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Geographical information systems support the application of statistical techniques to map
spatially referenced crop data. To do this in the optimal way, errors and uncertainties have
to be minimized that are often associated with operations on the data. This paper applies a
spatial statistical approach to upscale crop yields from the field level toward the scale of
Burkina Faso. Observed yields were related to the Normalized Difference Vegetation
Index derived from SPOT-VEGETATION. The objective was to quantify the uncertainties
at the subsequent steps. First, we applied a point pattern analysis to examine uncertainties
due to the sampling network of field surveys in the country. Second, geographically
weighted regression kriging (GWRK) was applied to upscale the yield observations and to
quantify the corresponding uncertainty. The proposed method was demonstrated with the
mapping of sorghum yields in Burkina Faso and results were compared with those from
regression kriging (RK) and kriging with external drift using a local kriging neighborhood
(KEDLN). The proposed method was validated with independent yield observations
obtained from field surveys. We observed that the lower uncertainty range value increased
by 39%, and the upper uncertainty range value decreased by 51%, when comparing
GWRK with RK and KEDLN. Moreover, GWRK reduced the prediction error variance
as compared to RK (20 vs. 31) and to KEDLN (20 vs. 39). We found that climate and
topography had a major impact on the country’s sorghum yields. Further, the financial
ability of farmers influenced the crop management and, thus, the sorghum crop yields. We
concluded that GWRK effectively utilized information present in the covariate datasets
and improved the accuracies of both the regional-scale mapping of sorghum yields and
was able to quantify the associated uncertainty.

Keywords: regional crop yields; GWR; sorghum; accuracy and uncertainty

1. Introduction

Sustainable farming strategies aim at yield levels while protecting the environment.
To accomplish this, bio-economic farm models (BEFMs) were developed (van Ittersum
et al. 2008). BEFMs can optimize agricultural farm responses by 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 a wall-to-wall application, for which no specific
site has yet been identified, and where the model is applied to any site in subregions of a
large region. Providing crop yield estimates for wall-to-wall applications is challenging, as
it requires timely and accurate mapping of crop yields over large areas, considering local
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factors of crop yields (Vossen 1999). 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 covariates that determine location-specific factors of crop yields. The accuracy
of the empirical relations and of the covariates leverages the accuracy of crop yield
mapping and, thus, increases the efficiency of wall-to-wall applications. Analyzing,
quantifying, and reducing the uncertainties, however, have so far received little attention
when developing empirical models of crop yield prediction.

Uncertainty in prediction models is hardly avoidable because the prediction at an
unsampled location is always associated with error. Specifically in crop yield mapping,
environmental and management factors make yield highly variable in space. Failure to
incorporate such high spatial variability contributes to the uncertainty ranges of crop yield
models. Recent studies highlighted huge inaccuracies in yield assessments, when crop
models were applied at the national and regional scales (Reidsma et al. 2009, Challinor
et al. 2009). These 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 the quality of acquisition methods of the input covariate datasets (Faivre
et al. 2004). Moreover, completely ignoring the external covariates that determine spatial
variability of crop yields has been considered a major reason of unsatisfactory perfor-
mance of crop models at regional scales (Reidsma et al. 2007). This is particularly true in
data scarce regions where limitations in data and even the quality of available data make
the quantitative assessment of the models difficult.

Geostatistical models have inherent procedures to deal with uncertainties (Castoldi
et al. 2009). Kriging, for instance, 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 spatial configuration of observed data. Moreover, co-kriging and regression kriging
(RK) provide ways to incorporate the variability in the external covariate datasets into the
kriged predictions (Papritz and Stein 1999). RK allows the variance to vary in space by
fitting a trend for the external covariate datasets with MLR (Diggle et al. 1998).

For large regional areas, however, global variograms may not incorporate effectively
the spatial variability. To deal with this, the nonstationary kriging methods stratify the
space and use local variogram models for each stratum (Harris et al. 2010b, Lloyd 2011).
Spatial regression methods like geographically weighted regression (GWR) use kernel
functions to weigh both observations and covariate datasets directly at each calibration
point (Brunsdon et al. 1996, Fotheringham et al. 2002). Here we use a novel approach for
crop yield modeling that applies GWR in combination with RK (Harris et al. 2010a,
Harris and Juggins 2011, Lloyd 2011). Such a hybrid GWRK predicts an attribute at
unsampled locations by modeling the locally varying trend using external covariates of
observed attribute. To model uncertainty, it then applies kriging to regression residuals.

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

The main objective of this study is to predict sorghum crop yield and its uncertainty at
a regional scale in West African cropping system, using the crop yield observations
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obtained from countrywide georeferenced surveys. The study was applied to Burkina Faso
that has relatively high spatial variability of sorghum crop yields due to strong variation of
the environment conditions. Here, we first investigated the sampling network of field
surveys. Next, we explored GWRK for prediction and associated measures of prediction
uncertainty, and compared it with other geostatistical methods.

2. Materials and methods

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 in any direction within a radius of only 100 km (Graef and
Haigis 2001). Rain falls during the 3–5 summer months, with half of the rainy days
occurring in July and August (Graef and 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 these 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. It is led by a traditional chief. The next adminis-
trative 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.

