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ABSTRACT: Remotely sensed images often contain a combination of both pure and mixed pixels.
Hard classification techniques assign mixed pixels to the class with the highest proportion of
coverage or probability. Loss of information is inevitable during this process. Soft classification
techniques were introduced to correct for this loss: they assign pixel fractions to the land cover
classes corresponding to the represented area inside a pixel. The assignment of fractions to the
different classes however, renders no information about the location of these fractions inside the
pixel. Atkinson (1997) stated that it is possible to assign the fractions spatially to so called ’sub-
pixels’. Every pixel is thus divided into a predefined number of sub-pixels, allowing a more
spatially detailed representation of the lower resolution pixels. Sub-pixel mapping algorithms have
been applied in a variety of forms and on fraction images of varying spatial resolutions, but all
algorithms share one common property: accuracy assessment of sub-pixel mapping algorithms is
impossible because of missing high resolution ground truth imagery. Therefore, high resolution
reference classifications are degraded to yield artificial fraction images. When these artificial
fraction images are used as input to the sub-pixel mapping process, the original reference image
can serve as ground truth. This way, accuracy assessment of sub-pixel mapping algorithms is
facilitated. The aim of this work is to use identical reference images for different sub-pixel mapping
techniques, allowing for comparison of the performance of different techniques.

1 INTRODUCTION

Remotely sensed images display a combination of pure and mixed pixels. Crisp or hard classification
assigns the mixed pixels to the dominant classes. Soft classification results in fraction images
describing the proportions of membership for a pixel to each class. Hence a pixel can belong to
different classes. A soft classification has the advantage of containing more information when
compared to a hard classification. A crisp classification however is easier to display and interpret
for the users. Therefore soft classifications are sometimes transformed into hard classifications.
This process is called hardening and disposes of useful information. Sub-pixel mapping attempts
to overcome this problem, representing high information content in an easily interpretable manner.

Atkinson (1997) stated that it is possible to assign the fractions spatially to so called sub-pixels.
Sub-pixels are a finer resolution representation of a parent pixel. The information from a soft
classification is dispersed into the subdivided pixels. A pixel is separated into several pure sub-
pixels. The amount of sub-pixels belonging to each class corresponds to the fractions provided by
the soft classification. A sub-pixel mapping drawback is the introduction of uncertainty as there is
no information about the spatial location of the sub-pixels. This is compensated by the assumption
of spatial dependence. An overview of the sub-pixel mapping process is shown in Figure 1. A
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variety of techniques have been proposed e.g. by Schneider (1993); Gavin and Jennison (1997);
Gross and Schott (1998); Foody (1998); Aplin and Atkinson (2001); Tatem et al. (2001, 2002);
Verhoeye and De Wulf (2002) and Pinilla and Ariza (2002). The techniques that will be applied in
this paper are described in Mertens et al. (2003, 2004a and 2004b).

2 MATERIALS AND METHODS

2.1 Synthetic imagery

Sub-pixel mapping algorithms have been applied in a variety of forms and on fraction images of
varying spatial resolutions, but all algorithms share one common property: accuracy assessment of
sub-pixel mapping algorithms is impossible because of missing high resolution ground truth imagery.
If this was present, there would be no need for sub-pixel mapping algorithms. High resolution
reference classifications are therefore degraded to yield artificial fraction images. The degradation
process consists of splitting up the hard classification into binary images (0 or 1 for membership
or not) for each class, and applying an averaging filter. The degradation process is illustrated in
Figure 2. When these artificial fraction images are used as input to the sub-pixel mapping process,
the original reference image can serve as ground truth, facilitating accuracy assessment of sub-
pixel mapping algorithms. This approach excludes errors due to coregistration and poor soft
classification, focusing solely on errors introduced by the sub-pixel mapping process. Reference
source imagery can either be real or artificial.

Figure 1. An overview of the sub-pixel mapping process. The amount of sub-pixels is calculated for each
class, before they are spatially allocated.
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2.2 Sub-pixel mapping accuracy

Comparison of sub-pixel mapping techniques is only possible when the means to evaluate the
performance of the different algorithms are available. Different criteria can be proposed, depending
on the intended use, e.g. evaluation of the sub-pixel mapping result, performance speed, user-
friendliness, among many others. Evaluation of the sub-pixel mapping result can also be performed
using a variety of criteria. Foody (2002) focused on positional accuracy for the refinement of
estimates of ground control point location. The opinion of Tatem et al. (2002) was that recreating
the spatial pattern of land cover can be more important than attempting accurate mapping. In this
paper priority is given to the thematic accuracy of the sub-pixel mapping result. Although there is
no predefined standard yet for assessing the accuracy of sub-pixel mapping, generally accepted
classification accuracy indices like the Kappa coefficient (Cohen, 1960) and the overall accuracy
in terms of percent correctly classified (PCC) are often used to evaluate the accuracy of the
algorithm’s result. Many other measures are often used to assess classification accuracy. The most
conventional classification accuracy indices are:

