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Abstract
The accuracy of classified results is often measured in comparison with reference or “ground truth” information.
However, in inaccessible or remote natural areas, sufficient ground truth data may not be cost-effectively acquirable. In
such cases investigative measures towards the optimisation of the classification process may be required. The goal of
this paper was to describe the impact of various parameters when applying a supervised Maximum Likelihood
Classifier (MLC) to SPOT 5 image analysis in a remote savanna biome. Pair separation indicators and probability
thresholds were used to analyse the effect of training area size and heterogeneity as well as band combinations and the
use of vegetation indices. It was found that adding probability thresholds to the classification may provide a measure of
suitability regarding training area characteristics and band combinations. The analysis illustrated that finding a
balance between training area size and heterogeneity may be fundamental to achieving an optimum classified result.
Furthermore, results indicated that the addition of vegetation index values introduced as additional image bands could
potentially improve classified products and that threshold outcomes could be used to illustrate confidence levels when
mapping classified results.
1.

Introduction

The use of remotely sensed data for vegetation studies has been described extensively in scientific literature (Kar
and Kelkar, 2013, Turner et al., 2003, Woodcock and Strahler, 1987). One of the main advantages of remotely sensed
information is most likely the fact that data covering extensive areas on the earth can be acquired quickly and
repeatedly, while otherwise inaccessible areas may also be viewed and analysed (Liu et al., 2007). However, in
inaccessible or remote areas, sufficient ground truth data may be absent or costly to acquire. In such cases investigative
measures to optimise the classification process may be required. The goal of this paper is to investigate and describe the
impact of various parameters when applying a supervised Maximum Likelihood Classifier (MLC) to SPOT 5 image
analysis in a remote savanna biome.
Numerous land cover classifications using either pixel- or object based techniques or a combination thereof have
been described in literature. Regularly the two techniques have been compared (Dingle Robertson and King, 2011,
Johansen et al., 2010, Martinfar et al., 2007, Ouyang et al., 2011, Whiteside and Ahmad, 2005). Results of these
comparisons are varying and ultimately dependant on a plethora of research specific variables including, but not limited
to, the image characteristics, the features of the study area, the type of land cover to be extracted, the algorithms used
and the level of generalization that could be tolerated by the research objective(s). Often, object-based approaches are
described as being more robust and accurate when applied to high-resolution images while pixel-based may be best for
certain land-cover categories (Aguirre-Gutiérrez et al., 2012).
Examples of standard supervised pixel-based classifiers are parallelepiped, minimum distance, maximum likelihood,
and mahalanobis distance (Adams and Gillespie, 2006, Lillesand et al., 2004, Xiang et al., 2005). The Maximum
Likelihood Classifier (MLC) incorporates the variance and covariance of the class signatures to consistently allocate
each image pixel to the class with which it has the highest calculated probability of class membership (Adams and
Gillespie, 2006, Aguirre-Gutiérrez et al., 2012). Any training sample should be representative of the corresponding
class that is to be identified. The selection of training samples depends largely upon the analyst and an understanding of
the data, the study area and the classes to be extracted.
In addition, vegetation indices are often applied when investigating temporal dynamics and phenology of vegetation
(Beck et al., 2007). The process of photosynthesis in green plants is key to the development of most vegetation indices.
Chlorophyll in green plants absorbs strongly at red (R) wavelengths and the cellular leaf structure is highly reflective in
the near infrared (NIR) (Adams and Gillespie, 2006). Because the R and NIR radiations can be measured by
multispectral sensors they form the basis of most vegetation indices. Probably the most renowned vegetation index is
the Normalized Difference Vegetation Index (NDVI) which varies in a fixed interval between -1 and 1.
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NDVI is derived as follows:
NDVI = (NIR-R) / (NIR+R)

[1]

High NDVI values are usually associated with thick healthy green vegetation and low NDVI values are then
associated with fractional vegetation cover or a non-green/non-vegetation cover like exposed bare soil or water. This
index has also been applied in the estimation of the cumulative effect of rainfall on vegetation – this includes studies on
carrying capacity of rangelands and potential crop yields (Flynn, 2006, Kawamura et al., 2005, Wardlow and Egbert,
2008, Wiegand et al., 2008). In a comprehensive account of the sources of variability in canopy reflectance, Ollinger
(2011) comments on the fact that NDVI has been applied in more than 2500 studies to identify a wide range of plant
traits using a relatively small number of spectral features.
In areas with little vegetation cover, the influence of soil noise is naturally more significant and NDVI in particular
are strongly affected by these soil properties (Baret and Guyot, 1991). Variations in texture, colour, composition and
moisture content of soils, will influence its reflectance spectra. This resulted in various attempts to compute indices that
may reduce the effect of soil noise. Using a constant soil-adjustment factor (L) to account for soil background
variations, a Soil Adjusted Vegetation Index (SAVI) was introduced by Huete (1988). Huete found that a constant
factor of L = 0.5 was able to reduce soil noise across various vegetation densities.
Several modifications of the SAVI index have been documented (Table 1) but none of them seems to be as widely
used as the NDVI index (Bagheri et al., 2012, Hashim et al., 2014, Kalbi et al., 2013, Liu et al., 2007). Applying these
indices may inevitably reduce the effect of soil noise at the cost of the diminishing the dynamic range of the index and
therefore it may be less sensitive to vegetation changes than NDVI (Huete, 1988, Ray, 1994). In the study area for this
analysis, animal and anthropogenic pressures resulted in the occurrence of extensive areas with little or no vegetation
cover across diverse soil conditions. It was decided to incorporate a modified soil index, the Second Modified Soil
Adjusted Vegetation Index (MSAVI2 in Table 1), in the investigation because it did not require an assumption on what
would be a suitable constant or soil line (Qi et al., 1994, Ray, 1994).
It was anticipated that derived indices like NDVI and MSAVI2 may be helpful in distinguishing between vegetation
structural types which may be spectrally similar but vary with regards to seasonal changes. In this study, the effect of
adding these indices as additional bands to the classification process was evaluated.
Table 1. Summary of some ratio based soil adjusted indices
Name
SAVI
Soil Adjusted
Vegetation
Index