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 ter-
roirs 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 280
observations in the country.

Inadequacy in the configuration of observation sites contributes to erroneous assess-
ment 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
observation sites. It is usually assumed that the representative terroir locations are not
significantly clustered. This assumption was tested from theoretical backgrounds of the
point pattern analysis (Cressie 1993). The geo-referenced locations of the representative
terroirs presented in Figure 1a were considered as the ‘points’. The bounding shape for the
point pattern was a mask of the study area, that is, the validity domain (Kanevski 2008).
The Ripleys K-function was used as a statistical measure, to calculate the degree of spatial
randomness in the spatial distribution of crop yield samples (Ripley 1988), following the
procedures implemented by Baddeley and Turner (2005). Edge correction was applied
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Figure 1. Observed sorghum yield (kg ha−1) for year 2009 in the study area (a), K-function for
observation sites plotted together with the envelope of the K-function (gray) for 100 simulated
random patterns. Black solid line shows the estimated K-values of the observation sites for different
distances. This line lies inside the envelope and confirms that the pattern of observation sites is
random (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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using the border method (Ripley 1988). Simultaneous envelopes under complete spatial
randomness were computed based on 100 simulations of random distributed points over
the study area. The test rejects the null hypothesis if the graph of the K-function for the
sampled points lies outside the envelope at any distance. Regression models in this study
assume that independent data satisfy i.i.d. assumptions, that is, the data follow the normal
distribution and have a constant variance. A Kolmogorov–Smirnov (K–S) two-side test
was used to test normality of data.

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 (RURP), poverty head count ratio (PHCR),
and market access.

The Normalized Difference Vegetation Index (NDVI) is a RS-based vegetation index,
calculated as: NDVI ¼ ðNIR� RÞ=ðNIRþ RÞ, 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).
The NDVI was used as a biophysical indicator of the vegetation productivity during the
sorghum growing season. NDVI data were obtained from the SPOT-VEGETATION
sensor. We used a georeferenced temporal series of 10-day 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. Principal component
analysis (PCA) 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
and Haigis 2001). The Tropical Applications of Meteorology using Satellite (TAMSAT)
merges the satellite data with rain gauges observations to derive rainfall estimates
(0.0375°≈ 4 km spatial resolution) over the African region (Grimes et al. 1999). We
obtained 10-day TAMSAT rainfall data for the year 2009. For scale adjustment, the
TAMSAT data were resampled to 1 km2 using bilinear interpolation. To reduce the data
dimensionality, PCA 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
toward southern Burkina Faso, the lowland fields are prone to get flooded, due to runoff
to/from neighboring lands. Elevation was selected as a topographical variable. Elevation
data (ELEV) were obtained from Hydro 1-km Africa datasets (USGS 2012).

Extensive data on characteristics of individual farms are used to relate location-specific
management data and crop yields. For instance, Reidsma et al. (2007) using the Farm
Accountancy Data Network data observed that levels of inputs and capital intensity of
farmers 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.
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Financial ability of farmers influences input intensity, for example, fertilization use,
pest control use, and use of improved crop cultivars. In subsistence 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 PHCR, being the percentage of
the population living below the established poverty line. We used the 1.25 poverty line,
that is, 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 2012),
expressed in 2005 international equivalent PPP dollars.

Availability of labor in a terroir is a crop management factor in subsistence 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 RURP as proxy for labor
availability. The RURP, that is, the number of rural people per km2 (2005), was obtained
from HarvestChoice (2012).

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. 2007). Low capital intensity prohibits 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 closer 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 FEWSNET (2012). A simple
model was applied based on the distance of a terroir to its nearest markets. The obtained
gridded dataset has a cell size equal to 1 km2.

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 ðsÞ ¼ f ðNDVI :PCðsÞ;PERCðsÞ;ELEV ðsÞ;RURPðsÞ;PHCRðsÞ;MARKðsÞÞ
þ HðsÞ; (1)

where Y ðsÞ represents the sorghum yield at a location s that is modeled in two
components: a trend function f and an error model HðsÞ; denoting the small-scale
fluctuations around f with variance VARfHðsÞg: The function f determines the overall
influence of the external covariates NDVI :PCðsÞ; PERCðsÞ; ELEV ðsÞ; RURPðsÞ;
PHCRðsÞ; MARKðsÞ; following the notations in the previous section. It was modeled as
a global linear function using MLR when applying RK, and as a local linear function
using GWR when applying GWRK, respectively.

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 to predict the yield at unvisited locations using the grid
cell values of the external covariates at those locations.

MLR assumes that HðsÞ is a stationary random field with EfHðsÞg ¼ 0 and
VARfHðsÞg ¼ G, where the elements of the n� n diagonal matrix G reflect a pure nugget
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variance, that is, zero spatial autocorrelation, with G ¼ σ2I . In the case of MLR, the
regression coefficients are estimated as β̂MLR ¼ CMLRY ; where CMLR ¼ ðXTX Þ�1XT ; and
X is the matrix with covariates (Chambers and Hastie 1992). The MLR prediction at s is

ŶMLRðsÞ ¼ x�ðsÞT β̂MLR (2)

where x�ðsÞ is a vector of covariates at a grid cell s. The MLR prediction error
variance at s is estimated as

VAR½ŶMLRðsÞ � Y ðsÞ� ¼ ½1þ x�ðsÞT ðXTX Þ�1x�ðsÞ�σ̂2MLR; (3)

where σ̂2MLR ¼ RSS=ðn� npÞ, RSS is the residual sum of squares, and the denominator
term is known as effective degrees of freedom (DF) of the residual, and np is equivalent to
the number of parameters in a global linear model.

