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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, particu-

Accepted 22 August 2013 larly in rural economies based on subsistence agriculture. This paper relates agro-ecological marginality
identified from regional and global datasets including remote sensing products like the normalized dif-
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Burkina Faso. The objective is to analyze poverty patterns and to generate a fine resolution poverty map
at the national scale. We compose a new indicator from a range of welfare indicators quantified from
Georeferenced household surveys, indicating a spatially varying set of welfare and poverty states of rural
communities. Next, a local spatial regression is used to relate each welfare and poverty state to the agro-
ecological marginality. Our results show strong spatial dependency of welfare and poverty states over
agro-ecological marginality in heterogeneous regions, indicating that environmental factors affect living
conditions in rural communities. The agro-ecological stress and related marginality vary locally between
rural communities within each region. About 58% variance in the welfare indicator is explained by the
factors of rural agricultural production and 42% is explained by the factor of food consumption. We found
that the spatially explicit approach based on multi-temporal remote sensing products effectively sum-
marizes information on poverty and facilitates further interpretation of the newly developed welfare
indicator. The proposed method was validated with poverty incidence obtained from national surveys.
© 2013 Elsevier B.V. All rights reserved.

Traditionally, poverty as opposite to welfare is mapped by ana-
lyzing a range of socioeconomic factors obtained from targeted

1. Introduction

Subsistence farming is an important agricultural practice in
many African states. For instance, in Burkina Faso approximately
92% of the country workforce is actively associated with the agri-
cultural sector, of which 80% are small holder farmers who live in
rural areas and have less than 1 ha of land (USAID, 2009). Agricul-
tural 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% of the total population lives in rural areas, of which
94% is considered poor (USAID, 2009). The lack of local infrastruc-
ture often restrains rural 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 produc-
tivity and that it can be characterized from the spatial distribution
of agro-ecological potential.
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household surveys. Such surveys assess household capital assets,
e.g. income, expenditure, food consumption, and other living con-
ditions. Using these, indices are obtained to estimate the incidence
of poverty. For example, the head count index (HCI) is the percent
of the population in an area living below an established poverty
line, i.e., a normative level of income or expenditure. To extrapolate
these surveys towards an entire region, various small area estima-
tion techniques have been developed (Hoddinott and Quisumbing,
2003; Benson et al., 2005). These techniques make predictions
by relating the household welfare status from targeted house-
hold 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 miss-
ing, 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 envi-
ronmental constraints (e.g., soil erosion, droughts) using remote
sensing (RS) data and products (Parkins and MacKendrick, 2007;
Alasia et al., 2008). Being able to acquire up-to-date data over
a large area by utilizing the high spatial and temporal coverage


dx.doi.org/10.1016/j.jag.2013.08.012
http://www.sciencedirect.com/science/journal/03032434
http://www.elsevier.com/locate/jag
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jag.2013.08.012&domain=pdf
mailto:m.imran@utwente.nl
mailto:ch.m.imran.sarwar@gmail.com
dx.doi.org/10.1016/j.jag.2013.08.012

M. Imran et al. / International Journal of Applied Earth Observation and Geoinformation 26 (2014) 322-334 323

provided by RS, these approaches can quantify the increased sus-
ceptibility of specific areas to become marginal due to extreme
events of environmental constraints. However, the environmen-
tal approaches are primarily concerned with marginality and they
rarely quantify its impact on livelihood status. Following this,
Nelson et al. (2012) related RS products with household level
expenditure obtained from survey data to explain the poverty
patterns in Uganda. Although this approach advanced traditional
poverty mapping, it is insufficient to interpret the observed rela-
tions, 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 rural economies based on subsis-
tence 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 understanding the factors that determine household
marginality. In this way, this paper advances current environmental
procedures of poverty mapping 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 RS products and
other regional data sets 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 composite index from several welfare aspects
observed from household surveys. This index and the RS products
are used to map poverty at the national scale.