TSAVI
Transformed
Soil Adjusted
Vegetation
Index

MSAVI
Modified Soil
Adjusted
Vegetation
Index

Equation

Characteristics
[2]

The adjustment factor L was
found by trial and error. The
soil line is assumed as 1 and
intercept as 0.
Range: -1 to +1

[3]

Soil line slope and intercept
are taken into account.
Range: -1 to +1

[4]

Provides a variable correction
factor L, minimising soil
influence while allowing an
increase
in
vegetation
sensitivity.
Range -1 to +1

Where: L = adjustment factor between 0 for very high
vegetation cover and 1 for very low vegetation cover. The
value typically used is 0.5.

Where:

Where

Y
i
X

L
WDVI
y

=
=
=

=
=
=

soil line slope
intercept
an adjustment factor

1 – 2y NDVI * WDVI
(NIR – yR)
soil line slope

The correction factor (L) is based on the product of NDVI and
a weighted difference vegetation index (WDVI) (Qi et al.,
1994).
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MSAVI2
Second
Modified Soil
Adjusted
Vegetation
Index

[5]
In the equation an iterative process was applied substituting 1MSAVI(n-1) as the L factor in MSAVI(n). Then the iteration
was inductively solved where MSAVI(n) = MSAVI(n-1) (Qi et
al., 1994).

The need to pre-calculate
WDVI and NDVI and find
the soil line is removed.
Range -1 to +1

Quantitative evaluation of classified products generally involves a comparison of the classified products against
reference or “ground truth” information to assess and validate the success of a specific result (Lillesand et al., 2004).
For this type of assessment sufficient and good quality reference data are required. If the study area is remote or
inaccessible the collection of appropriate ground truth data may be problematic. In such cases, the refinement of the
classification parameters and techniques may assist in i) improving the classification and ii) providing uncertainty
information which could be used to disseminate the confidence levels inherent to the classification product.
The objective of this investigation is to explore techniques which can be applied towards the optimization of training
areas, vegetation indices and band combinations in a pixel-based supervised maximum likelihood classification in the
absence of suitable reference data. Pair separation statistics and probability thresholds were used to refine classification
training areas and select band combinations with indices to build confidence in the classification results. Additionally,
the impact of adding sub-classes and the masking of agricultural areas were quantitatively examined.
2.

Study area

The study area is located in the Greater Limpopo Trans-frontier Conservation Area (GLTFCA) along the northern
border of South Africa (Figure 1). This diverse savannah biome is currently an area of interest for cross-border animal
movement studies aimed at identifying potential contact zones favourable to disease transfer between wildlife and
livestock. The selected area of approximately 87.243km2 coincides with movement data from three buffalo and seven
cattle herds tracked in 2011. A large portion of this region comprises of the Makuleke Contractual Park which is
managed by South African National Parks (SANParks) and includes the Makuleke Wetlands which has been
proclaimed an official Ramsar site in 2007. In the 2008 management plan for the Kruger National Park (KNP), this area
is classified as “primitive” with wilderness qualities (Freitag-Ronaldson and Venter, 2008).

Figure 1. Location and characteristics of the study area
Adjacent to the KNP in the west are additional smaller contract parks and nature reserves. The rest of the study area
in South Africa and Zimbabwe mostly consists of communal land with small scale crop production and traditional
livestock farming (FAO, 2004). Due to the remoteness of the study area and the fact that it extends across international
borders, continuous and effective in-situ field sampling to measure and assess vegetation characteristics is not viable.
Similar issues are relevant with regards to the acquisition of ground truth data.
252

South African Journal of Geomatics, Vol. 4, No. 3, August 2015
The fact that savanna vegetation is essentially a double layered system with a canopy formed by varying densities of
trees and shrub and a lower layer of sub-strata consisting of grass and herbaceous vegetation – also in varying densities,
results in a very complex problem when classifying vegetation with remote sensors that essentially measures what is
perceived from above (Higgins et al., 2011, Hill et al., 2011, Tuanmu et al., 2010). In this instance, the aim was to
extract the vegetation structural groups and land cover types listed as target classes in Table 2. Together with animal
telemetry data recorded in 2011, these classes are to be used in forage and animal movement research applications in
the GLTFCA.
Table 2. Target classes with approximate canopy cover ranges and vegetation structural characteristics
Target classes

Abbreviation

Probable canopy
cover range* (%)

Dominant cover

Height in m

Riverine forest

RF

70 +

Trees (woody)