Similar to MLR, GWR assumes that HðsÞ is a stationary random field. GWR
parameters are estimated locally at all observed locations, as β̂GWRðsÞ ¼ CGWRY ðsÞ;
where CGWR ¼ ðXTW ðsÞX Þ�1XTW ðsÞ (Fotheringham et al. (2002), pp. 55). Here, W ðsÞ
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 ¼ exp½�0:5ðdst=bÞ2�; (4)

where b is a (non-negative) kernel bandwidth and dst are the distances between s and
neighboring terroir locations t. The kernel bandwidth measures the distance decay in the
kernel function. It was specified as adaptive, that is, a proportion between 0 and 1 of
observations to include in the weighting scheme (Bivand et al. 2008). Also, spatial scale
dependency required confirming the spatial nonstationarity of the relationship between
crop yield and its external factors. This required examining the effect of different adaptive
bandwidths on local estimation in GWR and finding an optimal kernel bandwidth. To do
so, we minimized Akaike’s information criterion (AIC) (Fotheringham et al. (2002), pp.
212) and increased the GWR adaptive bandwidth measures in small steps (0:05 ¼ 10Nt ,
0:1 ¼ 20Nt , 0:15 ¼ 30Nt , 0:2 ¼ 40Nt , 0:25 ¼ 50Nt , and 0:3 ¼ 60Nt , where Nt is the
number of neighboring terroirs). For each step, we recorded the value of the spatial
stationarity index (Fotheringham et al. 2002, Gao et al. 2012), which is a ratio between
the interquartile range for the GWR coefficients and twice the standard error (SE) of the
same variables from the equivalent global model.

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

ŶGWRðsÞ ¼ x�ðsÞT β̂GWRðsÞ; (5)

with the GWR prediction error variance at s (Leung et al. 2000) as,

VAR½ŶGWRðsÞ � Y ðsÞ� ¼ ½1þ x�ðsÞT ðCGWRC
T
GWRÞx�ðsÞ�σ̂2GWR; (6)

where σ̂2GWR ¼ RSS=ðn� npÞ, here the term np can be denoted as the effective number
of parameters for the GWR model.

240 M. Imran



2.4.2. OK and KED

OK allows predicting 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 (1993), p. 119) as

Ŷ ðsÞ ¼
Xn
s¼1

Ws:Y ðsiÞ;
Xn
s¼1

Ws ¼ 1 (7)

Here, Ws is the weight assigned to each of the observed crop yields and it is yet
unknown. The condition that the sum of weights is equal to 1 makes the VAR½ŶOKðsÞ �
Y ðsÞ� minimal among all linear unbiased predictors.

When applying OK, we write VARfHðsÞg ¼ G0; where G0 is a n� n matrix, whose
elements are found from variogram γðhÞ and reflect covariances of the sample locations.
The variogram model used in this study was the exponential model:

γðhÞ ¼
0 if h ¼ 0
C0 þ C1:½1� exp �h

a

� �� if 0 � h � a

8<
:

9=
; (8)

Here, C0 is small-scale nugget variance, C1 is a large-scale structural variance, and a
is the correlation range. To analyze possible anisotropy in the variogram model, direc-
tional variograms were computed for four main directions: 0°, 45°, 90° and 135°.
Moreover, the variability of the empirical variogram was analyzed with larger distances
(Diggle and Ribeiro 2007). To do so, the isotropic variogram model was fitted using
weighted least squares (WLS) and its confidence bands (envelopes) were computed.

The spatial covariances between the values at the prediction and the sample locations
are contained in the vector σ0: The unbiased predictor with minimal variance of the
prediction error is given by

Ŷ ðsÞ ¼ x�ðsÞT β̂GLS þ σ0TG0�1ðY � X β̂GLSÞ; (9)

where the trend parameters β̂ are estimated from generalized least squares (GLS) as,
β̂GLS ¼ ðXTG0�1X Þ�1XTG0�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 ½Ŷ ðsÞ � Y ðsÞ� ¼ fσ̂2 � σ0TG0�1σ0g þ ðx�ðsÞ � XTG0�1σ0ÞT : ðXTG0�1X Þ�1

� ðx��ðsÞ � XTG0�1σ0Þ
(10)

where σ̂2 is the estimate of the residual variogram sill C0 þ C1: Again, the OK
prediction error variance is obtained on setting a constant trend in Equation (10) (see
for details, Papritz and Stein (1999), pp. 95–98).