2. Background
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 rural communities. The term terroir refers to a rural
community in which small-holder farmers make their livelihood
(AGRISTAT, 2010). A terroir is a well-defined land management
system which not only constructs a physical area, but also a social
construct and the notion of natural resources and biophysical
conditions. Thus, it constitutes a communal farming system in
which farmers contribute their individual parcels and adopt
common policies for agricultural production. In this study, we used
terroir community as the level to quantify poverty and marginality
in Burkina Faso. AGRISTAT (AGRISTAT, 2010) conducts targeted
household surveys for one representative terroir community per
district.

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 on the poverty line of 1 USD (United
States Dollar) adult~! day~!. 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~!day~! (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 (Fig. 1). The HCl is close
to the national average in the West central, Eastern, and Cascades
regions, whereas the other regions are relatively less affected by
poverty.

2.2. Mapping communal welfare in Burkina Faso - our approach

This study defines marginality as a function of cause-effect
relations between stressor and asset variables. Stressors are often
exogenous factors that directly or indirectly affect the agricultural
production of rural communities (Alasia et al., 2008). In this study,
the agro-ecological stress on rural communities was characterized
by analyzing RS products as explained in Section 3.1. To quan-
tify the impact of RS-based stressors on communal welfare status,
we focused on household assets related to the agricultural out-
comes in a rural community. The asset variables were obtained
from Georeferenced household surveys as explained in Section 3.2.
A rural community was considered to be marginal if it encountered
high stress on agricultural production, eventually resulting into low
household assets. Therefore, to quantify communal welfare and
marginality at the national scale, the stressor and asset variables
were linked by using spatial regression as explained in Section
3.4. To quantify poverty and marginality, we made the following
assumptions:

1. A high agricultural 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 Graafet al.,2001).

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

3. We define four levels of marginality: high marginal, low
marginal, low welfare, and high welfare. The agricultural pro-
duction in rural communities, and consequently, the intensity
of poverty and food insecurity decreases from high marginal to
high welfare levels.

3. Materials and methods
3.1. 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 (Tucker, 1979). NDVI has been
used to estimate leaf area, percentage cover and biomass. Therefore,
NDVlvariability may be linked to the factors that limit plant growth.
The limiting factors of plant growth (i.e. stressors on agricultural
production) may be poor soils, limited water availability, etc. There-
fore, in this paper, NDVI has been considered as a measurement
of amalgamated plant growth that reflects various stresses on
agricultural production. For 2009, a time series of SPOT VEGETA-
TION NDVI composite (S10) products were obtained from (Joint
Research Centre, 2012). This product is derived from 10-day data
and mapped onto a 1 km latitude-longitude grid.
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Fig. 1. Mean head count 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.

The intensity and spatial distribution of rainfall poses a sig-
nificant climatic stress on the agricultural production. A series
of 10-day tropical 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
adense 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.

The agro-ecological stress in rural communities was character-
ized by analyzing NDVI and RFE time series. To reduce amount of
data, we applied the harmonic analysis of time series (HANTS) algo-
rithm (Verhoef, 1996) to the SPOT and TAMSAT time series. Like
this, each time series can be described by three Fourier compo-
nents (three amplitudes and two phases). More details on HANTS
parameterization are provided in Appendix A.

In addition RS-based gridded products were analyzed as poten-
tial 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 (1 km spatial resolution) obtained from (HarvestChoice,
2012) is based on 1960-1995 data from (IIASA/FAO, 2012). Soil
data (1 km)showing the degree to which soil properties exert stress
on agricultural production (LASC, land areas with soil constraints)
were obtained from (FAO, 2012). Topographic data (1 km) of eleva-
tion (ELEV, meters) and slope (SLOPE, 0-90 integer degrees) were

obtained from HYDRO1k data sets of (USGS, 2012). The slope data
layer describes the maximum change in the elevations between
each cell and its eight neighbors.

Besides these short and long term environmental factors, pop-
ulation density and market access are considered known stress
factors of per capita food and agricultural production and con-
sumption in sub-Saharan Africa (Dreschel et al., 2007). We obtained
population density data (PD, people per km?) from (HarvestChoice,
2012). We calculated the market access as a Euclidean distance
(MARKD, meters) from rural communities to the major trade mar-
kets 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 km?) from (HarvestChoice, 2012). All spa-
tial data were clipped and/or resampled to a common grid of a 1 km
spatial resolution.