Up to 20m+

Woodland

WL

45 – 70

Trees (woody)

Up to 20m

Bushland

BL

35 - 70

Trees (woody)

Up to 10m

Open woodland

OW

20 - 45

Trees

Up to 20m

Open bushland

OB

15 - 35

Trees (woody)

Up to 10m

Sparse vegetation

SV

< 20

Trees/shrub (woody)

Up to 5m

Grassland

GL

0

Grass only

Up to 2m

Bare soil

BS

N/A

N/A

N/A

Water

WA

N/A

N/A

N/A

* These ranges may overlap between height differentiations
3.
3.1

Methods
Data collection and pre-processing

Through the South African National Space Agency (SANSA), Government institutions and tertiary educational
facilities in South Africa have reasonable access to free SPOT images. The relevance of any comparison between
images acquired on different dates over the same area depends on similar illumination conditions. The SPOT sensors
strive to achieve this by its sun-synchronous orbit that ensures that the satellite passes over any given point on the
earth’s surface at the same local time. SPOT 5 sensors acquire data in two panchromatic bands which is used to
generate a 2.5 m panchromatic product (0.48 to 0.71 µm), three 10 m multispectral bands (0.50 to 0.89 µm) and one 20
m short-wave infrared band (1.58 to 1.75 µm).
Notwithstanding the fact that SPOT multispectral imagery has a finer spatial resolution compared to Landsat and
MODIS, significantly less vegetation studies using SPOT derived products could be found in scientific literature. Tu et
al. (2012) compared various modelling approaches towards predicting potential habitat and species distribution. SPOT
5 imagery were also used for vegetation patch detection in China (Liu et al., 2011) and vegetation change detection
within three coarse vegetation classes in the Brazilian Amazon (Lu et al., 2008). However, these studies were all
applied in forested areas and cannot be readily adapted to the savanna biome.
Two 2011 SPOT 5 images, one coinciding with the end-of-wet-season dated 30 April 2011 and the other dated 12
August 2011, typical of the end-of-dry season, were acquired. Radiometric correction in both images was achieved
through conversion of DN to radiance and then to ground surface reflectance (Lillesand et al., 2004).
Image processing software (ENVI 4.8) was used to co-register the SPOT 5 multi-spectral images to a 2.5 m pansharpened geo-corrected SPOT 5 image which was acquired from SANSA. A subset encompassing the study area was
produced from each of the two co-registered SPOT 5 images. These two image subsets were used for all the
classification procedures and will subsequently be referred to as the April image and the August image.
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3.2
3.2.1

Image classification processes
Size and characteristics of training areas

The quality of the training sites often impacts on the value of the supervised classification (Kar and Kelkar, 2013,
Lillesand et al., 2004). Various factors may be influential to the effectiveness of training areas or Regions of Interest
(ROIs) – especially in this very fragmented and natural study area. For instance, in a 10 m SPOT 5 pixel, one big tree
may produce similar reflectance values than 5 smaller shrubs. Similarly, it may be difficult to distinguish between the
reflectance from dry bushes, dry grassland and/or dry litter. The potential impact of ROIs, band selection and the two
indices on the separability of training areas and the effectiveness of a supervised maximum likelihood classifier (MLC)
in this situation were investigated.
The MLC assigns a pixel to the “most likely” class based on the assumption that the cluster distribution is normal
(Gaussian) (Pal and Mather, 2003). When using this classifier it is important to ensure that enough pixels are selected in
each training area to describe a normal distribution (Adams and Gillespie, 2006). For instance, in an n dimensional
spectral space, the covariance matrix will be of size n x n which implies that a minimum of n(n+1) training samples are
needed. Each pixel however contains n sample values (one for each image waveband), meaning that the minimum
number of independent training pixels is only (n + 1), which would imply 5 pixels per class for the 4 band SPOT 5
pixels (Lillesand et al., 2004, Richards and Jia, 2006). It is however often suggested that a minimum of 10n to 100n is
desirable because a higher number of training sites may improve classification results by providing a better statistical
presentation of each spectral class to be extracted (Kar and Kelkar, 2013, Lillesand et al., 2004).
Apart from the size and homogeneity of ROIs, using the same ROIs on temporally different imagery may also affect
analysis results. In theory, a vegetation structural class for a natural vegetation area should be stable from April to
August in one year, but in reality seasonal changes may impact on the spectral properties of an image and the
classification outcome. To test this, the pair separation between a set of training ROIs created from the April image was
computed for April image bands but also for the August image bands and vice versa.
If the spectral distance between any two ROIs is not significant for any combination of bands, then the ROIs may
not be distinct enough to produce a valuable classification (Gambarova et al., 2010). Both the Jeffries-Matusita (J-M)
and the Transformed Divergence distance (separability) measures are available when using the ENVI 4.8 image
analysis software. In this investigation, the Jeffries-Matusita distance measure, which has a saturating behaviour with
increasing class separation, is reported as a quantitative measure to evaluate the training ROIs.
The J-M distance between a pair of prospective distributions (spectral class values) uses a function of the distance
between class means and produces derived values between 0 and 2 (Borges et al., 2007, Marçal et al., 2005, Richards
and Jia, 2006, Venkataraman et al., 2006). The separability between two classes is generally considered good when the
J-M distance is above 1.9 but class separation is considered poor when the J-M distance is below 1.0 (Thomas et al.,
n.d., Thomas et al., 2000).
3.2.2

