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SUMMARY

As part of the Digital Image Processing course (DIP.5) at ITC aland cover classification of the
Holterberg areais performed. By means of afieldwork training samples and test samples are collected.
The fieldwork is carried out on September 8 1998. On the basis of the training samples a supervised
classification is carried out of a Landsat TM image. The subsequent classified thematic image is
assessed for its accuracy on the basis of test samples.

Introduction: project background

Since satellites provide a useful tool for fast acquisition of land cover data over large areas, remotely
sensed imagery is often used in projects for land cover monitoring, updating of topographic maps and
change detection.

Landsat TM data

For this project Landsat TM data of bands 3, 4 and 5 was available. Landsat satellites follow near-polar
orbits that are inclined 9° to the poles. Landsats 4 and 5 orbit at 705 kilometre altitude with a 16-day
repeat interval for global coverage. These satellites collect data over a 185-kilometre swath. The
Landsat orbit is designed to be sun synchronous. In other words, the satellite crosses the equator at the
same local sun time with each orbit. This provides for some uniformity of lighting conditions.

The TM is a non-photographic imaging system using an oscillating
mirror and seven arrays of detectors which sense electromagnetic
radiation in seven different bands. The wavelength range for the
sensor is from the visible, through the mid-IR, into the thermal-IR
portion of the electromagnetic spectrum. Sixteen detectors for the

Wavelength (um)
Band 1 0.45-0.52
Band 2 0.52-0.60
Band 3 0.63-0.69

Band4 | 0.76-0.90 visible and mid-1R wavelength bands provide 16 scan lines on each
Band5 | 1.55-1.75 active scan. Four detectors for the thermal-IR band provide four
Band6 | 10.40-12.50 scan lines on each active scan. The sensor has a spatial resolution of
Band7 | 2.08-2.35 30 meters for bands 1 through 5, and band 7, and a spatial

Table 1. Wavelengths resolution of 120 meters for band 6.

detected per band ) ) ) o
TM band 3 is designed for detecting chlorophyll absorption in

vegetation. TM Band 4 dataisideal for detecting near-1R reflectance peaks in healthy green vegetation
and for detecting water-land interfaces. The two mid-IR red bands on TM (bands 5 and 7) are useful for
vegetation and soil moisture studies and for discriminating between rock and mineral types.

Classification

To obtain land cover information the satellite data has to be classified. By using more bandsin the
classification at the same time results improve. Therefore this operation is usually referred to as multi-
spectral classification.

In classification jargon the spectral bands are commonly referred to as “features’, because very often
transformations are applied on the bands prior to classification. In one pixel, the values in the three
features can be regarded as components of a 3-dimensional vector, the feature vector. Such a vector
can be plotted in a 3-dimensional feature space. All feature vectors belonging to the same class form,
due to their spectral similarity a cluster in the feature space. Feature vectors belonging to other classes
should be in another cluster.

One method of classification, the unsupervised classification, automatically clusters these feature
vectors, analysing the feature space in which all feature vectors are represented. The resulting clusters
arereferred to as spectral classes. The relationship between spectral and thematic classes has to be
established afterwards.

In order to automatically generate thematic classes the classifier has to be able to establish the
relationship between spectral and thematic classes. This supervised classification therefore requires
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ground truth. In the training phase the classifier is trained by telling for alimited number of pixelsto
what class they belong in this particular image. These training samples, as collected during the
fieldwork are used to calculate statistics to generate a parametric signature for each class that you want
the system to discern. Thissignature is used to train a statistically based classifier to define the classes.

In the decision phase the system assigns a thematic class label to al other image pixels by looking for
each pixel to which of the trained classes this pixel is most similar. To perform a classification each
pixel is analysed independently. The corresponding feature vector is compared to each signature,
according to adecision rule. Pixels that pass the criteria that are established by the decision rule are
than assigned to the class for that signature.