3.2. Extraction of asset variables

Asset variables were extracted from the country’s agricultural
surveys carried out in 2009. AGRISTAT surveys all households in
the representative rural communities (AGRISTAT, 2010). Asset vari-
ables were obtained from data of all households belonging to a
representative rural community. In total 3540 households were
surveyed to cover the 303 districts of the country. The following
five asset variables were derived:
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® Percentage of household members employed in farming activi-
ties (HME). Both paid and non-paid works were considered. Paid
household members work in various farm and livestock activi-
ties and get wages in the form of food or cash, whereas non-paid
members participate 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.
AGRISTAT asks farmers to make this projection considering the
vegetative 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 mini-
mum 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 consid-
ered that the consumed food was obtained from any source, e.g.
self-produced, purchased, obtained as wage compensation, or
donated.

We assume that high values of these household asset variables
show high agricultural outcomes in a rural community, and con-
sequently, the community has encountered a high welfare level or
low intensity of poverty and food insecurity.

3.3. Developing a composite communal asset index

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

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

Iy = Y = Ymin v Ymin <Y < Ymax (1)
Ymax — Ymin

Here Iy is the normalized variable of the log-transformed asset
variable y, Y nin and ymax are the minimum and maximum of y across
all rural communities. Extreme minimum and maximum values
were examined for outliers in order to avoid negative effects on
the subsequent analysis. Third, a minimum residual factor analy-
sis was applied to capture non-overlapping information between
the correlated asset variables (Berlage and Terweduwe, 1988). This
analysis groups the asset variables according to their degree of cor-
relation. Subsequently, an ordinary least squares (OLS) regression
was applied to adjust the eigenvalues of the correlation matrix to
minimize the off diagonal residual correlation matrix. The mini-
mum 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 solu-
tion 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 fac-
tor. The weights were obtained by squaring and normalizing the
estimated factor loadings.

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 and the values of the stressors were the

explanatory variables. Being an extension of global regression tech-
niques such as ordinary least square (OLS) (Fotheringham et al.,
2002), GWR identifies and models spatial non-stationarity, i.e., spa-
tially varying relationships to present a significant improvement
over a global regression (Leyk et al., 2012). We therefore, first, com-
puted 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 CAl be denoted as CAI(sq ), CAI(s,).. . .,
CAI(sy), where s; is location of arural community (i.e. representative
community per district), and n is the number of observations. The
global regression can be expressed as,

CAI(s) = Bo+ > _BiXils)+€s, (2)

k

where By is the intercept, § represent the estimated coefficients
for explanatory stressor variables X, X, (s) is the value of the vari-
able X, at location s and €; 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 esti-
mation precision of regression coefficients (Neter et al., 2005), and
calculated the Akaike information criterion (AIC) (Hurvich et al.,
1998). Clusters of high and low residual values at the represen-
tative community level may indicate spatial variation in the CAI
relationship. We tested for significant local clusters in model resid-
uals based on local indicators of spatial associations (LISA) (Anselin,
1995) using Rook contiguity (i.e. two representative rural com-
munities are neighboring if their districts share common borders,
see Fig. 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 representative 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 there-
fore allows for estimating locally the regression coefficients to
account for spatial variation of these coefficients across a given
study area(Gao et al., 2003). This changes the model in Eq. (2) to,

CAI(s) = Bo(s) + Y _ B(sIXi(s) + €(s), (3)
k

where Bo(s) and Bi(s) represent the model local estimates of
intercepts and coefficients at a location s, and X(s) are stressor
variables. The model estimates local coefficients from BGWR(S) =
(XTW(s)X)"'XTW(s).CAI(s), and W(s) is a n x n diagonal matrix of
spatial weights specified with a spatial kernel function. The kernel
centers on a rural 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,

