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Abstract Relationship between vegetation and its spatial predictors appears to vary as a function of geographical
region and a number of the underlying environmental factors such as the type of vegetation, soil and land use.
However, NDVI-climate relationship also varies within one landcover type because there are many cases that show a
non-stability of this relationship in space within the same land cover or vegetation type. The purpose of this study is
to investigate the applicability of Geographically Weighted Regression (GWR) with the objective of finding the
spatial relationship between Normalized Difference Vegetation Index (NDVI) derived from NOAA/AVHRR and
Aqua/ Moderate Resolution Imaging Spectroradiometer (AQUA/MODIS) as well as climatic variables (Rainfall,
Temperature) data obtained from some weather stations across Northern Nigeria from 1980 - 2010.The results of
this study show that there is significant relationship between the NDVI and climate variables (Rainfall, Tmax and
Tmin). The study proved the superiority of the local approach provided by GWR over the global Ordinary Least
Square (OLS) approach in analysing the relationship between patterns of NDVI and precipitation. This superiority
however, was mainly due to spatial variation of the relationship over the local study area because global regression
techniques like OLS tend to ignore local information and, therefore, indicate incorrectly that a large part of the
variance in NDVI was unexplained. The non-stationary modelling based on the GWR approach therefore, has the
potential for a more reliable prediction because the model is more aligned to local circumstances, although more
time-series data is needed to allow a more reliable local fitting.
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1. Introduction
Time-series NDVI data derived from National Oceanic
Atmospheric Adminitration/Advance Very High Resolution
Radiometer
(NOAA/AVHRR)
and
Aqua/Moderate
Resolution Imaging Spectroradiometer (AQUA/MODIS)
have been used for detecting long-term land-use/cover
changes and for modeling terrestrial ecosystems on the
global, continental, and regional scales. From various
studies [1-9] NDVI has valuable information regarding
land-surface characteristics. Furthermore, NDVI provides
a measure of the amount and vigor of vegetation at the
land surface. The magnitude of NDVI is related to the
level of photosynthetic activity in the observed vegetation.
Most often, higher values of NDVI indicate greater vigor
and amounts of vegetation while low values indicate
otherwise except bare surface and water bodies which
indicate minus or close to zero. Other research that
utilized NDVI from these type of sensors were able to
obtain useful and reliable results which are closely related
to percent cover, leaf area Index (LAI), and plant canopy

[10,11,12,13]. The NDVI approach is based on the fact
that healthy vegetation has a low reflectance in the visible
portion of the Electromagnetic Spectrum (EMS) due to
chlorophyll and other pigment absorption and has high
reflectance in the NIR because of the internal reflectance
by the mesophyll spongy tissue o green leaf [14]. NDVI can
be calculated as a ratio of red and NIR bands of a sensor
system and is represented by the following equation:

NDVI =

NIR − R
NIR + R

(1)

NDVI values range from -1 to +1. Because of high
reflectance in NIR portion of the EMS, healthy vegetation
is represented by NDVI values between 0.1 and 1.
Conversely, non-vegetated surfaces such as water bodies
yield negative values of NDVI because of the
electromagnetic absorption quality of water. Bare soil
areas represent NDVI values which are closest to 0 due to
high reflectance in both visible and NIR portions of the
EMS [15]. NDVI has also been shown to be related to
photosynthetically active radiation (PAR) and basically

Journal of Mathematical Sciences and Applications

measures the capability of leaves, which is related to
vegetative canopy resistance and water vapour transfer [16].