Using thresholds

In the course of the research, various ROI data sets were applied using the MLC and the results were compared.
However, a good separability report between ROIs in a training set may not necessarily be an indication that the
resultant classification is reliable. To investigate the effect of the size and separability associated with ROIs further,
thresholds were applied when the sets of training regions were used in classification procedures. If a threshold value is
applied to the MLC, all pixels for which the highest probability (to any class) is smaller than the specified threshold will
remain unclassified. Schowengert (1997) suggested that suitable threshold values or intervals may be mostly case
dependant. For this study various thresholds were thus selected on an experimental basis. The MLC products associated
with various ROI types and the selected thresholds were derived, compared and analysed.
During initial trial runs it became apparent that the relatively small areas where shadow occurs due to topography
(±1% of the total image area) may also affect the statistical means and classification results. In the images used for the
analysis in this study area, shadow occurred predominantly in the deep v-shaped Levuvhu river valley and in the southwestern quadrant of the study area where a number of ridges occur. To compensate for this across various spectral
bands, a shadow class was added to subsequent training files. Additional to the effect of shadow in the SPOT 5 images,
the possible impact of subsistence agricultural activities occurring in portions of the study area outside the KNP borders
was investigated. These areas may influence the classification results due to varying growth stages in crops, grazing
practices, etc. Agricultural areas were masked using a vector dataset obtained from French researchers working in
southern Zimbabwe. The polygons were verified using the 2011 pan-sharpened August image. In order to investigate
the impact of the agricultural activities on the MLC results, various thresholds were applied to classifications with and
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without a shadow class and/or masking the agricultural areas. On the basis of all the above investigations, ROIs and
band combinations for use in the final supervised classification process were refined.
3.2.3

Confidence levels

In recent years the acknowledgement and visualisation of uncertainties in classification results received widespread
attention amongst researchers (Brodlie et al., 2012, Ge et al., 2009, Griethe and Schumann, 2005, Smith et al., 2013).
These authors stressed the importance of stating and/or illustrating the limitations of data that may be used in important
decision-making processes. Appropriate ways of visualisation involves a thorough understanding of the user
requirements and effective communication techniques (Davis and Keller, 1997). However, the use of uncertainty data
may influence the level of trust that the user will attach to the information (Schiewe and Schweer, 2013). In the absence
of suitable reference data, thresholds were used to designate varying confidence levels within classes.
4.

Results and discussion

Number of pairs

Results indicated that, when applied to all four SPOT 5 multispectral bands, the ROIs created from the April image
resulted in good pair separation (J-M distance >1.9) between 24 of the 45 pairs and less favourable pair separation
between 21 of the 45 pairs. When the same ROIs were applied to the August image, results were reversed (Figure 2).
This trend remained consistent when tested on training areas of various sizes and applied to different band
combinations. Similar trends were apparent when the process was inverted and ROIs created from the August image
was applied to the April image.

24
22
20
18
16

Figure 2. Pair separation between ROIs created from the April image as
applied to the same image and the August image
Pair separation improved (with more pairs illustrating a J-M distance value of 2) when the derived NDVI and
MSAVI2 index bands were added to the separability calculations – even when applied to a temporally different image
(Figures 3 and 4). Results displayed in Figures 3 and 4 also suggest that even in the semi-arid and often overgrazed
study area, NDVI may have a larger impact on the separability between classes than MSAVI2. Figures 3 and 4 were
constructed from results obtained when similar sized ROIs were used on different images or image bands. However, the
size and homogeneity of the training areas were not yet tested. In Figure 5 the results from only two sets of ROIs are
used to illustrate the impact of size, heterogeneity and image bands on pair separation in the April image. One of these
sets consisted of small very concise and homogeneous ROIs (30 pixels per class). The other training set allowed for
more varied ROIs including larger areas. In this case the number of pixels varied according to the size of the class
(1000+ pixels) as perceived visually and incorporated a wider variety of possibly inclusive pixels. As expected, Figure 5
illustrates that separation values improve across all image band combinations when small homogeneous training areas
are selected as opposed to larger and more heterogeneous ROIs.
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45

Number of pairs

40
35
30
25
20
15
10
5
0

Figure 3. Pair separation between ROIs created from the April image as
applied to the same image and the August image using various band combinations

Number of pairs

60
40

Equal to 2
> 1.9 but not 2
1 to <1.9
<1

20
0
April
image

April
April
April
image + image + image +
MSAVI
NDVI
NDVI +
MSAVI

Aug
image

Aug
Aug
Aug
image + image + image +
MSAVI
NDVI
NDVI +
MSAVI

Band combinations

Figure 4. Pair separation between ROIs created from the August image as
applied to the same image and the April image using various band combinations
Big ROIs
1000+ pixels per class