Here we applied KED with a local kriging neighborhood (KEDLN) through consider-
ing local neighborhoods of sample points instead of the global sample. The neighbor-
hoods for KEDLN were found using cross-validation.
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2.4.3. RK and GWRK

Explicit solving Equations (9) and (10) results into RK, which combines a separately
fitted regression on external covariates with kriging of the regression residuals (Diggle
et al. 1998). Chilès and 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 as a variant of explicit kriging, however, allows
specifying a local, nonparametric, and nonlinear trend component (Cressie 1993). Here we
specified both MLR and GWR, to model a trend in RK and GWRK, respectively. In both
cases VARfHðxÞg includes the covariance between point pair observations. This allows
including nonzero spatial autocorrelation of the regression residuals. The procedure we
followed was that first variograms of the regression residuals from MLR and GWR were
determined, followed by OK of the regression residuals toward the unvisited grid cells.
The interpolated residuals were then added to the respective predicted drift surfaces. The
RK prediction was then derived as,

ŶRKðsÞ ¼ x�ðsÞT β̂MLRðsÞ þ ĤOKðsÞ; (11)

and the GWRK prediction as,

ŶGWRKðsÞ ¼ x�ðsÞT β̂GWRðsÞ þ ĤOKðsÞ (12)

In this way, both heteroskedasticity of the external trend using the covariates and
spatial dependency of residuals were included and compared. Note that ŶGWRKðsÞ ¼
ŶGWRðsÞ , if the GWR residual variogram is determined as a pure nugget variogram. The
additive relationship of predictions from Equations (11) and (12) continues to prediction
variances as well. Hence, the MLR prediction variance Equation (3) and the GWR
prediction variance Equation (6) were added to the OK prediction error of residuals at s
(derived from Equation (10)), respectively, to obtain the RK and GWRK prediction error
variances at s.

The problems of multicollinearity may arise when the external covariates are highly
correlated, resulting in instable results in the estimated regression coefficients (Wheeler
and Tiefelsdorf 2005). Following (Wheeler 2007), the nature of global and local colli-
nearity was investigated using the global and local condition numbers, respectively. As a
rule of thumb, condition numbers greater than 30 indicate collinearity problems in the
global and local regression fits. A matrix scatterplot was used to analyze correlations
between external covariates.

2.5. Validation

The observed crop yields were randomly split into training and validation subsets,
containing 75% and 25% of independent observations, respectively. To compare MLR
and GWR, we used common accuracy and precision statistics such as the RSS, the SE of
the estimate, the AIC, GWR ANOVA test, and Monte Carlo test (Fotheringham et al.
(2002), pp. 212–216). The ANOVA tests the null hypothesis that GWR model represents
no improvement over a global model. The Monte Carlo test tests the significance of the
spatial variability in the local parameter estimates.

Cross validation (CV) was used to assess the variogram model, in terms of predic-
tion accuracy and the accuracy of corresponding prediction uncertainty, that is, the
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kriging variances (Pebesma 2004). Using CV of the kriged residuals, we computed the
frequency distribution of the z-score defined as the residual divided by kriging SE, the
mean error (ME), the mean square normalized error (MSNE), and the root mean square
error (RMSE) (Pebesma 2004). The spatial structure of the CV residuals was analyzed.
The model prediction accuracy was assessed by comparing model predictions with
independent observations using statistical techniques (Leopold et al. 2006). To do so,
the mean absolute error (MAE) and mean square error (MSE) were used. They were
calculated as:

MAE ¼
P
n
jŶ ðsÞ � Ŷ mðsÞj

n
(13)

and

MSE ¼
P
n
ðŶ ðsÞ � Ŷ mðsÞÞ2

n
; (14)

where Ŷ ðsÞ are the predicted values, ŶmðsÞ are the mean values and n is the number of
grid cells.

The R package spgwr (Bivand et al. 2008) was used to perform GWR, and the R
package Gstat (Pebesma 2004) to automatically fit the variograms and to perform the
kriging of GWR and MLR residuals. Block kriging in Gstat was used to deal with the
change of support (Pebesma and Wesseling 1998). Since the trend models are linear, we
can use model coefficients derived at the point support for estimating at the block support.
Then block predictions and corresponding prediction error variances are not affected by a
change of support (Heuvelink and Pebesma 1999, Leopold et al. 2006). Here, the block
size equals 1 km2 grid cell, which is equal to the grid cell size of external covariate
datasets.

3. Results

3.1. Statistical analysis

Figure 1a shows the spatial distribution of the observed sorghum crop yields. The mean
observed sorghum yield (954 kg ha−1) in 2009 is slightly below 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 toward the southern part of Burkina Faso,
with a subhumid agroecological gradient. This zone has more favorable cropping condi-
tions as compared to the semiarid and arid zones toward the northern parts of the country.

Figure 1b shows that the K-function of the observed points lies inside the envelope for
each value of r. The test confirms (P = 0.05) that the network of representative terroir
locations is homogeneously distributed and, hence, declustering is not required (Kanevski
and Maignan 2004). The K–S test (P ¼ 0:1Þ confirms normality assumption of the
distribution of observed sorghum crop yield. The Q-Q plot (Figure 1c) 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 large-scale agricultural surveys. Here we obtain a high degree
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of spatially autocorrelation (Moran’s I = 0.81, P < 0:001Þ of the observed sorghum crop
yields.