Wy = exp {—0.5(?)2} , (4)

where d is the distance between the sth and Sth rural community
locations (i.e. a spatial neighborhood), and b is the kernel band-
width that measures the distance-decay in the kernel function. A
bandwidth 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
according to the spatial scales of each stressor variable on CAL
This scale-dependency largely demands for finding an optimal ker-
nel size for local estimation in GWR. For this, the most common
approaches, i.e., cross-validation or minimizing the Akaike’s infor-
mation criterion (AIC) (Hurvich et al., 1998) may not sufficiently
determine an effective bandwidth for model fitting and perfor-
mance (Leyk et al., 2012). We tested the effect of spatial scale of
local relationships on the stability and multicollinearity of GWR
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Fig. 2. Mean components of harmonic analysis of time series (HANTS) algorithm applied to image series: (a) the normalized difference vegetation index (NDVI), and (b) the

tropical applications of meteorology using satellite (TAMSAT) rainfall estimates (RFE).

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 rural communi-
ties), we investigated the effect of increasing spatial neighborhood
on local estimation. For each increment, we recorded AIC value
and spatial stationarity 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
rural communities, for which (i) the AIC score was minimum,
and (ii) the variance of the stationary index for all stressor vari-
ables were larger within an effective spatial scale (Gao et al.,
2003).

We compared the performance of the local and global models
based on AIC and adjusted-R? 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,

CAI(s0) = Xo" - Bawr(s), (5)

where X is the vector of p stressor variables at an unsampled loca-
tion sg, Bewr is the vector of p + 1 estimated drift model coefficients.
We evaluated the GWR performance by using the following meth-
ods that quantify differences between the observed and predicted
CAl values:

1. We computed histogram descriptive statistics to describe the
observed and predicted CAI distributions.

2. We calculated mean absolute errors (MAE), mean square errors
(MSE), and root mean square error (RSME) to compare the dif-
ferences between the CAl observed in the AGRISTAT data and the
GWR predicted CAI

3. Although the HarvestChoice HCI data have a sufficient spatial
resolution for validating the predicted CAI, these were how-
ever based on the country’s 1998-2003 surveys (Wood et al.,
2010). Alternatively, the HCI data obtained from the country’s
2009 national surveys of household living conditions were avail-
able only for the administrative regions. We used this latter
choice as an independent data source for validation and calcu-
lated the CAl 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 0-100 such that the lower index val-
ues represent a low poverty level. We therefore transformed
CAI into what we called the composite poverty index (CPI) as,
CPI(s)=(1— CAI(s)) x 100, where s is a location.

4. Results
4.1. Extraction of stressor variables

Fig. 2 shows the output of HANTS algorithm (only mean com-
ponents) that contributed significantly to explain CAL The HANTS
algorithm reduced the RS 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 datasets we differen-
tiated 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
NDVIsignal (Fig. 2a) shows a North-South directed increasing trend
of vegetation performance. Given the limited use of irrigation in
Burkina Faso, thus the northern communities have low potential
for household food production and stocks.

4.2. Extraction of asset variables

Table 1 shows average community assets (raw data) aggregated
from the household survey data of representative rural communi-
ties belonging 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 sig-
nificantly 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 (Fig. 3). The logarithmic
transformation successfully reduced the observed skewness from
the asset variables, from the observed skewness in the (1.63-3.08)
range to the (—0.09 to —0.2) range.
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Table 1
Community average assets (raw data) aggregated from the household data of 303 surveyed rural communities belonging to the 13 Burkinabé regions.

Region n? Mean HMEP Mean AGRPROD¢ Mean STOCKS! Mean NA® Mean CONSUM'

Boucle du Mouhoun 43 77.7 41,420.3 179.8 40.53 1206

Cascades 15 78.2 49,574.5 266.6 33.66 1545.8

Center 9 84.1 10,900.8 147.3 17.3 574.33

East Central 23 753 23,352.7 243.7 46 1018.3

North Central 27 67.6 14,748.6 161.6 315 639.1

West Central 30 82.1 32,836.2 295 35 1190.7

South Central 17 81.5 16,984.1 250 43.2 9771

East 22 78.2 26,248.4 198.8 50.9 1189.3

Hauts Bassins 28 76.3 54,198.6 193 35.1 1326.5

North 25 76.2 21,2121 302.2 32.7 988

Central Plateau 18 76.4 21,940.5 336.8 43.8 741.5

Sahel 22 779 11,629.7 50.4 349 1000.2

Southwest 24 814 46,052.7 194.9 38.8 1199.8

2 Number of surveyed rural communities in region.

b Household members employed in farming activities (%).

