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CHAPTERR 3 

MAPPINGG A COMPLEX AGRICULTURAL LANDSCAPE 

INN A SEMI-ARID AREA THROUGH SYSTEMATIC CLUSTERING 

ANDD SEPARATION OF SPECTRAL CLASSES 

3.11 Introduction 

Accuratee mapping of natural and cultural land resources is necessary for effective 

environmentall  and economic management (Loveland, 1991; Civico, 1993; Stone et ai, 

1994;; Haack el al, 2000). Land allocation for human activities, such as animal and crop 

production,, as well as for natural ecosystem functions such as biodiversity conservation 

requiree accurate information on the spatial distribution and properties of natural 

vegetationn and present land uses. Knowledge of the location and extent of degraded land 

cann be useful for planning and implementation of degradation control measures. Finally, 

up-to-datee land use information can be used for assessing national food security status. 

Thiss need for accurate land cover information is greater in fragile ecosystems, such as 

aridd and semi-arid environments, particularly those experiencing influx of human 

settlements,, such as the Lake Baringo area. 

Fieldd observations and available statistics (Kenya, 1980a, 1994 and 2000) indicate 

thatt Baringo area is experiencing rapid increase of human settlements. Concerns about 

landd degradation have been expressed (Bryan. 1994). Accurate, information on the total 

areaa under human settlement and other land cover types as well as the location and extent 

off  degraded lands is not available. Obtaining such information using field surveys for 

expansivee arid and semi-arid areas, which are usually regarded as low productive 

marginall  areas, is costly. This chapter investigates whether digital image analysis is a 

feasiblee alternative for obtaining accurate and relevant land cover details in a subsistence 

agriculturall  landscape in a semi arid area. Preliminary analyses using standard supervised 

imagee classification procedures produced visually inaccurate images with very low 

statisticall  accuracy. The goal of this chapter is to develop an alternative method for 

mappingg a complex subsistence agricultural landscape in a semi-arid area using digital 

Landsat-TMM images. The method should be capable of identifying land cover types relevant 
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forr economic planning and environmental management. The accuracy of this method is 

comparedd to those of standard classification approaches. 

3.22 A Review of Land Cover Mapping Techniques Using Remote Sensing 

Severall  approaches for mapping land cover characteristics exist. These range from field 

surveyss to automatic classification of data from satellite-based sensors {Clarke. 1986). 

Eachh of these methods has its advantages and disadvantages. Field surveys provide the 

mostt accurate data particularly where detailed mapping of land cover characteristics is 

required.. However, they are slow and expensive and they cannot be used to map 

inaccessiblee areas. It is also prohibitively expensive to survey large areas using field 

surveyy techniques (Clarke. 1986). Aerial surveys solve some of the problems of field 

surveyss but their use for regular mapping and monitoring surveys are limited by the high 

costt of mounting aerial surveys. The synoptic coverage and the repetitive nature of 

satellite-basedd sensors make them ideal for mapping large areas especially within the 

hostilee arid and semi-arid environments. The multi-spectral sensors with high spatial 

resolutionss carried by some of these satellites enable them to detect fine land cover 

detailss not usually detectable by sensors that rely on the visible part of the 

electromagneticc spectrum only. The proposed approach is therefore based on the use of 

satellitee remote sensing data. In the remainder of this section a review of standard 

informationn extraction techniques is presented together with their limitations. Finally, a 

methodologyy is presented that aims to improve the identification of land cover types in 

thesee complex landscapes. 

3.2.11 Land Cover Mapping from Satellite Data 

Landd cover information from satellite images can be extracted either by using visual image 

interpretationn techniques or through automated image classification of digital data. Besides 

beingg labour intensive, visual image interpretation techniques do not make full use of the 

spectrall  characteristics of multi-spectral images (Lillesand and Kiefer. 1994). Digital image 

analysiss techniques are generally favoured because they are faster and offer more superior 

spectrall  discrimination than visual interpretation. However, most digital image processing 

systemss can only analyse spectral information, i.e. they do not make use of spatial properties 
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suchh as parcelling and other specific spatial patterns, which are very useful for the 

discriminationn of land cover types with similar spectral properties. The present study 

focusess on the use of digital Landsat-TM images, which combine moderately high spatial 

andd spectral resolutions, to map the land cover characteristics of a semi-arid area 

dominatedd by subsistence agriculture. 