Figure 2 shows maps of external covariates to predict the sorghum crop yield. PCA of
the 10-day SPOT VGT NDVI composite images, covering the sorghum growing season,
captures 99% variance of the entire image series into the first three principal components.
The first principal component (NDVI.PC1) explains more than 91% of the total variability
in the image bands and, therefore, is included in the analysis. Similarly, PCA of the
10-day TAMSAT rainfall estimates allocates approximately 93% of the total variability
into the first two principal components (PREC.PC1 and PREC.PC2).

Figure 2. Maps of external covariates to predict sorghum crop yield in Burkina Faso.
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3.2. Regression analysis

Linear regression shows a significant relation (R2
a ¼ 0:64 , p < 0:001Þ between the sor-

ghum yield and those external covariates. The coefficients obtained with MLR are given
in Table 1. Since the condition numbers take into account the multivariate predictability of
any one covariate from the other covariates, our findings (i.e. condition numbers ≤ 30)
show no significant global collinearity. This is further confirmed by the matrix scatterplot
(Figure 3a), which shows no bivariate correlations among pairs of selected external
covariates. However, the local condition numbers (Figure 4) show a significant collinear-
ity in the local regression fits. A Moran’s I value of 0.44 (p < 0.001) for the MLR
residuals shows that the model can be improved by (1) using spatial regression methods
and (2) kriging of the residuals.

A comparison of the MLR and GWR models is presented in Tables 1 and 2.
Minimizing AIC from 2032 to 2016 results in an adaptive bandwidth of 0.05, correspond-
ingly with 6–10 neighboring terroirs. The inter-quartile ranges of the GWR coefficients
(Table 1) indicate spatial nonstationarity, that is, the local parameter estimates are highly
variable in the study area. The stationarity index becomes larger up to the adaptive
bandwidth of 0.05 and flattens with higher bandwidths. For example, the inter-quartile
range of NDVI.PC1 in GWR (62.4 to 201) is well beyond the ±1 standard deviation
(92.6) of the corresponding MLR estimate. Moreover, at this adaptive bandwidth, a Monte
Carlo significance test indicates a significant spatial variation (P = 0.001) in the local
parameter estimates for all external covariates. This confirms that the relationship between
sorghum yield and external covariates is local and varies in different parts of the study
area. For example, Table 1 shows that a significant negative correlation (global) exists
between sorghum yield and PREC.PC2 (r = − 0.22, P = 0.001). However, for the same
parameter, both the inter-quartile range of the GWR coefficient (−44.50 to 56.00) and the
Monte Carlo significance test (P = .001) show that the parameter is spatially
nonstationary.

Table 1. Parameter estimates for the sorghum yield model fitted using the multiple linear
regression (MLR) and the geographically weighted regression (GWR).

Regression
parameters (r, p)a

MLR
testb

MLR
SEc P-value CNd GWR rangee

MC
testf

Intercept – 135.78 107.52 0.050 1.00 −41.50 to 465.00 0.001
NDVI.PC1 (0.75, <0.0001) 151.39 46.33 0.001 1.93 62.40 to 201.00 0.001
PREC.PC1 (0.73, <0.0001) 31.09 11.47 <0.001 2.92 15.10 to 89.30 0.001
PREC.PC2 (−0.22, 0.001) 40.32 10.77 <0.001 5.71 −44.50 to 56.00 0.001
ELEV (0.60, <0.0001) 0.32 0.11 <0.001 14.84 −0.23 to 0.37 0.001
PHCR (0.51, <0.0001) 3.76 1.28 <0.001 18.78 1.46 to 9.27 0.001
MARK (0.23, 0.001) 0.95 0.31 0.001 23.74 0.73 to 2.58 0.001

Notes: aPearson correlations between the CAI and the variables of the first principal component of Normalized
Difference Vegetation Index (NDVI), first two principal components of rainfall estimates (PREC), elevation
(ELEV), poverty head count ratio (PHCR) and distance to major trade markets (MARKD).
bParameter estimates from MLR.
cCondition numbers.
dStandard error.
eInter-quartile range of the GWR coefficients.
fMonte Carlo significance test for spatial nonstationarity of parameters.
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A low Moran’s I value of 0.23 (P < 0.001) is observed for the GWR residuals,
compared to that of 0.44 (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 Figure 3b–c. This suggests that GWR accounts for most of the spatial

Figure 3. Bivariate correlations between pairs of selected external covariates (a), Kernel density
plot of multiple linear regression (MLR) residuals (b), Kernel density plot of geographically
weighted regression (GWR) residuals (c).
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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 RK models, respectively.

The results of the ANOVA test (Table 2) indicate that the GWR model is a statistically
significant (P < 0.05) improvement over its corresponding MLR model for the sampled
sorghum yield data. The RSS and SE values in the sorghum yield estimations are reduced
in the GWR model. The adjusted 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 the DF. The reduction in the AIC from the MLR model shows, however, that
the GWR approach is better even after considering the differences in DF.

3.3. Geostatistical analysis

Figure 5a shows the standard variograms fitted for sorghum yield in 0°, 45°, 90° and 135°
directions. The sill values of these variograms, equal to 50,477 kg2, 44,196 kg2,
38,149 kg2, 47,489 kg2, respectively, as compared to that of the omnidirectional vario-
gram, equal to 45,517 kg2, show no anisotropy. Moreover, the fitted isotropic variogram
goes through all points and lies within the confidence bands (Figure 5b). The confidence

Figure 4. Histogram of the local condition numbers.

