een SDI stelt ons in staat
op gegevens bestanden en modellen te gebruiken als herbruikbare web
diensten. De studie onderzoekt hoe een open structuur voor een SDI
omgeving kan worden gebruikt die door meerdere gebruikers kan worden
benut om gegevens en modellen te integreren voor het ontwikkelen van
continent-brede adviezen. Daarnaast onderzoekt de studie hoe een
dergelijke omgeving er voor kan zorgen dat modellen worden aangepast
aan opgeschaalde gegevens die via veld inventarisaties zijn verzameld.
De toegang tot gegevensbestanden en modellen wordt ontwikkeld via
standaard verpakking implementaties. Het voorgestelde kader is toege-
past bij het nemen van beslissingen op boerderijen in Burkina Faso. Om
dit te realiseren maken de verpakking implementaties gebruik van een
landbouwkundig simulatiemodel die het ‘Model als een dienst’ paradigma
volgen, alsmede van gegevensbestanden als ruimtelijk beschikbare di-
ensten. Het orkestreren van dergelijke diensten staat een gebruik toe
van participatieve integratie van de verschillende landbouwkundige mid-
delen. Bij het toetsen van de diensten binnen het studiegebied ontdekte
de studie dat het kader baat heeft van de verschillende gegevensdiensten
in de huidige SDI implementaties. Om de variabelen aan te passen die
verzameld zijn uit landbouwkundige inventarisaties in Burkina Faso voor
het toepassen van SDI diensten, vond de studie dat het bovendien nodig
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was om ruimtelijk statistische methoden en om satellietwaarnemingen
te gebruiken om de gegevens op te schalen naar het landelijk niveau.

De tweede studio gebruikt gegevens aan biofysische, socio-economische
en menselijke hulpmiddelen verzameld binnen terroirs in Burkina Faso
om gewasoogsten te schatten en deze op te schalen naar het landelijke
niveau. De studie onderzoekt de toepassing van satellietgegevens om
ruimtelijke variatie in oogstgegevens te analyseren. Een samengestelde
SPOT-VEGETATION (NDVI) tijdreeks van 1 km resolutie, 10-daagse com-
posieten is gebruikt voor de periode die de gewasgroei omsluit. Veld-
waarnemingen aan gewassen zijn verkregen vanuit veldinventarisaties die
gepubliceerd zijn in nationale statistische gegevensbanken. Daarnaast
zijn gegevens gebruikt die zijn verkregen uit online gegevensbestanden
die voor Afrika beneden de Sahara zijn verkregen vanuit satellietbeelden.
Geografisch gewogen regressiemodellen zijn gebruikt om de gegevens te
interpoleren vanaf het veldniveau naar het landelijke niveau. De schat-
tingen die zo verkregen zijn zijn opgeslagen in een geodatabase. De
ruimtelijke gegevensdiensten die naast deze geodatabase zijn gebruikt
kunnen op een geschikte manier een boerderijmodel calibreren op een
terroir locatie. Onzekerheid die voortkomt uit een beperkte beschikbaar-
heid van de gegevens heeft een voor de hand liggend effect op de sta-
biliteit van de statistische modellen bij het schatten van de volledige
ruimtelijke variatie van oogsten in een sterk ruimtelijk heterogeen land-
schap. Hiervoor moest de modelonzekerheid voor gewasopbrengsten op
de landelijke schaal gemodelleerd worden. De studie concludeert dat stat-
istische methoden en satelliettechnologie gebruikt kunnen worden voor
het opschalen van gewas oogsten. Op die manier konden schattingen
verkregen worden voor het hele land.

De derde studie kwantificeert de onzekerheid in gewas opbrengst
modelleren op de nationale schaal. Hiervoor zijn gewas opbrengst ob-
servaties gebruikt die over het hele land zijn verkregen via geografische
enquétes en ruimtelijke statistische opschaling. De studie presenteert
een hybride aanpak waarbij ordinary kriging en geografisch gewogen
regressie worden geïntegreerd. Deze geografisch gewogen regressie-
kriging aanpak is toegepast in Burkina Faso. De studie toont aan dat
het kwantificeren van onzekerheden in gewasmodellen voor grotere ge-
bieden bijdraagt aan een verbetering van de bronnen van onzekerheid die
worden gegeven door het bemonsteringsontwerp en de model structuur.
Bovendien kunnen de onzekerheidskaarten die op deze manier verkre-
gen zijn het vertrouwen van eindgebruikers vergroten door rekening te
houden met de onzekerheid in de nauwkeurig geschatte opbrengsten
voorspellingen.

De vierde studie onderzoekt regionale en mondiale datasets, inclusief
RS producten, voor het modelleren van de marginaliteit status van
terroir gemeenschappen. Opgeschaalde gegevens worden gebruikt die
verzameld zijn via huis-aan-huis enquétes in Burkina Faso. Schattin-
gen van de marginaliteit worden opgeschaald naar aan de nationale
schaal. Voor dit doel wordt ervan uitgegaan dat de sociaaleconomische
status van de terroir gemeenschappen grotendeels afhankelijk is van
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het agroklimaat potentieel van de landbouwsystemen. Dit potentieel
kan worden vastgesteld uit regionale en mondiale datasets. Informatie
over biofysische factoren die invloed hebben op het agroklimaat po-
tentieel van terroirs is verkregen uit SPOT-VEGETATION NDVI-waarden
en uit regenval schattingen geëxtraheerd uit TAMSAT gegevens. Een
indicator is ontwikkeld die menselijke, sociale en financiële vaste activa
van terroir gemeenschappen binnen landbouwsystemen kwantificeert.
Via een statistische analyse is de relatie was opgeschaald om margin-
aliteit te schatten op nationale schaal. Geografisch gewogen regressie
was in staat de landbouwsystemen in kaart brengen. Op die manier is
een beter inzicht te verkrijgen over de status van de marginaliteit van
boeren binnen terroirs. Hierbij zijn integrerende modellen gekalibreerd
op de nationale en regionale schaal. Deze kalibratie vereiste aanpassing
van de marginaliteit status om het vermogen van terroirs te kunnen
beoordelen bij het toepassen van meststoffen, ongediertebestrijding en
gewas variëteiten.

Samenvattend, ruimtelijke statistiek is als kernmethodologie toege-
past voor het opschalen van opbrengsten en de gemeenschappelijke
marginaliteit status op het terroir niveau naar de landelijke schaal van
Burkina Faso. Kwantificering en voortplanting van onzekerheden zou
vanaf nu een integraal onderdeel moeten zijn bij het onderzoek naar
ruimtelijke modellering en opschaling. Om die reden is deze methodolo-
gie gebruikt voor onzekerheid evaluatie. Het kwantificeert de onzeker-
heden die aanwezig zijn in de bemonstering van representatieve terroirs
in Burkina Faso en in de ruimtelijke modellen voor opschaling. Het
gebruik van het SDI kader kan hierbij een robuuste omgeving bieden
voor het integreren van datasets en ruimtelijke opschaling voor boer-
derij simulatie modellen voor de ontwikkeling landbouwdiensten op de
nationale schaal.
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