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Abstract

Climate change is one of the greatest threats facing the global community and
has been mainly induced by increasing atmospheric concentrations of green-
house gases resulting from fossil fuel energy use and change in vegetation
cover. This study used modelling techniques to determine how changes in
climate could affect vegetation productivity in the northern part of Nigeria.
Climatic parameters (Rainfall, Minimum and Maximum Temperatures) as
well as coarse Normalised Difference Vegetation Index (NDVI) data for the
growing seasons of 1981-2009 were utilised. Because of the relationship be-
tween climatic parameters and vegetation, Spatial method of data interpola-
tion was tested. Results from the prediction elevation values ranged from
—3e-9 to 2e—9. It was observed from prediction variance map that the values
were higher in the upper portion of the study area which comprised Gusau
(GS), Jos (JS), Katsina (KT), Minna (MN) and Zaria (ZR) and lower in the
middle and lower parts of the study area which comprised mainly Funtua,
Kano, Maiduguri and Sokoto. Further studies are encouraged with high reso-
lution imageries and more meteorological data to cover the montane and for-
est zone of the country to determine the level of climatic impacts particularly
on vegetation productivity in general.
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1. Introduction

Climate change is one of the greatest threats facing the global community in the

current century, and has been mainly induced by increasing atmospheric con-
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centrations of greenhouse gases resulting from fossil fuel energy use and con-
tinuous increase in the decline of vegetation cover. Although the changes being
witnessed in the general land cover globally may be attributed to the changing
climate with both their negative and positive effects, these are often not given
attention to. For example, the increasing global temperatures are translating into
either increased or decreased vegetation productivity depending on environment
conditions. Furthermore, because of the sensitivity of global and regional cli-
matic models, there is more increasing attention in research in these areas. Geo-
statistics for example, is based on the theory of regionalized variables [1] [2] and
[3], which allows one to capitalize on the spatial correlation between neigh-
bouring observations to predict attribute values at unsampled locations. For
example, [4] has shown that the geostatistical prediction technique (kriging)
provides better estimates of rainfall than conventional methods. [5] found that
the results depend on the sampling density and that, for high-resolution net-
works (e.g. 13 rain gauges over a 35 km?), the kriging method does not show sig-
nificantly greater predictive skill than simpler techniques, such as the inverse
square distance method. Similar results were found by [6] when they compared
kriging and multiquadratic surface fitting for various gauge densities. In fact, be-
sides providing a measure of prediction error (kriging variance), a major advan-
tage of kriging over simpler methods is that the sparsely sampled observations of
the primary attribute could be complemented by secondary attributes that were
more densely sampled. For rainfall, secondary information was taken in the
form of weather-radar observations. A multivariate extension of kriging, known
as cokriging, has been used for merging rain gauge and radar-rainfall data e.g.
[7] and [8].

Geostatistical interpolators can also be used to make spatial predictions of
continuous variables using field samples. Predicted values for unsampled loca-
tions are determined by a combination of the surrounding samples weighted by
their distance to the unknown location [9]. Kriging, originally developed by [10]
for mineral exploration, is one of the most widely used geostatistical interpola-
tors because of its fidelity to the sample data. Thus, kriging uses a model of the
spatial dependence between samples (ie., how autocorrelation changes as a
function of distance between samples) as well as the distance to neighbouring
sample points to create estimates at unknown locations [11]. The number and
distribution of sample points affect the scale of predictions that can be made via
statistical interpolators. This is especially true for kriging, as sample points of
varying distances apart are needed to estimate spatial autocorrelation. Given the
cost and time required to collect field samples, it is often difficult to obtain
enough samples to make spatial predictions at a scale that is useful to rangeland

managers using statistical interpolators alone [11].