• Error matrix (user and producer accuracies)
• PCC (percent correctly classified)
• Kappa
• Tau
• AEP (area error proportion)
• GT-index
• Closeness
• RMSE (root mean squared error)
• Correlation coefficient
• Visual interpretation

It is assumed that using any other thematic classification accuracy index will lead to similar results
as the ones obtained by using the more popular methods. Instead of trying to develop a novel sub-
pixel mapping technique, the aim of this work is to use the same reference images for different sub-
pixel mapping techniques, allowing comparison of the performance of the different techniques.
Developing a database of standard images, the authors wish to assess the qualities of sub-pixel
mapping techniques regarding the following characteristics:

• Reconstruction of pattern, texture
• Conservation of fractions
• Conservation of linear features
• Conservation of curvature
• Isotropy/Anisotropy
• Noise dependency
• Border effects

Figure 2. Degradation of a reference image with classes A and B to fraction images before sub-pixel
mapping of the centre pixel.
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• Scale factor independence
• Ability to handle real data
• Ability to deal with multiple classes
• Computation time

A database was constructed containing 6 sets of fraction images of 36 × 36 pixels. All images were
artificially constructed except for one real classification of the Logone inundation plain in the north
of Cameroun. Fraction images were obtained after degradation of a 5184 × 5184 reference image.
The reason for starting the degradation from such a large image, was the amount of different
possible values in the fraction images, e.g. degradation with scale factor 2 only yields 5 potential
fraction values in an image: 0, 0.25, 0.5, 0.75 and 1. The real classification differs from other
images the size of the source reference image (2592 × 2592) and the number of classes (3 instead
of 2). Each set of images contained 5 crisp images at intermediate resolutions, forming the reference
imagery for the sub-pixel mapping with different scale factors: S = 2, 3, 4, 8 and 16. The 6 source
reference images are shown in Figure 3.

3 RESULTS AND DISCUSSION

The resulting sub-pixel mapping images, the reference image and the hardened soft classification
are shown in Figures 4 and 5 for the concentric circles and the real image with scale factor 4. Table
1 shows the percentage correctly classified and Kappa for the sub-pixel mapping results and the
hardened soft classification. Visual assessment of Figure 4 suggests the wavelet and neural network
technique to outperform the other two, especially towards the centre of the image. All sub-pixel
mapping techniques seem to better approximate the reference image than the hardened soft
classification. These statements are confirmed by the numbers in Table 1 except for the results of
the wavelet technique compared to the other techniques. Although its result is visually more
appealing, its numerical accuracy is lower. The same counts for all the sub-pixel mapping results
in Figure 5 that appear more favourable than the hardened soft classification, although their accuracy
is lower. Again, the wavelet technique forms an exception, providing visual and numerical improvement
over the hard classification. This proves that visual assessment may lead to other conclusions than
the numerical analysis.

4 CONCLUSIONS AND FUTURE RESEARCH

Sub-pixel mapping is a useful technique combining both advantages from hard and soft classifications.
Yet this coincides with the introduction of uncertainty. Accuracy assessment of sub-pixel mapping
algorithms is very difficult and is often related to the intended use. Thematic accuracy of the
resulting map appears to be the most obvious choice to assess the performance of the sub-pixel
mapping result. Visual assessment of the results may lead to different conclusions than those drawn
from the numerical analysis.
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Figure 3. The source reference images in the database.
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Figure 4. Sub-pixel mapping results of the concentric circles with the different techniques: (a) attraction
(b) genetic algorithms (c) wavelets (d) the reference image and (e) the hardened soft classification.
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Figure 5. Sub-pixel mapping results of the real classification with the different techniques: (a) attraction
(b) genetic algorithms (c) wavelets (d) the reference image and (e) the hardened soft classification.
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Table 1. PCC and kappa for the sub-pixel mapping results compared to the hardened soft classification.

Accuracy assessment Concentric circles Real image

GA attraction wave GA attraction wave

PCC 0.98 0.98 0.97 0.86 0.87 0.91
Kappa 0.97 0.95 0.93 0.76 0.78 0.85
PCC hard 0.89 0.89 0.89 0.90 0.90 0.90
Kappa hard 0.79 0.79 0.79 0.82 0.82 0.82
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