¢ Crop production (kg of grains) of households for the current crop season.

4 Household stocks (kg of grains) left from the previous crop season.

¢ Number of animal owned by household.

f Minimum dietary energy consumption (kcal) per household member per day.

4.3. Developing a composite communal asset index

The assets variables were combined into the communal com-
posite asset index (CAI) using a minimum residual factor analysis.
The results of such an analysis are presented in Fig. 4(a and b) and
in Table 2. These results show that the 5 asset variables are corre-
lated with 2 minimum 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 (Fig. 4b). The first mini-
mum residual factor (MR1) 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 rural communities. The squared factor loadings repre-
sent 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 datain Table 1,
showing a low variation of the asset variable over the entire coun-
try. The resulting factor-specific scores are aggregated into the CAI
by weighting each factor according to its relative contribution to
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Fig. 3. Scatterplots of household assets derived from AGRISTAT data: 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).
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Fig.4. 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; 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) - (c¢) spatial distribution of the communal composite asset index (CAI) observations at 303 surveyed rural communities.

the overall variance with MR1 and MR2 explaining the 58% and
42%, respectively. Crop and livestock production obtained a slightly
higher weight than food consumption.

Fig. 4(c) shows the spatial distribution of CAI As defined in
Section 2.2, the resulting CAI values were classified into four inter-
vals from high marginal to high welfare. 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=0.44-0.58) represents a high marginality, whereas
the next two levels (CAI=0.59-0.71) and (CAI=0.72-1) repre-
sent 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 Fig 1 for the
names of the regions).

4.4. Linking CAI and the stressor variables

Table 3 shows results from the global OLS model using the
stressor variables that significantly (p=0.05 to p<0.0001) con-
tributed to explaining 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 auto-
correlation in the model residuals (Moran’s I=0.22; p<0.001)
(Fig. 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 (Fig. 5b).

The LISA maps in Fig. 6(a-f) illustrate spatial associations
between CAI and the six selected stressor variables, NDVI, RFE,
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Table 2
Rotated factor loadings and factor-specific scores for individual assets in the communal composite asset index (CAI).
Factor 1 Factor 2
Interpretation Crop and livestock production Food consumption
Variables of individuals assets Factor loadings Weights? Factor loadings Weights
STOCKSP 0.81 0.42 -0.12 0.01
NAC© 0.74 0.35 0.13 0.02
AGRPROD¢ 0.56 0.20 0.27 0.07
HME® 0.18 0.03 -0.12 0.01
CONSUM' 0.02 0 0.98 0.88
Weight of factors in CAI® 0.58 0.42
Selection criteria:
Eigenvalues 1.67 1.20
Test-statistics:
Chi-square p<0.05
2 Normalized squared factor loadings.
b Household stocks (kg of grains) left from the previous crop season.
¢ Number of animal owned by households.
d

Crop production (kg of grains) of households for the current crop season.

¢ Household members employed in farming activities (%).

f Minimum dietary energy consumption (kcal) per household member per day.

& Normalized sum of squared factor loadings.

Table 3

Properties of the global and local estimates of stressor variables to explain the communal composite asset index (CAI) using ordinary least square (OLS) and geographical

weighted regression (GWR).