2. Conceptual Framework

In recent years, there has been an increasing interest in hybrid interpolation

techniques which combine two conceptually different approaches to modelling
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and mapping spatial variability [12]: 1) interpolation relying solely on point ob-
servations of the target variable; and 2) interpolation based on regression of the
target variable on spatially exhaustive auxiliary information. Several studies have
shown that hybrid techniques can give better predictions than either single ap-
proach [11] [13] [14] [15] [16] [17]. These interpolators are currently used in a
variety of applications, ranging from modelling spatial variability in tropical
rainforest soils [17] [18] mapping of leaf area index (LAI) using Landsat ETM+
data [19], modelling spatial distribution of human diseases [20], mapping water
table [21] [22], mapping abundance of fish in the ocean [23], mapping rainfall
over Great Britain [16], and mapping rainfall erosivity in the Algarve region of
Portugal [3]. One of these hybrid interpolation techniques is known as regres-
sion-kriging (RK) [24] [25]. It first uses regression on auxiliary information and
then uses simple kriging (SK) with known mean (0) to interpolate the residuals
from the regression model. This allows the use of arbitrarily-complex regression
methods, including generalized linear models. In spite of this and other attrac-
tive properties of RK, it is not as widely used in geosciences as might be ex-
pected.

Universal kriging (UK) model that was said to have been introduced by [26]
and by many statisticians considered to be the (only) best linear unbiased pre-
diction model of spatial data [27], Section 6. Originally, UK was intended as a
generalized case of kriging where the trend is modelled as a function of coordi-
nates, within the kriging system. Thus, some authors e.g. [28] [29] [30] reserve
the term Universal Kriging for this case. If the drift is defined externally as a lin-
ear function of some auxiliary variables, rather than the coordinates, the term
Kriging with External Drift (KED) is preferred [29] [31]. In the case of UK or
KED, the predictions are made as with kriging, with the difference that the co-
variance matrix of residuals is extended with the auxiliary predictors [32]. How-
ever, the drift and residuals can also be estimated separately and then summed.
This procedure was suggested [33] as well as [24] but later named regression-
kriging, while [2] used the term Kriging with a trend model to refer to a family
of interpolators and refers to RK as simple kriging with varying local means.
KED and RK differ in the computational steps used; however, the resulting pre-
dictions and prediction variances are the same, given the same point set, auxil-
iary variables, regression functional form, and regression fitting method.

Although the KED seems, at first glance, to be computationally more straight-
forward than RK, the variogram parameters for KED must also be estimated
from regression residuals, thus requiring a separate regression modelling step.
This regression should be GLS because of the likely spatial correlation between
residuals, although many analysts used it instead of the OLS residuals, which
may not be too different from the GLS residuals [17]. However, they are not op-
timal if there is any spatial correlation, and indeed may be quite different in the
case of highly correlated clustered sample points. Also a limitation of KED is the
instability of the extended matrix in the case that the covariate does not vary

smoothly in space [2]. RK has the advantage that it explicitly separates trend es-
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timation from residual interpolation, allowing the use of arbitrarily complex
forms of regression, rather than the simple linear techniques that can be used
with KED. In addition, it allows the separate interpretation of the two interpo-
lated components. For these reasons we advocate the use of the term regres-
sion-kriging over universal kriging. Hence, RK is a more descriptive synonym of
the same generic interpolation method [12].

The variable used in the Regression and Kriging analysis should be normally
distributed for better kriging estimates. In many studies, however, the variables
show skewed non-normal distribution, which then reflect on residuals [32].
Skewed data can be made more appropriate for geospatial prediction modelling
by the means of data transformation which generally improves the Kriging esti-
mates [34].

[35] used another geostatistical technique with an external drift, to combine
both types of information. In that study, another valuable and cheaper source of
secondary information was considered ie., a digital elevation model (DEM).
Precipitation tends to increase with increasing elevation, mainly because of the
orographic effect of mountainous terrain, which causes the air to be lifted verti-
cally, and the condensation occurred due to adiabatic cooling. For example, [36]
reported a significant 0.75 correlation between average annual precipitation and
elevation recorded at 62 stations in Nevada and south-eastern California. In that
experiment a multivariate version of kriging, called cokriging to incorporate
elevation into the mapping of rainfall was utilised. However, according to [37] a
more straightforward approach exists which consist of estimating rainfall at a
DEM grid cell through a regression of rainfall versus elevation. In another study
using simple modelling approach, [38] analysed the mean and inter-seasonal
variation during growing season across the Kano region using only rainfall and
NDVT datasets. However, they neither utilised DEM data nor a complex regres-
sion technique in their assessment.