Small ROIs
30 pixels per class

Figure 5. The relationship between the size of the training ROIs, the image bands used and the percentage of ROI
training pairs with a J-M distance separabilily above 1.9. All image bands refer to the April image: 4b = all SPOT
bands; 5b = 4b + NDVI; 6b = 5b + MSAVI2
Subsequently, some case examples associated with various ROI types and different thresholds are illustrated in
Table 3. The small uniform ROIs applied to the April image (Case 1) shows that, when a threshold of 0.8 is applied,
only about 2% of the image pixels are statistically close enough to the mean of the training sets to be classified. Even a
small threshold of 0.01 still resulted in only a quarter of the pixels being classified. This may illustrate that the
reasonably good pair separation achieved by this set of ROIs during pair separation tests (Figure 5), will not necessarily
result in a good overall classification. This may be because all types of cover may not be captured within these small
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training plots and/or the small ROIs may not include enough pixel values to successfully represent some of the target
classes.
When substantially larger and more heterogeneous ROIs were applied to the April image (Case 3) a much larger
percentage of the image pixels were close enough to the statistical mean of the training sets to be classified. The
heterogeneousness of these large ROIs in turn resulted in lower pair separation recorded during pair separation tests
(Figure 5). The lower pair separation may negatively impact on the success of the MLC and confuse the classification
output.
Table 3. Illustration of the effect of ROI characteristics on the percentage of unclassified pixels
when using thresholds in a maximum likelihood classification
Maximum Likelihood classification with thresholds
Note: Classification is based on all four SPOT 5 bands plus NDVI and MSAVI2
Case 1: April - Small 30 pixel ROIS (9 classes)
Case 2: August - Bigger ±100 pixel ROIs (9 classes plus sub-classes)
Case 3: Apr - Large 1000+ pixel ROIs (9 classes)
Percentage (%) of unclassified pixels for each selected case
Threshold values

Case 1

Case 2

Case 3

0.8

98

82

76

0.4

94

69

45

0.2

90

59

29

0.05

83

45

12

0.01

75

33

5

No threshold

0

0

0

Figure 6 illustrates a noticeable variation in the number of pixels per class that were classified at the various
threshold levels in Case 3. A small variation (as shown for Water, Bare Soil, Riverine Forests and Grass) most likely
indicates that the corresponding class may be well extracted. Conversely, a big difference in the number of pixels
classified between the highest and lowest thresholds (as for Open Woodland, Open Bushland, Woodland and Bushland)
points towards a higher reliance on probability statistics and possibly a significant amount of confusion in the target
class delineations.
Case 2 (Table 3) illustrates the impact of using more sub-classes instead of larger ROIs. In this instance ROIs with a
varying pixel count in the region of 100 pixels each were used when classifying the August image. Sub-regions were
created in an attempt to strive towards the use of fairly homogeneous ROIs but to “fill in the gaps” by adding additional
training areas. Results from the Case 2 investigation suggest that the establishment of sub-ROIs for some classes may
offer an improvement in “catching” class pixel values that would otherwise be lost. During post classification
procedures these sub-groups are then combined as required. Similarly, results indicated a reduction in the percentage of
unclassified pixels when a shadow class was added and when agricultural areas were masked out before the image
pixels were classified (Table 4).
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2.5
2
Threshold of 0.8

1.5

Threshold of 0.4

1

Threshold of 0.2
Threshold of 0.05

0.5

Threshold of 0.01
No threshold

0

Figure 6. The variation in the number of pixels per class that were classified at the
various threshold levels for Case 3 as given in Table 3
Table 4. The effect of shadow and an agricultural mask on the percentage of unclassified pixels. All
classifications are based on the four SPOT 5 bands plus the NDVI and MSAVI2 indices
April image: Small 30 pixel ROIS

August image: Small 30 pixel ROIs

9 classes

10 classes (includes shadow class)

Threshold
values

Percentage of unclassified pixels (%)
No mask

With agricultural mask

No mask

With agricultural mask

0.8

98 %

91 %

96 %

89 %

0.4

94 %

87 %

85 %

79 %

0.2

90 %

84 %

75 %

70 %

0.05

83 %

77 %

59 %

55 %

0.01

75 %

70 %

46 %

42 %

Using a refined set of 14 training ROIs (9 original classes plus sub-classes) on the August image (and indices) with the
agricultural areas masked out, resulted in favourable pair separation statistics with 53 out of the 91 resultant pairs
illustrating a J-M distance of 2 (Figure 8). A further 28 pairs illustrated a J-M distance above 1.99 but not 2. The lowest
J-M distance value was recorded between two sub-class ROIs that were in any case destined to be combined during
post-processing (Ironwood and Woodland). However, another 9 pairs with J-M distance values between 1.7 and 1.98
showed less favourable pair separation.
When compared to threshold results listed in Table 4, the classification runs using this refined set of 14 ROIs with
various thresholds, resulted in lower percentages of unclassified pixels (Table 6). This may suggest the potential of
somewhat improved classification outcomes when using these ROIs.
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Table 6. Extracts of the results from the August image bands using refined ROIs. Masked
agricultural areas are shown in grey on the classification results

False colour
extract

Threshold

0.4

0.2

0.05

0.01

None

Percentage unclassified pixels

74

65

52

40

0

Screen-print
extracts of
classification
results

When applying a refined set of 14 training ROIs specially adapted to the April SPOT 5 image (including the indices but
with the agricultural areas masked out) less favourable pair separation statistics showed that only 33 out of the 91
resultant pairs achieved a J-M distance of 2 (Figure 8). A further 30 pairs illustrated a promising J-M distance above
1.99. The lowest J-M distance of 1.48 was recorded between two sub-class ROIs of the same land cover class (Riverine
Forest and Open Riverine Forest). Another 11 pairs with J-M distance values between 1.5 and 1.90 showed less
favourable pair separation. The remaining 15 pairs displayed fair pair separation values between 1.9 and 1.99.