2. Theoretical Background
The vegetative surface cover has an important function
in the earth system [17] which is linked via several
feedback mechanisms in hydrological and climatological
processes. Identifying and quantifying these linkages
delivers important insight for environmental modelling,
management and informed decision making. Satellite earth
observation data with high temporal repeat intervals such as
NOAA/AVHRR and AQUA/MODIS deliver spatially
significant information about the earth surface and are wellsuited for monitoring continental scale surface processes.
Relationship between vegetation and its spatial
predictors appears to vary as a function of geographical
region and a number of the underlying environmental
factors such as vegetation type, soil type and land use
[18,19,20,21]. However, the NDVI-climate relationship is
not the same within one landcover type because there are
many cases where this relationship shows a non-stability
in space within the same land cover or vegetation type
[22,23,24,25,26]. Accordingly, because these studies were
dealing with the modelling of spatial vegetation-climate
relationship they took into account the non-stationarity of
the relationship between the phenomena across space.
Nonstationarity here refers to the relationship between
variables under study which varies from one location to
another depending on physical factors of the environment
that are spatially autocorrelated. Local regression
techniques, such as geographically weighted regression
(GWR) help to overcome the problem of non-stationarity
and calculate the regression model parameters varying in
space [27]. Because of spatial non-stationarity, the
parameters of the model describing the relationship may
actually vary greatly in space thereby producing a mosaic
that reflects distribution of interaction between the
response variable and the predictor factor. This mosaic,
however, might demonstrate different patterns at each
scale, because different results may be obtained from an
analysis by varying its spatial resolution [28]. Thus, it is
most likely that the scale-dependent results may be
expected with a change in the spatial resolution if a
relationship is spatially non-stationary. Spatial variation in
the relationship between variables both at and between
spatial scales is reported in the recent literature for studies
with spatially distributed environmental data. Studies
conducted [23,24,26] showed that the predictive power as
well as the rank order of explanatory variables in spatial
models between remotely sensed data and climatic
parameters is a function of scale. However, the study
conducted [20] on the application of GWR to investigate
the impact of scale on prediction of uncertainty by
modelling relationship between vegetation and climate
revealed that spatial non-stationarity for NDVIprecipitation relationship exists. The results support the
assumption that dealing with spatial non-stationarity and
scaling down from regional to local modelling significantly
improves the model’s accuracy and prediction power. The
local approach also provides a better solution to the
problem of spatially autocorrelated errors in spatial modelling.
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On the other hand, [23] referred the influence of scale
on the outputs of a model (strength of the relationship,
parameter values and direction, prediction accuracy, etc.)
as “scale effect” and further suggested that the scale effect
is a consequence of the relationship between the variables
varying in space. A review of the scale dependent results
therefore may infer that the explanatory processes and
variables operate at different spatial scales. With regards
to spatial distribution of vegetation, the scale effect may
be used firstly, to analyse variations of microclimate and
their effect to vegetation. Secondly, to determine the
minimal size of landscape units reacting to climate factors
as a homogenous area, and thirdly to find a model with the
best predictive power. In this regards therefore, [29]
studied the seasonality and trends of snow-cover, vegetation
index, and temperature in northern Eurasia; while [30]
studied the spatial distribution of the inter-annual variability
of vegetation activity in central Siberia and its relationship with
atmospheric circulation variability. The strongest relationships
between the atmospheric circulation variability, climate and
the NDVI variability were reported to exist in areas where the
climatic characteristics are more limiting for the vegetation
development (in this case, the northern hemisphere).
On the other hand, [31] examined the variability of
NDVI over semiarid Botswana during the period 19821987. Their study demonstrated a linear relationship
between precipitation and NDVI when precipitation was
less than approximately 500 mm/yr or 50-100 mm/month.
Similar results were also found by [32] who examined the
temporal responses of NDVI to precipitation and
temperature in the central Great Plains, USA in Kansas
and concluded that the relationship between precipitation
and NDVI is strong and predictable when viewed at the
appropriate spatial scale. Furthermore, [33] compared the
vegetation response to precipitation in Sahel and East
Africa during 1982 to 1985 and found out that the spatial
patterns of annually-integrated NDVI closely reflected
mean annual precipitation.

3. Materials and Methods
Two Global datasets utilized in this study comprised of
monthly NDVI and Enhanced Vegetation Index (EVI)
maximum value composite images of 1981-2000, (with
the exception of September-December 1994 due to cloud
contermination). Each of the datasets were subjected to
radiometric and atmospheric corrections and projected to a
0.05 degree climatic modeling grid (CMD) in the latitude/
longitude reference system in IDRISI format. The original
values were however, not altered. Climatic data in the form
of monthly records such as rainfall, minimum and maximum
temperatures obtained from the Nigerian Meteorological
Agency (NIMET’s) 12 climate stations covering the study
area were used as input variables in the analysis for growing
season months (June- September) between 1981-2010.