Parameters (r,p)? OLS Ests.” OLS Std. error® Significance VIFd GWR local Est. range®
Intercept 0.476%° 0.122% 0.0001 - +0.411*0 to +0.756%0
NDVI (mean) (0.283, <0.0001) —0.2422 0.84673 0.001 5 —0.45472 to —0.1682
NDVI (amplitude 1) (-0.033,0.1) —0.2442 0.1062 0.01 1.21 —0.33472to —0.1052
NDVI (phase 2) (0.201, <0.001) 0.12572 0.498°3 0.01 1.15 +0.51073 to +0.3602
NDVI (phase 3) (0.148, <0.001) 0.23573 0.133°3 0.05 1.11 +0.110% to +0.33873
RFE (amplitude 2) (0.061,0.1) 0.168*° 0.884°1 0.05 1.38 +0.1157" to +0.209*°
RFE (amplitude 3) (-0.091,0.1) -0.113% 0.431°! 0.001 14 —0.180% to —0.850"!
LGP (0.332, <0.0001) 0.304°2 0.71473 <0.0001 5 +0.137-2 to +0.4442
LASC (-0.265, <0.0001) -0.357"1 0.160-! 0.01 227 —0.66571to —0.189!
SLOPE (0.119, 0.01) 0.52573 0.27273 0.05 1.11 +0.28773 to +0.9203
PD (-0.116, 0.01) -0.1922 0.1002 0.05 1.38 —0.427-2 to +0.3903
LIVESTOCK (-0.159, 0.001) —-0.6072 0.1372 <0.0001 1.56 —0.797"2 to —0.2572
MARKD (-0.018,0.1) —-0.820°6 0.450°6 0.05 1.15 —0.2187° to —0.92676

a Pearson correlations between the CAl and the stressor variables of the normalized difference vegetation index (NDVI), rainfall estimates (RFE),

length of growing period

(LGP), land areas with soil constraints (LASC), population density (PD), poultry and small livestock (LIVESTOCK), and distance to major trade markets (MARKD).
b Parameter estimates from OLS.

¢ Standard error.

d Variance inflation factor (VIF).

¢ Inter-quartile range of GWR
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Fig. 5. (a) Spatial distribution of ordinary least square (OLS) residuals - (b) statistically significant local clusters of model residuals based on local indicators of spatial
associations (LISA) analysis (HH - high values; LL - low values; HL and LH - outliers).
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Fig. 6. Statistically significant (p <0.001) spatial clusters from bivariate local indicators of spatial associations (LISA) analysis: using the communal composite asset index
(CAI) and (a) the normalized difference vegetation index (NDVI), (b) rainfall estimates (RFE), (c) slope, (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 values, second one the stress factor).

SLOPE, PD, LIVESTOCK, and MARKD. We found statistically signifi-
cant clusters of high CAI and high NDVI values, in the neighboring
rural communities in southern districts of Burkina Faso, and clus-
ters of low CAI and low NDVI values in the neighboring rural
communities in the Sahel and Central North districts (Fig. 6a).
However, in these districts and also in the East, we observed a con-
siderable number of clusters of low CAI and low values of livestock
in the neighboring rural communities (Fig. 6e), as well as clusters
of high CAI and surrounding high values of livestock in the Center
and Central Plateau districts. Similarly, there are significant clus-
ters of high CAI and high rainfall (Fig. 6b). Significant clusters of
high CAI and high PD in the southwest (Fig. 6d) can be observed.
We also observed statistically significant clusters of low CAI and
high MARKD, and high CAI and low MARKD in neighboring rural
communities in the East and Central East districts (Fig. 6f).

We investigated the effect of different adaptive bandwidths
(proceeding 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 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 band-
width (proportion of 0.05, i.e., on average 15 neighboring rural
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 R%, value increased from 0.24 to highest max-
imum value of 0.50. The ANOVA F-test suggests that GWR was a
significant improvement (p=0.01) over the global model. More-
over, 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, PD, LIVESTOCK, and MARKD vari-
ables are shown in (Fig. 7a-f). We observed high local variability of
these coefficients in the study area. For example, Table 3 shows

that a significant negative correlation exists between CAI and PD
(r=0.116,p=0.01). Fig. 7(d) however shows that both negative and
positive correlations occur in the study area. Stronger negative cor-
relations show that a decrease in the population density may cause
a higher increase in CAlin 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 relation-
ship between CAI and related stressor variables at 303 surveyed
locations.