In ERDAS IMAGINE there are two classes of decision rulesin a supervised classification process.
One, which performs a classification parametrically with statistical representation and the other one
classifies the data in a non-parametrical way as objects in feature space.

For parametric signatures ERDAS IMAGINE provides the following commonly-used decision rules:
- minimum distance

- Mahalanobis distance

- Maximum likelihood

The minimum distance decision rule calculates the spectral (Euclidean) distance between the feature
vector and the mean vector for each signature. When the spectral distance is computed for all possible
class signatures, the corresponding pixel is assigned to the class for which the spectral distanceisthe
lowest.

This classification method is the fastest parametric decision rule to compute. Every pixel isassigned to
aclass (There alwaysis a nearest mean vector) and therefore no unclassified pixels come out, even if
the spectral distance to a mean vector is beyond reasonable limits. Furthermore this algorithm does not
take class variability into account!

The Mahalanobis distance rule is similar to the calculation of the minimum distance, except for the
fact that the covariance matrix of the featuresis used in the equation. Unlike the minimum distance
algorithm, this one does take the class variability into account.

The maximum likelihood decision rule is the most accurate of the classifiersin the ERDAS IMAGINE
system, because it takes the most variables into account. Therefore it takes the longest time to compute.
This computation is based on the probability that a pixel belongs to a particular class. The basic
equation assumes that these probabilities are equal for each class, and that the input bands have normal
distributions. This algorithm also takes the class variability into account like the Mahalanobis distance.

This supervised classification therefore requires ground truth asinput for the decision rule to be
applied. In order to assess the accuracy of the classification afterwards test samples are needed.

Ground truth-test samples

On September 8 1998 afieldwork of the Holterberg areais undertaken. The Holterberg area near the
town of Rijssen and Nijverdal can roughly be subdivided into two main areas, being the national park
and the surrounding agricultural zone. The national park isfamous for its vast areal of heath land.
Other main types of land cover are deciduous and coniferous forest patches. Main cropsin the
agricultural zone are corn and grass. Other land cover types comprise urban areas, industrial zones and
water areas. To be able to identify these major land cover types, the selection of training samples
should be representative for the variation between classes and within classes.

The mgority of the land cover types are natural. Image Acquisition date
Therefore the land cover isinfluenced by the annual Landsat TM March 10 1997
cycle of nature and the crop rotation system. This hasto SPQOT PAN April 1 1997

be kept in mind while selecting both ground truth and test Topographic map 1991

samples, because the Landsat TM image, the fieldwork Field work September 8 1998

data and the ancillary data are from different dates. ] ] ]
Table 2. Time factor in spatial data
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Since the flow chart of the classification process was not composed in advance the need for test
samples did not arise until the accuracy assessment came into view. Test samples are therefore
obtained from the other group and on the basis of a comparison of the training samples and the TM
image. Adjacent fields with same radiometric signature were selected.

SPOT PAN image

The SPOT payload comprises two identical HRV (High Resolution Visible) imaging instruments, two
tape recorders for image data, and a payload telemetry package for image transmission to ground
receiving stations.

The position of each HRV entrance mirror can be commanded by ground control to observe aregion of
interest not necessarily vertically beneath the satellite. Thus, each HRV offers an oblique viewing
capability, the viewing angle being adjustable through + 27°. relative to the vertical. Two imaging
modes are employed, panchromatic (P) and multi-spectral (XS). Both HRV s can operate in either
mode, either simultaneously or individually.

Inthe“P" (panchromatic) mode imaging is performed in a single spectral band, corresponding to the
visible part of the spectrum without the blue. The band covers the electromagnetic spectrum from 0.51
to 0.73 um. This single channel imaging mode supplies only black and white images with a pixel of 10
meter. Therefore isthis band intended primarily for applications calling for fine geometrical detail asin
this case as ancillary data source for the selection of training and test samples
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Methodology

Figure 1. Georeferencing in ERDAS IMAGINE 8.3.1
Georeferencing

Before collecting training areas in the Landsat TM-image and define signatures, the Landsat TM-image
and SPOT PAN-image which will be used during the collection of the training areas, have to be
georeferenced. First the map model of the TM-image is deleted. The PAN-image is georeferenced by
using the topographic map and applying an image to map rectification. This was done during the
geometric correction exercise. During that same exercise image to image rectification was performed
using the TM-image as ‘dave’ and the PAN-image as ‘master’. The next step is to georeference the
TM-image and the PAN-image (fig. 1).