Theree are two basic approaches to automated image classification namely 

supervisedd and unsupervised classification. With supervised classification the image 

analystt "supervises" the pixel categorisation process by telling the classifier (computer 

algorithm)) the numerical descriptors of the various land cover types present in the scene 

byy providing training data. In the unsupervised approach the analyst has little control over 

thee pixel categorisation. Image data are aggregated into natural spectral groupings by a 

clusteringg algorithm after which the image analyst allocates land cover classes to these 

clusterss using some reference data. The unsupervised classification is generally not as 

effectivee as the supervised approach, particularly when spectrally close land cover types 

aree involved (Swain and Davis, 1978). On the other hand, purely supervised analysis is 

nott feasible when large heterogeneous or inaccessible areas are to be classified. It may be 

tooo expensive or physically impossible to collect sufficient training data. Furthermore, 

sitess containing "pure" samples of land cover classes are difficult to locate and when 

foundd may not contain sufficient number of pixels to adequately estimate the class 

statisticss (Swain and Davis. 1978). Unsupervised classification has been shown to 

producee better results than the supervised approach when mapping complex land cover 

typess composed of mixtures of vegetation and bare surfaces with different moisture, 

slopee and aspect characteristics (Townshend and Justice, 1980; Belward et ai, 1990). 

Landd cover characteristics as recorded by satellite sensors are an integration of 

reflection/radiationn as determined by the physical, chemical and biological properties of the 

objectss that shape the environment of a given area. Although different objects produce 

distinctivee spectral reflectance and emittance patterns, in real life these patterns are not 

absolutelyy unique (Lillesand and Kiefer, 1994), which makes their discrimination difficult. 

Landd cover types that are practically different may produce similar spectral patterns while 

thosee that are similar may display different spectral patterns owing to external factors such 

ass weather, topography and satellite geometry. Furthermore, land surfaces usually consist of 
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aa complex mixture of vegetation, exposed soil or rock, water and shadows, all of which 

contributee to the spectral partem (Huete et ai. 1985). The species composition, structure, 

densityy and levels of photosynthetic activity of both dominant and understorey vegetation 

aree all significant part of the signal recorded by the remote sensing system (Spanner et ai, 

1990).. On the other hand, many important landscape features that we see such as litter and 

otherr dead biomass accumulation are not part of the signal received by the satellite sensors 

(Gastonn et ai, 1997), All these factors complicate the process of interpreting land cover 

informationn from remotely sensed data. 

Effortss to maximise the amount and accuracy of information extracted from digital 

satellitee images have dominated remote sensing research for a long time. These efforts can 

bee classified into two broad categories namely; improvement of image characteristics and 

improvementt of information extraction processes. Considerable progress has been made in 

improvingg image characteristics by increasing the spatial, spectral and temporal resolutions. 

Todayy the commonly used multi-spectral sensors offer spatial resolutions ranging from 30 to 

100 metres, with 4-10 spectral bands and return periods of 7-16 days. Very high spatial 

resolutionn sensors, such as the one carried by the IKONOS satellite with 1 and 4 m 

panchromaticc and multi-spectral sensors respectively and return periods of 5 days are 

alreadyy operational (Jensen. 2000). 

Attemptss to improve the information extraction process have resulted in the 

developmentt of several image processing methods and algorithms of varying 

complexities.. These include sophisticated classifiers such as the artificial neural networks 

(Civico.. 1993; Foody, 1995) and knowledge-based expert systems (Mo Her-Jen sen. 1990). 