As for [39] who examined different models namely, thiessen polygons, inverse
distance, second order polynomial, ordinary kriging and universal kriging for
distribution of monthly rainfall in southern Florida, ordinary kriging method
was found to have the lowest error (1.32), though in comparison, [40] showed
that the method of thin plate smoothing splines was the most accurate method
for interpolation particularly if soil salinity is incorporated. However, when [41]
compared the performance of three interpolation methods (nearest neighbour,
ordinary kriging, and cokriging) for soil moisture retention, ordinary kriging

and cokriging were found to be very promising techniques.

3. The Study Area

The study area is centered on the northern part of Nigeria where data obtained
from 12 climatological stations were utilised. This area falls within Latitude 8°N
to 14°N and Longitude 2.5°E to 14°E (Figure 1). The area can be described as a
mixture of wet and dry type. Rainfall varies from the extreme northern part,

central and southern part of the study area. Depending on the location within
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Figure 1. Map of the study area showing the climatological stations.

the study area, annual rainfall is as low as to 800 mm to a maximum of 5000 mm
during the wet year while vegetation is mixed savannah and montane types.

The objectives of this research are to examine Regression-Kriging (RK) using
some climatic variables that are likely to affect the changing climate in the study

area during growing season.

4. Data and Methods

Data from the nearest 12 meteorological stations administrated by the Nigerian
Meteorological Agency (Nimet) was sourced and utilised for this study. The
dataset covering the growing seasons (June to September 1981-2009) for the
study area in the form of monthly rainfall, minimum and maximum tempera-
tures were used variables for the analysis in addition Normalised Difference
Vegetation Index (NDVI) dataset of the same time series and digital elevation
data (DEM). The meteorological stations are regularly distributed over the study
area and represent all land cover types found there as described by [38].

4.1. Regression-Kriging

In the geostatistical approach, predictions are commonly made by calculating
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some weighted average of the observations based on [32]:

(s)=342(5) 1)

where 2(s,) is the predicted value of the target variable at an unvisited loca-
tion s, given its map coordinates, the sample data z(s,),z(s,),---,2(S,), and
their coordinates. The weights 4, are chosen such that the prediction error va-
riance is minimized, yielding weights that depend on the spatial autocorrelation
structure of the variable. This interpolation procedure is popularly known as or-
dinary kriging (OK). An alternative to kriging is the regression approach, which
makes predictions by modelling the relationship between the target and auxiliary
environmental variables at sample locations, and applying it to unvisited loca-
tions using the known value of the auxiliary variables at those locations. Com-
mon auxiliary environmental predictors are land surface parameters, remote
sensing images, and geological, soil, and land-use maps [42]. A common regres-
sion approach is linear multiple regressions [43] [44], where the prediction is

again a weighted average, this time of the predictors:
P~
Z(SO):Zﬂk'qk(so); qO(SO)E]_ )

where 0, (S,) the values of the auxiliary variables at the target location are, ﬁk
are the estimated regression coefficients and p is the number of predictors or
auxiliary variables. (To avoid confusion with geographical coordinates, we use
the symbol g, instead of the more common x, to denote a predictor.) RK com-
bines these two approaches: regression is used to fit the explanatory variation
and SK with expected value 0 is used to fit the residuals, 7e unexplained varia-
tion [25]:

-0 (50)+ D4 e(s) )

where M(s,) is the fitted drift, &(S,) is the interpolated residual, f, are es-
timated drift model coefficients ( S, is the estimated intercept), A, are kriging
weights determined by the spatial dependence structure of the residual and
where e(s) is the residual at location s, The regression coefficients ,[A?k are esti-
mated from the sample by some fitting method, e.g. ordinary least squares (OLS)
or, optimally, using generalized least squares (GLS), to take the spatial correla-

tion between individual observations into account [45]:

~ -1

peLS =(q"-c™-q) q' -z, “@
where BGLS is the vector of estimated regression coefficients, C is the cova-
riance matrix of the residuals, g is a matrix of predictors at the sampling loca-
tions, and z is the vector of measured values of the target variable. Once the
trend has been estimated the residual can be interpolated with kriging and added

to the estimated trend. In matrix notation, this is written as [27]:

2(s;) =05 - JOLS + 4 -(2—q- BGLS), (5)
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where 7(s,) is the predicted value at location s;, @, is the vector of p + 1
predictors, and 4, is the vector of n kriging weights used to interpolate the re-
siduals. This prediction model has an error that reflects the position of new loca-

tions (extrapolation) in both geographical and feature space:
N
Tre (8)=(Co+C,)=¢; -C g +(Qo -q'-Cc™ 'Co)
-1
(qTC*lq) '(qo_qT'Cil'CO),

where C;+C, is the sill variation and ¢, is the vector of covariance of resi-

(6)

duals at the unvisited location.

Initially an iterative process was used to estimate the residuals using OLS, fol-
lowed by utilising the covariance function of the residuals to obtain the GLS co-
efficients. These were used later to re-compute the residuals, from which an up-
dated covariance function was computed, and so on. Although this has been
recommended by many geostatisticians as the proper procedure, [46] showed
that use of the covariance function derived from the OLS residuals (i.e. a single

iteration) is often satisfactory.

4.2. Variogram Modelling of Residuals

In this study, residuals were estimated from the difference between predicted
and observed values, which are generally assumed to be normally distributed.
Fitting of the variogram was achieved with the aid of R software package. The
residuals were analyzed for spatial autocorrelation structure using variogram
modeling. First the semi variance was determined to be the difference between
the two points in a point pair, while the variogram cloud was formed and later
grouped in to lags based on some separation range and finally a residual

variogram was derived.

5. Results and Discussion

Figure 2 indicated that residuals estimated from the difference between pre-
dicted and observed values, and is assumed to be normally distributed. The re-
gression residuals are obtained from the multiple regression analysis of predictor
and target variables. These regression residuals are modelled as residual variogram
and the trend line added to get the final overall prediction results. The result
shows that with increase distance the semi variance value increases and reached

maximum and flattens.

5.1. Spatial Prediction

After fitting the parameters of regression model or deterministic part of varia-
tion (significant predictor variables and their coefficients) and the residual
variogram or stochastic, spatially-auto correlated part of variation (sill, nugget
and range) using the “R” programming codes the model was run. The resulting
output values were back transformed to obtain spatially predicted values.

From Figure 3, the Ordinary Kriging predicted elevation values ranges from
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Figure 3. Spatial prediction from sampled locations.

265.3 to 635 and Regression-Kriging predicted elevation values ranges from
8.345e+69 to 2.97e+274. The regression-kriging map shows a much more local
detail. Hence, to determine which method is more accurate the leave-one-out
cross validation method was utilised as implemented in the krige.cv method of
gstat package [47]. Amount of variation explained by this model is therefore
84% which shows that it has good fit.

5.2. Long Term Changes in Vegetation Productivity

In assessing the long term changes in vegetation productivity for the period

1981-2009 the annual NDVI integrals were computed for the entire growing
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season and a trend of the predicted changes were determined as described by
[48]. Although trend analysis was conducted by [49] on vegetation across Sokoto
state during the growing season within the current study area under examina-
tion, their study was only limited to one meteorological data station. In the cur-
rent study the output was a slope and intercept images (presented as long term
changes in predicted vegetation productivity using AVHRR and MODIS time
series dataset as slope of changes presented as R-images) (Figure 4) instead of
ordinary trend image presented in their study. The slope image captures
long-term trend covering the study area. From a statistical point of view the trend
itself represent an actual situation because the entire data population is known.
This cannot be compared with linear regression techniques used to show correla-
tion between samples of observations. For the same reason, the regression correla-
tion coefficient for the trend line here gives information about the variation in the
data set, whether or not the trend is likely to represent a real world situation.