Using the set of ground control points (GCPs) of the TM-image (from the image to image
rectification), the corresponding GCPs in the PAN-image are selected. The last step isto calibrate two
images by assigning a xy- co-ordinate system to it.

Training sample selection

The two images are then geographically linked to facilitate the collection of the set of different pixels
belonging to one training area. The area of interest (AOI) is selected in the TM-image on the basis of
field information. The PAN-image is used to position the AOIs more accurate in the TM-image and the
TM-imageis used for the spectral information by visual inspection. Signatures are collected for every
polygon-AOI training sample of every class distinguished in the field and are stored in the signature
editor.

In the signature editor the contingency matrix can be computed. With the contingency matrix we were
able to evaluate signatures that have been created from AOIlsin the TM-image. This contingency
matrix isamatrix of percentages that represent the number of pixelsin each AQOI training sample that
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are assigned to each class. Thistool classifies only the pixels of an AOI training sample, based on the
signatures. In theideal case each training sample would be composed primarily of pixelsthat belong to
its corresponding signature class.

For every parametric classification algorithm, a contingency matrix is computed. In this project we
computed the ‘error matrices' for the three parametric classification algorithms. The maximum
likelihood classification a gorithm ended up with the best results (see appendix).

Another utility to evaluate signatures is the signature separability. This utility computes the statistical
distance between signatures. This distance can be used to determine how distinct your signatures are
from one another. This utility can also be used to determine the best subset of layersto usein the
classification, but in this case we only have three bands. The result of the separability operation on the
final class samples (thisisthe result after the next step) is given in signature separability matrix .The
Transformed Divergence formulais used with a threshold of 2000 as maximum).

The next step isto verify the training sites. Thisis done looking at the spectral distribution (feature
space) of the subclasses of the signatures and to see if the subclasses belong to the same class or that
they should be separated in different classes. Another way of improving training datais to clean the
sites of outlying pixels (in feature space). The signatures are now edited and contain the final class
signatures (training class samples) (fig. 2)

Figure 2. Signature editor after analysis of the training samples

Classification and accuracy assessment

After evaluating the signatures, a supervised classification of the datais performed from the signature
editor. On the basis of the above evaluation the maximum likelihood algorithm is used as parametric
rule to classify the TM-image.

To evaluate the classification we have to analyse the classes and test the accuracy of the classification.
Test AOI samples (from field information of Wouter Brokx) are selected in the same way as were the
training AOI samples (for every class one AQI layer). These layers are then copied to an annotation
layer. In this annotation layer (vector) the polygons are grouped and filled with a colour. To overlay the
test layer with the classified image, they should be in the same format (raster) and in the same co-
ordinate system (map model). The annotation layer is rasterised and put it in the same xy- co-ordinate
system asthe classified image. Subsequently the Gl S-operation “ Summary” is performed on the two
layers. The result of this overlay isthe accuracy of the classification and is put in a confusion matrix.
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Analysis

Classification accuracy

After aclassification is performed it is necessary to assess the accuracy of the results obtained. Thisis
done by comparing pixels from the classified image with ground truth (test samples). The results of this
comparison are then expressed in a confusion or error matrix. For this project the results are displayed
in the appendix.

Every row in the matrix correspondsto a classin the ground truth data; every column correspondsto a
classin the classified image. So at the diagonal the number of correctly classified pixels are displayed.
The off-diagonal cells contain the classification errors. The column “Acc.” indicates the number of
ground truth pixels that were classified correctly. The row “Rel.” contains an estimate of the reliability
of the classification per class. Unlike the average accuracy and reliability, the overall accuracy does
take the ground truth class sizesinto account.