Table 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) SEb DF F AICc R2
a
d

MLR 1790 190 7 – 2032 0.62
GWR 1241 121 105 2.47 2016 0.83

Notes: aResidual sum of square.
bStandard error.
cAkaike information criterion.
dAdjusted coefficient of determination.
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bands show the variability of the sample variogram estimated using simulations from the
given set of model parameters, that is, model = exponential, nugget = 0, sill = 52,618 kg2,
and range = 97,039 m. Therefore, isotropic models are used to predict the sorghum yields
in Burkina Faso.

In the case of OK interpolation of sorghum yields, the parameters of the exponential
variogram show that the average distance up to which the variogram increases is 97 km
(Figure 6a). This distance covers approximately 6–10 neighboring terroirs. The vario-
grams of MLR and GWR residuals (Figures 6b–d) show a decrease in both the total sill
and range estimates. For RK, 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 results in
a comparatively low smoothing effect in the sorghum yield map from GWRK as com-
pared to OK (Figure 9). Again the variogram of GWR residuals exhibits a clear spatial
structure (Figure 6c). The variogram distance increases up to approximately 18 km.
Figure 9d 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 3) show that GWRK performs better than
both OK, RK, and KEDLN with an ME value close to 0 (−1.61) and an MSNE value
close to 1 (0.869). For all the three kriging methods, the z-score values of cross
validation show that the variogram models reasonably account for the spatial autocor-
relation to explain the yield variance. The RMSE value is lowered for GWRK. No
significant spatial structure of the CV residuals is observed. Consequently, the GWRK
considerably minimizes the local error variance as compared to OK, KEDLN, and RK
(Figures 7a–d and 9d).

Figure 5. Standard variograms fitted for sorghum yields: anisotropy in four directions (a), isotropic
variogram model (model = exponential, nugget = 0, sill = 52,618 kg2, range = 97,039 m) fitted using
weighted least squares (WLS) and its confidence bands (envelopes) (b).
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Table 3. Cross validation (residuals) results of the geostatistical prediction models of sorghum
crop yield – ordinary kriging (OK), kriging with external drift using a local kriging neighborhood
(KEDLN), regression kriging (RK), and geographically weighted regression kriging (GWRK); for
prediction accuracy, we expect mean z-score and mean error (ME) close to 0, if the sorghum yield
predictions are unbiased, and a small root mean square error (RMSE), if the predictions are close to
the measured values. For prediction uncertainty accuracy, we expect the mean square normalized
error (MSNE) close to 1, if the standard errors are accurate, the Z-score variance is lower than 1, if
the kriging variance is not underestimated, and both Moran’s I and the correlation (yield predictions
and CV residuals) are close to 0, if the CV residuals have no spatial structure.

Mean Variance Moran’s I Correlation

Model (Z-score) (Z-score) MSNE ME RMSE (CV residuals)
(Yield predictions and

CV residuals)

OK −0.015 0.840 0.701 −3.46 91.2 −0.099 0.126
KEDLN −0.013 0.804 0.643 −2.12 95 −0.017 0.023
RK −0.012 0.832 0.687 −3.15 96.4 −0.038 0.218
GWRK −0.008 0.935 0.869 −1.61 86.9 −0.035 0.025

Figure 6. 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).
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3.4. Sorghum yield prediction and uncertainty of prediction

The maps of sorghum crop yield produced by MLR and GWR and the variance of the
prediction error are shown in Figure 8. The MLR prediction map presents an overall
north–south global trend of sorghum yield. MLR, however, fails to show the short-range
spatial variability of sorghum yields, which is clearly present on the Eastern part of maps
obtained with geostatistical methods (see Figure 9). The trend identified by MLR shows
the strength of external covariates used in the analysis. MLR reduces the prediction
variances and tends to make them smooth across the area. For example, MLR over-
estimates 9.15% of the upper observed sorghum yields and underestimates 8.48% of the
lower crop yields. GWR gives 7.76% overfit of the maximum observed yield values.
There is a considerable improvement in MAE and MSE values as compared to those
values for MLR. The MLR prediction error variance is more uniform over the study area
than the GWR.

The summary comparisons of OK, KEDLN, RK, and GWRK (see Table 4) give
4.19% lower mean for OK, and 0.1% lower mean for GWRK, compared to the mean
sorghum yield at primary locations. Comparison of sorghum yield maps (Figure 9) shows
higher values of the predicted yield (kg ha−1) toward the southern part of Burkina Faso.
This indicates that spatial variability of NDVI, precipitation, and elevation successfully
explains the favorable cropping conditions along agroecological gradients and between
sites. The maps of OK, KEDLN, and RK prediction errors show high residual variability
in the northern and NE areas, with 75% values in the range of 11–237. This can be seen
from Figure 1a, showing the observed sorghum data are relatively absent in those areas.
GWRK considerably reduces this residual variability to 75% values in the range of 28–
121. This gives evidence that GWRK effectively utilizes information present in the

Figure 7. Kernel density plots for local prediction error variances of ordinary kriging (OK) (a),
kriging with external drift using a local kriging neighborhood (KEDLN) (b), regression kriging (RK)
(c), and geographically weighted regression kriging (GWRK) (d).
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environmental and management datasets to improve accuracy of the sorghum yield
predictions in the study area.