Figure 8. Graph summarising the separation statistics for 91 pairs in the final selected ROI sets
for the April and August images respectively
Classification runs using the final set of 14 ROIs on the April image with various thresholds (Table 7) resulted in lower
percentages of unclassified pixels than observed in the August image analysis results (Table 7). Although these
threshold results may seem like an improvement on the August image classification, the lower confidence indicated by
the pair separation statistics may suggest more confusion between classes and therefore further investigation will be
required.
Table 7. Extracts of the results from the April image bands using refined ROIs. Masked
agricultural areas are shown in grey on the classification results

False colour
extract

Threshold

0.4

0.2

0.05

0.01

None

Percentage unclassified pixels

54

39

22

13

0

Screenprint
extracts of
classification
results

259

South African Journal of Geomatics, Vol. 4, No. 3, August 2015
When the two sets of ROIs created for each image were subsequently tested on band stacks incorporating all bands and
indices from both the temporally different images, the percentage of unclassified pixels increased significantly (>10%)
in all cases. This may confirm that the ROIs are essentially image specific due to seasonal variations.
Figure 9 illustrates possible ways of visualizing confidence levels in two vegetation structural classes (Riverine Forest
and Sparse Vegetation). It is however debatable if the uncertainty information as conveyed in the map should be
visualized at all as it may confuse rather than enlighten the map user. Smith (2013) reported that there is still ample
scope for research which on the one hand cognitively assesses the appropriate levels of precision in pronouncing
uncertainty and on the other hand measures the impact of uncertainty visualisation on decision makers.

Figure 9: Example of the visualisation of confidence levels based on classification
thresholds within the two vegetation structural zones
5.

Conclusion

From the results it became apparent that the inclusion of vegetation indices may improve the possibility of statistically
distinguishing between vegetation classes. Results also suggested that even in the semi-arid and overgrazed areas,
NDVI may have a more significant impact on the separability between classes than MSAVI2. Furthermore it was
deducted that training ROIs may be image or season specific. It was proved that although small homogeneous ROIs
may show good pair separation ability between classes, they will not necessarily produce a good overall supervised
result. Conversely it was illustrated that larger ROIs in turn may result in lower pair separation ability between training
ROIs. However, when applying thresholds to the supervised classification, a higher percentage of the image pixel
values may then be close enough to the statistical mean of the bigger training sets to be classified. Results also suggest
that the establishment of sub-ROIs, a shadow class and the use of an agricultural mask may be conducive to improved
classification outcomes. Finally, it was shown that probability thresholds may provide a measure of confidence in the
absence of suitable reference data for accuracy assessments. Future research may focus on methodologies for deriving
optimal training area characteristics and threshold levels relevant to individual target classes in this savanna biome and
the evaluation of various approaches to the dissemination of uncertainty information.
6.

Acknowledgements

We thank SANSA for providing the required imagery, CIRAD (Montpellier) for delineating the study area based on
animal movement data and the Unit for Geoinformation and Mapping from CGIS at the University of Pretoria for
refining the study area map (Figure 1).

260

South African Journal of Geomatics, Vol. 4, No. 3, August 2015
7.