4. Model Specification
GWR was first explored by [22] and discussed in detail
in [27]. For the value z ( s0 ) at a given location s0 , it can
be estimated using its neighbors with the set of values
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z = z ( z ( s1 ) , z ( s2 ) , , z ( sn )

)

Considering k predictors

of q , The GWR model can be written as

ˆ ( s0 )
z=

p

∑ βˆk ⋅ qk ( s0 )

(2)

k =0

Where ε is the residuals, and other notes as above. The
objective of GWR is to obtain non-parametric estimates
for each predictor qi and at the location s0 . This can be
processed using neighboring data of the location s0 . The
basic process using GWR for spatial prediction can be
summarized: firstly, to determine the samples, secondly to
determine the unsampled location s0 thirdly to design and
compute a weight matrix (W) based on this location,
fourthly, to compute the model coefficients using
weighted least-squares regression, and fifthly to estimate
the values of an interesting property at the given locations
using the fitted GWR model.

 w01 0  0 


Ws0 =  
  
0 0  w 
0n 


(

βˆs0 = Q ⋅ Ws0 ⋅ Q
T

)

−1

(3)

⋅ Q ⋅ Ws0 ⋅ z
T

(

2

)

where qTs are the s0 row of the Q , and β s0 are the
0
estimated parameter vector at the location s0 .

(

zˆ ( s0 ) = qTs ⋅ βˆs0 = qs0 QT ⋅ Ws0 ⋅ Q
0

(5)

Where d is the Euclidean distance between the
location s0 and its neighbors, τ is the bandwidth of the
kernel. Detailed discussion of bandwidth and weight
matrix can be found in the software of GWR [27]. Once
the w for each unsampled location is determined, the
coefficient matrix is computed by a repeated computation.

)

−1

⋅ QT ⋅ Ws0 ⋅ z (6)

5. Results and Discussion
The advantage of the GWR is its local approach to
analysing relationship between spatial variables. This
enables a non-stationarity in the relationship to be utilized
for better prediction. GWR approach also disaggregates
spatial patterns in the model residuals and reduces the
spatial autocorrelation of the residuals as shown in Table 1.

(4)

A number of weighting functions can however, be used.
Gaussian function here is given as an example as follows,
and the weight at the location s0 is calculated as:

w
=
exp −0.5 ( d τ )
s0

Hence, without even specifying a function of the spatial
variation a set of estimates of spatially varying parameters
will be obtained at the unsampled locations. In the process
of interpolation, each regression coefficient was then
predicted to characterize each predictor at a given location
and the GWR. Thus, for a given unsampled location s0
the estimated value was then calculated using Equation (6)

X.Inter
cept

Table 1: Summary of GWR coefficient estimates
1st
Media
3rd
Glob
Min.
Max.
Qu
n
Qu
al

Pr(>
|t|)

32.57
00

83.71
00

114.7
000

129.7
000

141.1
000

78.32
97

0.22
32

Rainfal 0.389 0.451
0.581
0.767
1.129
l
5
1
0
3
0
R2 : 0.7516789,Pearson Correlation Matrix: 0.636

0.811
4

0.02
64

Table 1 summarize the GWR coefficient estimates
indicating that the estimated R² of the regression equations
which was 0.75 for the period 1981-2010. The standard
error used as a measure for prediction accuracy was 0.38.
Hence, this model explains about 75 % of spatial variance,
and was expressed as:

NDVI = 78.3 + 0.81 ∗ Ra inf all

Figure 1. Scatter plot for NDVI and Precipitation

( R 2 : 0.75)

(7)
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Table 2. Summary of GWR coefficient estimates
Min.
1st Qu.
Median
3rd Qu.
X.Intercept
162.40000
222.60000
307.30000
532.70000
Rainfall
0.20690
0.25610
0.29120
0.29750
Tmax
99.91000
179.80000
216.10000
231.90000
Tmin
136.20000
293.00000
365.90000
384.50000
Temp
-704.8000
-585.4000
-564.3000
-464.3000
Elev
-0.04459
0.04045
0.09032
0.14650
Residual sum of squares: 288.8093; Quasi-global R2: 0.97 ; F = 15.3298, df1 = 6.00, df2 = 1.55, p-value = 0.1012.