OK interpolation oversmooths the predicted sorghum yields compared to the observed
yields. RK improves this smoothing effect, but local error variance is not significantly
reduced (see Table 4). Moving from GWR to GWRK improves the prediction (mean) and
accuracy of prediction (MAE and MSE). This indicates that the GWR trend fits are not
strongly local and captures some of the variation in the data, leaving a relatively low
spatial autocorrelation of residuals (Moran’s I value of 0.23). Moreover, in GWRK, the
prediction error variance is reduced considerably as compared to KEDLN (from 39 to 20)
and to RK (from 31 to 20). Moreover, the GWRK predicted mean yield values are
accurately estimated as compared to OK, KEDLN, and RK. As compared to KEDLN,
the MAE and MSE values are slightly higher in GWRK. Overall, GWRK outperforms all
other models both for sorghum yield prediction and in terms of the mean variance of
prediction error.

Figure 8. Sorghum crop yield prediction (kg ha−1) from multiple linear regression (MLR) (a), and
geographically weighted regression (GWR) (b), estimates of the crop yield prediction uncertainty
from MLR (c), and GWR (d).
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4. Discussion

Kriging (e.g. OK) is a well-established method to model crop within-yield variability for
precision agriculture (Faivre et al. 2004). There is still a demand for synergistic
approaches to accurately model spatial variability of crop yield and its factors over
large areas (Challinor et al. 2009). Besides producing accurate yield maps, these
approaches should produce accurate uncertainty maps for developing wall-to-wall agri-
cultural services. Our focus was therefore on accurately predicting crop yield and asso-
ciated uncertainties for studies at regional scale. Uncertainties may be associated with
field measurements, sampling and monitoring networks, and flaws in the models or in the

Figure 9. Sorghum crop yield prediction (kg ha−1), and estimates of prediction uncertainty from:
ordinary kriging (OK) (a), kriging with external drift using a local kriging neighborhood (KEDLN)
(b), regression kriging (RK) (c), and geographically weighted regression kriging (GWRK) (d).
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statistical analysis itself. In our case study in Burkina Faso, uncertainties may further be
dealt with as a result of inadequacy of models to incorporate the spatial variability in large
heterogeneous areas. Thus, this study applied a solid statistical methodology for assessing
crop yield uncertainty at the national scale. To do so, it quantified jointly and system-
atically the uncertainties manifested in different sources. The methodology proceeded as
follows:

● First, to test the sampling network of representative terroirs, it applied point pattern
analysis to check whether the field measurements were not clustered in the country.

● Second, to quantify uncertainty in crop yield predictions, it presented a hybrid
approach of GWRK, applying GWR to model the local drift and kriging to
interpolate the GWR residuals.

● Third, to test inadequacies in the model itself, it compared the GWRK performance
to quantify uncertainty with RK and KEDLN.

GWRK has the potential to predict crop yields accurately over larger areas and to
quantify the prediction uncertainty, using external covariate datasets, specifically in
situations of spatial nonstationary relations in Burkina Faso that may not be properly
modeled by GWR or RK. The accuracy of GWRK is high, provided that sources of the
model uncertainty are properly analyzed. In particular, here we discuss the following:

(1) Regional datasets on RURP, PHCR, and market access were obtained from
HarvestChoice (2012). HarvestChoice uses a weighted aggregation to prepare
these gridded datasets (1 km spatial resolution) at the scale of sub-Saharan
Africa. The remaining datasets were RS-based products obtained from SPOT
and TAMSAT. All datasets were clipped to the study area and subsequently
were used as covariates of the sorghum yield. Input errors like data measurement

Table 4. Histogram descriptive statistics, mean absolute errors (MAE), mean square errors (MSE),
and prediction error variance for the sorghum yield predictors – observed sorghum yield (kg ha−1)
(training and validation datasets) – models of global multiple linear regression (MLR) and local
geographically weighted regression (GWR) – interpolating sorghum yield observations, via ordinary
kriging (OK) – predicting sorghum crop yield with external covariate data, via kriging with external
drift using a local kriging neighborhood (KEDLN), regression kriging (RK), and geographically
weighted regression kriging (GWRK).

Model n Mina
1st
Qb Medc

3rd
Q Maxd Mean MAE MSE

Error
variance

Observed (training) 210 421 780 924 1180 1404 954 – – –
Observed (validation) 70 421 830 1006 1197 1404 954 – – –
MLR 273151 357 787 1004 1135 1531 950 100.0 18426 24
GWR 273151 384 760 1022 1145 1518 958 87.9 11688 27
OK 273151 423 737 934 1071 1417 914 49.4 5457 41
KEDLN 273151 380 731 960 1099 1454 919 54.6 5915 39
RK 273151 382 745 999 1144 1517 944 62.2 7367 31
GWRK 273151 400 753 1010 1148 1560 953 59.0 6953 20

Notes: aMinimum.
bQuartile.
cMedian.
dMaximum.
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and generalization errors were not considered for the covariates, as there was not
enough information available to do so. In the future, these errors should be further
considered.