From the results of the model (predicted vegetation changes), the relation-
ships between the time-series AVHRR and MODIS datasets were examined. As
can be seen from these R-images, green indicates positive trend while the yel-
low-brown and red are indicative of negative trend. The analysis of variance
(ANOVA) of the LM results shows that the identified trends are significant in
large parts of southern part of the study area covering the northern part of Nige-
ria. It is very clear that trends are weak mostly in the southern part of the study
area. Furthermore, spatial patterns of the coefficient of variations of R? appear to
correspond exactly with patterns of vegetation cover although the R* decreases
from shrubs and desert vegetation in the northern part of the study area, to
guinea vegetation in the south (for the AVHRR dataset and a mixture of this for
the MODIS dataset). These results indicate a major degree of temporal variation
in the relationship between NDVI and rainfall in the study area which suggests
likely impacts of both anthropogenic and the changing climate.

The strength of relationship between NDVTI and rainfall, along with the use of
regression statistics, provides useful information for assessment of land cover

performance. In the dry regions particularly in the northern part of Nigeria with

R image R image

©0000000
BOWNN=mO
NNNO=0 =01

(b)

Figure 4. Predicted long term vegetation changes from AVHRR and MODIS datasets. (a)
AVHRR-NDVI dataset (1981 to 2000). (b) MODIS-NDVI data (2000-2009).
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exceptionally low NDVI-rainfall, the correlation identify sites where vegetation
cover decreased with a likelihood of land degradation going on [50]. A look at
the time-series of regression statistics, such as R’ the ability of the land surface
to respond to rainfall over the time period can be implied. Thus, a decrease of R*
over the study period would indicate a decreasing dependence of the vegetation
cover on rainfall patterns and an increasing dependence on others factors such
as temperature patterns or human influence. This negative trend indicated an
area with vegetation cover undergoing certain negative change relationships be-
tween series. On relationships between other series the contrary is that an in-
crease of R” over time suggests a surface with an increasingly response of the
vegetation cover to rainfall and a decreasing role of other predictive factors.
There is no doubt however, that any change in land cover or in land use would
be reflected in a change of R” value. Hence, abandonment or expansion of culti-
vated areas as well as converting virgin lands into agricultural use should be no-

ticeable in the time-series of the R

6. Conclusion

This study has identified and evaluated methods appropriate to environmental
assessment in the northern part of Nigeria. The assessment therefore determined
that long term changes in vegetation productivity or otherwise can be assessed
by integrating spatial prediction. The spatially averaged time-series of growing
season NDVT exhibited a statistically significant upward trend with an increase
of 0.5% for all vegetated pixels over the period 1981-2009. The coefficient of de-
termination of the trend is relatively high (R*> = 0.17). The growing season NDVI
images exhibited significant upward trends for each land-cover type with an ex-
ception of semi-arid section falling in the extreme northern part of the study
area. Thus, bearing in mind that a relationship between NDVI and climatic pa-
rameters exists, spatial prediction was integrated and tested so as to assess the
impact of the changing climate on NDVI vegetation productivity in the northern
part of Nigeria. From prediction variance map (Figure 3) values are higher in
the middle (upper portion of the study area which comprises Gusau, Katsina, Jos
and Minna) and low values are found in the lower parts of the map (lower por-
tion of the study area which comprising of Funtua, Kano, Maiduguri and
Sokoto. However, further assessments are encouraged in this regard so as to in-
corporate high spatial resolution NDVI data, and more meteorological stations
from the northeast and southeast of the study area (considering the wide spacing
of the stations) so as to determine the level of climatic impacts or otherwise par-
ticularly in the montane and forest zones of the country in terms of vegetation

productivity in general.
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