References

Adams, JB and Gillespie AR 2006, Remote sensing of landscapes with spectral images: a physical modeling approach,
Cambridge University Press, New York.
Aguirre-Gutiérrez, J, Seijmonsbergen, AC & Duivenvoorden, JF 2012, ‘Optimizing land cover classification accuracy
for change detection, a combined pixel-based and object-based approach in a mountainous area in Mexico’,
Applied Geography, vol. 34, pp. 29-37.
Bagheri, N Ahmadi, H, Alavipanah, S & Omid, M 2012, ‘Soil-line vegetation indices for corn nitrogen content
prediction’, International Agrophysics, vol. 26, pp. 103-108.
Baret, F & Guyot, G 1991, ‘Potentials and limits of vegetation indices for LAI and APAR assessment’, Remote Sensing
of Environment, vol. 35, pp. 161-173.
Beck, PSA, Jönsson, P, Høgda, KA, Karlsen, SR, Eklundh, L & Skidmore, AK 2007, ‘A ground‐validated NDVI
dataset for monitoring vegetation dynamics and mapping phenology in Fennoscandia and the Kola peninsula’,
International Journal of Remote Sensing, vol. 28, pp. 4311-4330.
Borges, JS, Marçal, AR & Dias, JMB. 2007, ‘Evaluation of feature extraction and reduction methods for hyperspectral
images’, in Z Bochenek (ed.), Proceedings of the 26th Annual Symposium of the European Association of
Remote Sensing Laboratories (EARSeL), New Developments and Challenges in Remote Sensing, Warsaw,
Poland, 29 May - 2 June 2006, pp. 265-274.
Brodlie, K, Osorio, RA & Lopes, A 2012, ‘A review of uncertainty in data visualization’, in J Dill, R Earnshaw, D
Kasik, J Vince and PC Wong (eds.), Expanding the Frontiers of Visual Analytics and Visualization, Springer
Verlag, London.
Davis, TJ & Keller, CP 1997, ‘Modelling and visualizing multiple spatial uncertainties’, Computers & Geosciences,
vol. 23, pp. 397-408.
Dingle Robertson, L & King, D 2011, ‘Comparison of pixel- and object-based classification in land cover change
mapping’, International Journal of Remote Sensing, vol. 32, pp. 1505-1529.
FAO 2004, Drought impact mitigation and prevention in the Limpopo River Basin. A situation analysis. Food and
Agriculture Organization of the United Nations, Rome.
Flynn, ES. 2006, Using NDVI as a Pasture Management Tool, Master of Science (Unpublished), University of
Kentucky.
Freitag-Ronaldson, S & Venter, F 2008, Kruger National Park Management Plan, SANParks, Pretoria.
Gambarova, YM, Gambarov, AY, Rustamov, RB & Zeynalova, MH 2010, ‘Remote Sensing and GIS as an Advance
Space Technologies for Rare Vegetation Monitoring in Gobustan State National Park, Azerbaijan’, Journal of
Geographic Information System, vol. 2, pp.93-99.
Ge, Y, Li, S, Lakhan, VC & Lucieer, A 2009, ‘Exploring uncertainty in remotely sensed data with parallel coordinate
plots’, International Journal of Applied Earth Observation and Geoinformation, vol. 11, pp. 413-422.
Griethe, H & Schumann, H 2005, ‘Visualizing uncertainty for improved decision making’. Paper presented at the 4th
International Conference on Perspectives in Business Informatics Research, Skovde, Sweden.
Hashim, M, Pour, AB & Wei, CK 2014, ‘Comparison of ETM+ and MODIS data for tropical forest degradation
monitoring in the Peninsular Malaysia’, Journal of the Indian Society of Remote Sensing, vol. 42, pp. 383-396.
Higgins, SI, Delgado-Cartay, MD, February, EC & Combrink, HJ 2011, ‘Is there a temporal niche separation in the leaf
phenology of savanna trees and grasses?’, Journal of Biogeography, vol. 38, pp. 2165-2175.
Hill, MJ, Román, MO, Schaaf, CB, Hutley, L, Brannstrom, C, Etter, A & Hanan, NP 2011, ‘Characterizing vegetation
cover in global savannas with an annual foliage clumping index derived from the MODIS BRDF product’,
Remote Sensing of Environment, vol. 115, pp. 2008-2024.
Huete, AR 1988, ‘A soil-adjusted vegetation index (SAVI)’, Remote Sensing of Environment, vol. 25, pp. 295-309.
Johansen, K, Arroyo, LA, Phinn, S & Witte, C 2010, ‘Comparison of geo-object based and pixel-based change
detection of riparian environments using high spatial resolution multi-spectral imagery’, Photogrammetric
engineering and remote sensing, vol. 76, pp. 123-136.