When GWR method was applied in the modeling of
relationship between vegetation NDVI and precipitation,
the results assumed a different response of vegetation to
precipitation by various land cover categories. This agrees
with the research conducted in the dry regions with
regards to NDVI-rainfall relationships on different land
cover types [18,19].
Figure 1 shows the scatter plot between measured
NDVI and Precipitation. Based on analyses of correlation
coefficients values, the spatial relations between NDVI
and precipitation indicates positive correlation at every
decade of the growing season suggesting that there is
positive correlation between NDVI and Precipitation.
Table 2 summarize the results of the GWR model
between NDVI, precipitation amounts and temperatures
comprising all vegetated pixels in the study area.
Table 3. Analysis of Variance Table (OLS and GWR)
Df
Sum Sq
Mean Sq
F value
OLS Residuals
6.00000
4427.4
GWR Improvement
5.18828
4138.6
797.68
GWR Residuals
0.81172
288.8
355.80
2.2419

The regression analysis based on applying GWR shows
that there is significant relationship between the NDVI
and climate variables (Rainfall, Tmax and Tmin). The
estimated R2 of the regression equations based OLS was
found to be 0.7986. The GWR model allows the
regression parameters to vary in space, the goodness-offit, measured by the coefficient of determination was
higher for the GWR model with R2 = 0.97 as well as the
highlighted local variations within dataset and Table 3
shows that GWR had lower residual sum of squares than
OLS.
By applying GWR method when dealing with spatial
relationship this significantly reduces both the degree
of autocorrelation and absolute values of the regression
residuals. The results thus, suggest that GWR provides
a better solution to the problem of spatially autocorrelated error terms in spatial modeling within a local
environment compared with the global regression
modelling.
The residual from the annual GWR models shown in
Table 3 further represents the remained anthropogenic
noise in the NDVI time series dataset after removing the
climatic signal. Thus, in order to further detect areas
experiencing human-induced change in vegetation
cover, the time-trend of the residuals was computed for
every pixel. The residuals with positive trend were
shown to be widely distributed in the southern part of
the study areas falling in the guinea savannah. The
concluded model suggests that the remained noise in
the inter-annual NDVI time series dataset represent
human induced signal while the climatic impact is
likely to be the driving force for the changes in
vegetation cover between 1980 to 2010.
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Max.
900.80000
0.34650
308.20000
416.50000
-254.7000
0.20890

Global
1016.0888
0.0914
259.4890
312.8872
-592.2378
-0.0347

6. Conclusion
This study shows that the relationship between NDVI
and climatic variables appeared to vary as a function of
geographical region and other environmental factors.
However, when GWR was used in modelling the
relationship between rainfall and other climatic variables
in the semi arid areas of northern Nigeria the results
indicated a better prediction spatially as compared with a
derived lower coefficient of determination when a global
model was utilised. This agrees with the results pointed
out by [25,27]. Thus, this study shows that there is
significant relationship between the NDVI and climate
variables (Rainfall, Tmax and Tmin). The study therefore,
proved the superiority of the local approach provided by
GWR over the global OLS approach in analysing the
relationship between patterns of NDVI and precipitation
because global regression techniques like OLS tend to
ignore local information and, therefore, indicate
incorrectly that a large part of the variance in NDVI was
unexplained. The non-stationary modelling based on the
GWR approach on the other hand has the potential for a
more reliable prediction because the model is more
aligned to local circumstances, although a large quantity
of similar dataset utilised in this study is required as input
in order to derive a more reliable local fitting.
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