(2) Prediction accuracy in regression-based approaches largely depends upon the
accuracy of estimated relationships, in particular the spatially nonstationary rela-
tionships that may vary according to the spatial scales of each external covariate
on crop yield. It is therefore important to carefully determine (1) the effect of
sampling network on the spatial nonstationarity of the relationship and (2) the
effect of spatial scale of local relationships on the stability and multicollinearity of
GWR coefficients. Point pattern analysis confirmed that the spatial nonstationarity
observed in the crop yield relationship was not contributed by the sampling
network. Moreover, the effect of different adaptive bandwidths was investigated
on local estimation in GWR. An optimal bandwidth determines the extent of the
spatial neighborhood, to accurately calibrate each locally weighted regression.
There is a well-known trade-off between a small bandwidth that may lead to large
SEs, and a large bandwidth that may lead to small SEs (Fotheringham et al.
2002). In this study, minimizing AIC was used to find an optimal kernel size for
local estimation in GWR (Fotheringham et al. (2002), p. 212).

(3) In GWR, Harris et al. (2010a) showed that the choice of both kernel type and
bandwidth optimization method affects the local sample sizes and thus the pre-
diction uncertainty. Presently, there is no well-established method to quantify the
uncertainty induced by improper kernel types or improperly calibrated band-
widths of the kernel and, thus, the resulting local parameter uncertainty in
GWR. Harris et al. (2010a) accessed such uncertainty by calibrating and compet-
ing different kernel types and different optimization methods. These comparisons,
however, would soon become rather tedious. Here we compared the prediction
uncertainty maps from GWRK to other models and, thus, analyzed the model
efficiency based on how much the model minimized the local error variance. Our
findings showed that GWRK minimized the local error variance as compared to
OK, KEDLN, and RK.

(4) To compare GWRK to the study models, we realize that substantial differences
occur in their statistical properties. OK is a spatial and univariate interpolator.
MLR is a nonspatial and multivariate interpolator and models stationary relation-
ships. GWR is a spatial and multivariate interpolator and models nonstationary
relationships. Both KED with a global kriging neighborhood and RK are spatial
and multivariate interpolators and model stationary relationships plus spatial
dependence in the residual data. Both KED with a KEDLN and GWRK are
spatial and multivariate interpolators and model nonstationary relationships plus
spatial dependence in the residual data. Contrary to the GWRK, however,
KEDLN suffered from local collinearity in this study, and hence, the use of
GWRK was preferred.

(5) In RK, the relationship between the dependent variable and external covariates is
assumed to be linear. This allowed us to simply sum the drift prediction error
variance and the kriging error variance of the predicted residuals, to obtain the RK
prediction error variance. Correlations between GWR and the kriging components
of GWRK may be 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. (2010a) applied a
pragmatic approximation to estimate the GWRK variance by subtracting sill
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estimate of the residual variogram from the sum of the GWR prediction variance
and the residual OK variance. Here, this approximation generated a negative
GWRK variance. We therefore applied the additive relationship of predictions
from Equation (12) to the GWR prediction variance, which resulted in a signifi-
cantly reduced (non-negative) GWRK error variance. Prediction error variances
however should only be used with caution in this study, and in the future,
uncertainties are to be characterized by stochastic simulation methods.

Using GWRK and the external covariate datasets, we interpolate the sorghum crop
yield over a regular grid covering the country of Burkina Faso, having grid cell size equal
to 1 km2. We intend to use this crop yield interpolation approach for spatializing a BEFM
as a spatial decision support at the scale of Burkina Faso. The system will help farmers to
formulate on-farm 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.

5. Conclusion

This research investigated the use of GWRK, to estimate sorghum crop yields and their
associated uncertainties in Burkina Faso. It applied geographically weighted regression
(GWR) to model the local drift and kriging to interpolate the GWR residuals. It used
various global and regional gridded datasets.

The performance of GWRK is compared with that of kriging with RK and kriging
with external drift using a KEDLN. Accuracies were compared both for prediction of the
sorghum crop yields and for estimating the uncertainty of those predictions. Accuracy of
the crop yield prediction is evaluated using MAE, MSE, and the adjusted coefficient of
determination, R2

a: The accuracy of the uncertainty estimates was evaluated using the
prediction error variances and the RMSE obtained during cross validation of the residuals.
The results indicated that overall GWRK is superior to KEDLN and RK. The MSE value
in GWRK was equal to 6953 as compared to 7367 for RK and 5915 for KEDLN.
Prediction uncertainty in GWRK was significantly reduced. Prediction error variance in
GWRK was equal to 20 as compared to 31 for RK and 39 for KEDLN. GWRK utilized
information from external variables in an effective way, and the accuracy of the sorghum
crop yield predictions improved. Results showed that climate, topography, financial
ability of farmers and labor availability are significant explanatory variables when pre-
dicting sorghum crop yield in Burkina Faso. The GWR analysis showed locally a large
spatial variation of the parameter estimates. In summary, the study showed how quanti-
fication of uncertainties can be an integral part of yield mapping at the national scale.
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