The GWR predicted CAI (Fig. 8) show less marginal rural 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 (Fig. 1), while the rural com-
munities in the Center and in the Sahel regions become more poor.
In these regions, the predicted CAI belonged to the high marginal-
ity range (i.e. CAI=0.43-0.58). RS-based products (Fig. 2) 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 rural commu-
nities can be found in the Southwest, West Central, and in the East
regions.

Table 4 compares the accuracy of the observed and the GWR
predicted CAIL Compared to the histogram of the observed CAI (i.e.
based on AGRISTAT data), GWR slightly overestimated the mini-
mum values and underestimated the maximum values. For each
of the Burkinabé regions, Table 5 presents a comparison between
the average CPI computed from the predicted CAI and the average
HCI obtained from 2009 national surveys. No significant differ-
ence is observed between the two indices. CPI was lower for the
North region (21%) and higher for the Sahel (24%), Central (70%)
regions.
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Fig.7. Classification of the geographically weighted regression (GWR) coefficients for communal composite asset index (CAI) using proportion of rural communities (adaptive
bandwidth=0.05) - (a) the normalized difference vegetation index (NDVI), (b) rainfall estimates (RFE), (c) slope, (d) population density (PD), (e) poultry and small livestock
(LIVESTOCK), and (f) market distance (MARKD). Light blue = Min; Dark brown = Max. Using six natural class breaks on the GWR coefficient values ranges in Table 3. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of the article.)
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Fig. 8. Interpolated composite asset index (CAI) using geographically weighted regression (GWR).

Table 4
Histogram statistics, mean absolute errors (MAE), mean square errors (MSE), and root mean square error (RSME) to compare the differences between the original and the
predicted composite asset index (CAI) using geographical weighted regression (GWR).

Model n Min? 1st QP Med* 3rd Q Max? Mean MAE MSE RMSE
Observed 303 0.177 0.426 0.547 0.665 0.983 0.549 - - =
GWR 273,151 0.342 0.491 0.557 0.613 0.794 0.550 0.139 0.0283 0.168
2 Minimum.

b Quartile.

¢ Median.

4 Maximum.
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Table 5

Comparisons of the average communal poverty index (CPI) with the head count index (HCI) in 13 regions of Burkina Faso.

Region Average HCI (1998-2009) HCI (2009)* Mean CPI (CPI=(1 — CAI) x 100)®
Observed® Predicted (GWR)

Boucle du Mouhoun 55.1 56 43 46.2
Cascades 37.1 37.3 37.9 33.1
Center 18.7 173 59.6 57.2
East Central 50.9 46.6 44.8 45.1
North Central 41.3 319 54.2 49.5
West Central 41.7 38.8 443 45.9
South Central 57.1 46.7 45.9 45.2
East 49.9 62.2 434 44.7
Hauts Bassins 38.2 46.8 40.3 39.7
North 65.8 68.1 46.2 52.2
Central Plateau 50.5 429 42.6 47.7
Sahel 38.5 36.6 55.9 51.9
Southwest 49.4 46.8 419 39.7

2 HCI obtained from the 2009 national surveys of household living conditions.

b Regional means of CPI based on the communal composite asset index (CAI) predictions from geographical weighted regression (GWR).

¢ Regional means of CPI based on the CAl observed in the AGRISTAT data.

5. Discussion

To investigate rural welfare in Burkina Faso, an index, CAl, is
composed from variables representing household assets in the
2009 AGRISTAT survey data. Weights are assigned to the corre-
lated asset variables by using a sound statistical procedure, so that
CAl reflects the contribution of each individual asset. Our results
show that the CAI effectively characterizes the differing welfare
levels of rural communities. The CAl observations at surveyed com-
munity locations are related to the collocated values of stressor
variables. By exploring these relationships locally, the geograph-
ical weighted regression (GWR) is a more suitable and robust
approach for retrieving a sufficiently varying measure of poverty
and marginality of rural communities.