261

South African Journal of Geomatics, Vol. 4, No. 3, August 2015
Kalbi, S, Fallah, A, Shataee, S & Oladi, J 2013, ‘Estimation of forest structural attributes using Aster data’, Journal of
Forest and Wood Products (JFWP) (Iranian Journal of Natural Resources), vol. 65, pp. 461-474.
Kar, SA & Kelkar, VV 2013, ‘Classification of Multispectral satellite images’, paper presented at International
Conference on Advances in Technology and Engineering (ICATE), Mumbai, 23-25 January, pp. 1-6.
Kawamura, K, Akiyama, T, Yokota, H-o, Tsutsumi, M, Yasuda, T, Watanabe, O & Wang, S 2005, ‘Comparing MODIS
vegetation indices with AVHRR NDVI for monitoring the forage quantity and quality in Inner Mongolia
grassland, China’, Grassland Science, vol. 51, pp. 33-40.
Lillesand, TM, Kiefer, RW & Chipman, JW 2004, Remote Sensing and Image Interpretation, John Wiley & Sons,
United States of America.
Liu, K, Shi, W & Zhang, H 2011, ‘A fuzzy topology-based maximum likelihood classification’, ISPRS Journal of
Photogrammetry and Remote Sensing, vol. 66, pp. 103-114.
Liu, Z-Y, Huang, J-F, Wu, X-H & Dong, Y-P 2007, ‘Comparison of Vegetation Indices and Red-edge Parameters for
Estimating Grassland Cover from Canopy Reflectance Data’, Journal of Integrative Plant Biology, vol. 49, pp.
299-306.
Lu, D, Batistella, M & Moran, E 2008, ‘Integration of Landsat TM and SPOT HRG images for vegetation change
detection in the Brazilian Amazon’, Photogrammetric engineering and remote sensing, vol. 74, pp. 421-430.
Marçal, A, Borges, J, Gomes, J & Pinto Da Costa, J 2005, ‘Land cover update by supervised classification of segmented
ASTER images’, International journal of remote sensing, vol. 26, pp. 1347-1362.
Martinfar, HR, Sarmadian, F, Alavi Panah, SK & Heck, RJ 2007, ‘Comparisons of Object-Oriented and Pixel-Based
Classification of Land Use/Land Cover Types Based on Landsat 7, Etm+ Spectral Bands (Case Study: Arid
Region of Iran)’, American-Eurasian Journal of Agricultural & Environmental Sciences, vol. 2, pp. 448-456.
Ollinger, SV 2011, ‘Sources of variability in canopy reflectance and the convergent properties of plants’, New
Phytologist, vol. 189, pp. 375-394.
Ouyang, Z-T, Zhang, M-Q, Xie, X, Shen, Q, Guo, H-Q & Zhao, B 2011, ‘A comparison of pixel-based and objectoriented approaches to VHR imagery for mapping saltmarsh plants’, Ecological informatics, vol. 6, pp. 136146.
Pal, M & Mather, PM 2003, ‘An assessment of the effectiveness of decision tree methods for land cover classification’,
Remote Sensing of Environment, vol. 86, pp. 554-565.
Qi, J, Chehbouni, A, Huete, AR, Kerr, YH & Sorooshian, S 1994, ‘A modified soil adjusted vegetation index’, Remote
Sensing of Environment, vol. 48, pp. 119-126.
Ray, TW 1994, A FAQ on Vegetation in Remote Sensing, (California Institute of Technology) Pasadena California, US.
Viewed 30 March 2012, http://www.yale.edu/ceo/Documentation/rsvegfaq.html.
Richards, JA & Jia, X 2006, Remote sensing digital image analysis, 4th edition, Springer, Heidelberg.
Schiewe, J & Schweer, M 2013, ‘Closing the "Uncertainty Chain": Enhancing Trust by Communicating Uncertainty
Information with Maps’, in Manfred F Buchroithner (ed.), From Pole to Pole, Proceedings of the 26th
International Cartographic Conference, Dresden, Germany, 25-30 August, p. 808.
Schowengerdt, RA 1997, Remote Sensing: Models and Methods for Image Processing, 2nd edition, Academic Press,
United States of America.
Smith, J, Retchless, D, Kinkeldey, C & Klippel, A 2013, ‘Beyond the surface: current issues and future irections in
uncertainty visualization research’ in Manfred F Buchroithner (ed.), From Pole to Pole, Proceedings of the
26th International Cartographic Conference, Dresden, Germany, 25-30 August, p 530.
Thomas, V, Treitz, P, Jelinski, D, Miller, J, Lafleur, P & Mccaughey, H n.d., Classification of ecological and Casi
reflectance data for a Fen community in northern Manitoba, York University, Toronto, Canada, viewed on 28
January 2015,
http://www.yorku.ca/jrmiller/Papers/ConfPapers_Miller/00Thomas_CRSS_BOREASFenClass.pdf
Thomas, V, Treitz, P, Jelinski, D, Miller, J, Lafleur, P & McCaughey. 2002, ‘Image classification of a northern peatland
complex using spectral and plant community data’, Remote Sensing of Environment, vol. 84, pp. 83-99.
Tu, CH, Lo, NJ, Chang, WI & Huang, KY 2012, ‘Evaluating the novel methods on species distribution modelling in
complex forest’, in M Shortis, J Shi, and E Guilbert (eds.), International Archives of the Photogrammetry,
262

South African Journal of Geomatics, Vol. 4, No. 3, August 2015
Remote Sensing and Spatial Information Sciences, XXII ISPRS Congress, Technical Commission II,vol.
XXXIX-B2, Melbourne, Australia, 25 August – 01 September 2012, pp.77-82.
Tuanmu, M-N, Viña, A, Bearer, S, Xu, W, Ouyang, Z, Zhang, H & Liu, J 2010, ‘Mapping understory vegetation using
phenological characteristics derived from remotely sensed data’, Remote Sensing of Environment, vol. 114, pp.
1833-1844.
Turner, W, Spector, S, Gardiner, N, Fladeland, M, Sterling, E & Steininger, M 2003, ‘Remote sensing for biodiversity
science and conservation’, Trends in Ecology & Evolution, vol. 18, pp. 306-314.
Venkataraman, S, Bjerke, H, Copenhaver, K & Glaser, J 2006, ‘Optimal band selection of hyperspectral data for
transgenic corn identification’ in MAPPS/ASPRS 2006 Fall Conference, 6 – 10 November, San Antonio,
Texas, pp. 6-10
Wardlow, BD & Egbert, SL 2008, ‘Large-area crop mapping using time-series MODIS 250 m NDVI data: An
assessment for the U.S. Central Great Plains’, Remote Sensing of Environment, vol. 112, pp. 1096-1116.
Whiteside, T & Ahmad, W 2005, ‘A comparison of object-oriented and pixel-based classification methods for mapping
land cover in northern Australia’, Proceedings of SSC2005 Spatial intelligence, innovation and praxis: The
national biennial Conference of the Spatial Sciences Institute, September 2005, pp. 1225-1231.
Wiegand, T, Naves, J, Garbulsky, MF & Fernández, N 2008, ‘Animal habitat quality and ecosystem functioning:
exploring seasonal patterns using NDVI’, Ecological Monographs, vol. 78, pp. 87-103.
Woodcock, CE & Strahler, AH 1987. ‘The factor of scale in remote sensing’, Remote Sensing of Environment, vol. 21,
pp. 311-332.
Xiang, M, Hung, C-C, Pham, M, Kuo, B-C & Coleman, T 2005, ‘A parallelepiped multispectral image classifier using
genetic algorithms’, Proceedings of Geoscience and Remote Sensing Symposium, IGARSS'05, IEEE
International, 25-29 July, vol. 1, p. 4.

263