The accuracy measurements in the confusion matrix are not high. In the first place this outcome can be
attributed to the classification method itself:

» Classification only takes spectral characteristicsinto account. Therefore linear features with a
width of just one or two pixels will not be classified as separable classes.

e The whole method relies on spectral separability of classes. When pixels with the same feature
vector fallsin an overlapping area of two classesin the feature space, the classifier will treat them
all in the same way and classify them as one class. Similar problems occur with heterogeneous
classes, like towns. Towns are beautiful examples of a mixture of different object reflectivities.

e Inour case of using the maximum likelihood classification algorithm, there are no “unknown
classes’, because the “most likely” class label is given for afeature vector, even if the feature
vector isfar outside a cluster in the feature space. “Mixed” pixels might therefore be classified as
something they do not represent, due to the mixture in spectral reflectance.

On the other hand this result may be due to the selected training samples. One of the utilities to
evaluate the signatures is by computing the separability matrix (see appendix). Thistable gives the best
minimum separability in distance between signatures per combination of classes. For the final
signaturesin this project the three class combination with the smallest ‘ minimum separability’ are:

* industria : urban

* mixed-forest : coniferous

e bareagriculture: corn agriculture

For these combinations of classes there is a possibility that classification errors occur, because of the
spectral overlap between the different spectral clustersin the feature space.

The contingency matrix reflects what is stated in the separability matrix. For every parametric
classification algorithm used, the results show that for the above mentioned class combinations the
training samples are not that homogeneous that every pixel actually becomes assigned to that class.
Although, the best results (the most homogeneous) are computed with the maximum likelihood
algorithm (see appendix).

Furthermore the accuracy assessment is influenced by the selection of the test sasmples. The field
information of Wouter Brokx was used to find test areas, the problem was that he walked the same
route as we did and because of that, the data does not differ that much from the training set. One
example of thisisthe fact that we could not find enough test pixelsto test the class water in the
classified image. Another exampleis that the confusion matrix shows that all mixed-forest test pixels
were classified as coniferous in the classified image.
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Classification improvement

To improve the classification one can go about it in different ways. One can use the distance file
generated, set prior probabilities or create homogeneous areas.

In addition to the thematic raster layer a distance image is output during the classification process. The
brighter the pixels are, the farther away they are spectrally from the signature means for the classesto
which they were assigned: the more likely they are to be misclassified.

By defining a threshold for the maximum distance a feature vector is allowed to be away from the class
mean, one excludes feature vectorsto be classified. They become unclassified. In thisway one avoids
the main drawback of the maximum likelihood classification: even if the distance is unlikely far, the
vector feature is assigned to the nearest class.

Another way to improve the classification isto set prior probabilities. For example one can predict, that
outside the national park the prior probability for the class “heath-land” is 0. So no pixels outside the
national park border will be misclassified as “heath-land”. The same can be applied to corn field, which
will not be found within the national park border.

An easy way to improve the classification is by assuming that fields are homogeneous. One way to
introduce this assumption is by applying a majority-filter: for a certain window-size the predominant
classis assigned to the central pixel. Another way is by segmentation. On the basis of three bands
spectrally homogeneous areas are created defining a threshold. One can either first classify and than
apply the segmentation, or first apply segmentation and than classify the image on the basis of a mean
feature vector for each segment.

References

Field Guide of Erdas Imagine (Chapter 6, Classification)
Tour Guide of Erdas Imagine (p. 305-350, Advanced Classification)
Image Classification and Statistical Pattern Recognition (Ben Gorte, 1995)
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Appendices

Appendix A: Flow chart
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Appendix B: Signhature evaluation
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Appendix C:Classified image: maximum likelihood

Figure 3. Classified image
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Appendix D: Accuracy assessment

Table 7. Accuracy matrix
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