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 assessment of existing poverty pat-
terns 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 require-
ments). This is also reflected in the AGRISTAT data where food
insecure households consistently fail to attain an adequate cereal
production for food consumption (AGRISTAT, 2010). To compose
the CAI we, therefore, selected asset variables that are directly
related to household food production and consumption. The fac-
tor analysis confirms our choices as the Chi-square significance
(p<0.05) suggests that the common factors can sufficiently explain
the intercorrelations among the variables included in the analysis.
This analysis also shows that the first factor of CAI has loadings on
the household asset variables, including expected cereal produc-
tion, 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 is signif-
icantly (88%) explained by the asset variable on household food
consumption.

The calculation of the CAl, in this study, requires a logarithmic
transformation of the asset data, followed by a Min-Max transfor-
mation to the [0,1] interval. In this way we can 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
include 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 proves the most robust one in terms of tak-
ing into account the data properties and being closest to a normal
distribution.

The CAl 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 thousands. Spatial variation of the CAl in rural
communities is, however, mainly affected by the variables belong-
ing to the agro-ecological domain. These variables indicate a strong
environmental stress on the households’ food production poten-
tial. Because of this stress, the rainfed cereal production 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 live-
stock (Fig. 6e) 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 stress-
ors from RS-based products. Spatial prediction models incorporate
local dependence into the process of prediction, for which GWR
tends to calibrate local models on each surveyed location. The
GWR technique has been widely used to investigate spatial non-
stationary present in geographical relationships (Fotheringham
etal.,2002). Local coefficient estimation in GWR largely depends on
selecting an optimal kernel bandwidth (Gao et al., 2003; Leyk et al.,
2012). Furthermore, the GWR technique is more sensitive to the
effect of multicollinearity (Wheeler and Tiefelsdorf, 2005) than the
OLS regression. A careful use of diagnostic statistics is, therefore,
accomplished in this study to confirm reliable GWR experimenta-
tion. Both the diagnostic testing and the visual interpretation of
local coefficient distributions in study area show significant spatial
non-stationarity of the stressor variables.

The reason of positive GWR relationships between CAI and PD
may be that a higher population density is usually related to more
labor availability. 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 correla-
tion 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
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eastern and northern regions, a low cereal production level and
being far from market together put a rural community at risk of
getting high food prices (USAID, 2009).

Compared to the HCl in the Center, a high CPl average is observed
in some rural communities nearby the urban areas. This indi-
cates 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 pro-
duction. Slightly below-average CPI value in the North region may
be due to the fact that the welfare in CAl is evaluated in the view
of households food production potential based on both the cur-
rent 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 estab-
lished poverty line (i.e. 1 USD adult~! 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) eval-
uating welfare variables that represent non-farm activities, e.g.
fishery, handicrafts, mining, particularly for communities residing
near the urban areas or for considering rural 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
spatialize the bio-economic farm model (BEFM) over large areas in
West Africa. This BEFM focusses on Burkinabé subsistence rural
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 necessary to further asses the com-
munities 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
rural 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 rural communities in the
entire region.

6. Conclusion

This study shows the performance of the composite asset index
(CAI) for poverty mapping in Burkina Faso. The index replaces com-
mon indices, and is based on survey data. CAl is interpolated and
mapped towards the entire country by using the RS-derived exter-
nal 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 nutrients, and topography. Spatial
dependency between CAl and the stressor variables is incorporated
into a geographically weighted regression (GWR) model that is able
to identify areas where poor agro-ecological conditions constrain
terroir communities from attaining an adequate level of welfare.

We conclude that level of household food production and con-
sumption 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 commu-
nities. The composite poverty index (CPI) based on the predicted
CAl showed similar patterns as compared to the commonly applied

head count Index. We thus conclude that agro-ecological marginal-
ity and poverty incidence are positively related in terroir areas of
Burkina Faso.

Timely, cost-effective, and fine resolution poverty maps of CAI
are generated targeting terroir areas. These maps can be applied for
decision 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.

Appendix A. Parameter 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 corre-
sponds 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 avail-
able 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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