Usee of these techniques, particularly in die sub-Saharan situations, is limited by the 

unavailabilityy of the necessary software and the intelligent databases. Hyper-spectral 

mixturee models (McGwire et ai. 2000) have also been developed to aid land cover 

classifications.. However, their use in the tropical conditions is similarly limited by the 

unavailabilityy of relevant spectral libraries. Image classification algorithms based on the 

fuzzyy set theory have been successfully used to map natural land cover conditions (Wang, 

1990;; Manyara. 1994; Zang and Foody, 1998). These algorithms take into account the 

fuzzyy nature of natural land cover conditions, which in most cases are defined by but by 

poorlyy defined transitional land cover types. Fuzzy classification processes require 
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quantitativee information on the proportional composition of each class in each training 

site,, information not readily available in most cases. 

Multi-temporall  data sets, which use time as an aid in feature identification, have 

alsoo been shown to considerably improve image classification accuracy (Fuller et al. 

1994;; Miguel-Ayanz and Biging. 1997; Lunetta and Balogh, 1999). For example, the 

discriminationn of farms from natural/semi natural land can be done by analysing spectral 

patternss during planting and growing/maturing seasons, where bare/sparsely vegetated 

areass will have more or less similar spectral characteristics in both images. The high cost 

off  acquiring multi-date images limits the use of this approach in many situations. Other 

researcherss have used an integration of data from different sensors as means for 

improvingg classification accuracy. A combination of radar and optical data from Landsat-

TMM for example was used to separate bare soils from urban areas (Haack and Slonecker, 

1994;; Haack et at.. 2000). This approach is likely to receive wide applications with the 

availabilityy of satellite based radar imagery. 

Spatiall  filters have also been used as a means of improving classification accuracy 

(Atkinsonn et al, 1985). Mean or median filters can be used to reduce the spectral 

variabilityy of data before the classification process. However, image smoothing through 

filtering,, usually results into loss of boundary information. To avoid this, Atkinson et al. 

(1985)) used a combination of filtered and unfiltered bands in the classification process. 

Anotherr widely used approach for improving image classification accuracy is the 

incorporationn of ancillary data, such as elevation, slope, aspect and land use (Hutchinson, 

1982;; Satterwhite et at.. 1984; Frank, 1988; Janssen et al, 1990; Treitz and Howarth. 

2000).. Ancillary data can also be incorporated through image segmentation. 

Segmentationn improves classification accuracy by increasing the homogeneity of the data 

setss to be classified (Hill and Megier, 1988; Thunnissen et al, 1992; Johnsson, 1994). 

Imagee segmentation reduces class confusion in two ways (USDA. 1996a). First, smaller 

areass are easier to investigate and interpret. Second, dividing the image into units, which 

aree less variable in terms of their rainfall, topography or soils, reduces the "noise" in the 

signall  and hence produces more homogeneous areas in which land cover types might be 

moree easily identified. 
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3.2.22 Limitations of Standard Approaches in the Study Area 

Itt is clear from the foregoing discussion that detailed mapping of landscape characteristics 

fromm satellite based remotely sensed data is a challenging task. Mapping agricultural 

landscapes,, which are characterised by high internal heterogeneity, is even more 

challenging,, particularly within the (semi) arid areas due to some unique characteristics 

inherentt in these areas arising from both natural and socio-economic factors. For example 

thee topography, soils and vegetation in the study area are very heterogeneous, with very 

extremee variations within small areas (Figure 3.1a). The small-scale subsistence farming 

practisedd in this area creates complex landscapes, which interfere with spatial and spectral 

imagee characteristics used in the image classification process. 

Spatiall  complexities arise from a) the small average farm sizes, b) variation of 

farmm sizes space and time (farm to farm and season to season) depending on rainfall 

patterns,, c) irregularity of farm boundaries/shapes and d) the fact that farms are located 

randomly,, i.e. farms are not located with reference to any features such as roads. 

Consequently,, spatial attributes such as size, shape or location, cannot be directly applied 

ass a criterion for farm identification (Figure 3.1b). Spectrally, the agricultural landscape 

iss made complex by a) high variability of crop types grown on different fields, b) degree 

off  inter-cropping within each field, c) variability in planting dates and d) variability of 

soill  characteristics within the farms, which affect crop growth. The presence of 

homesteadss with several structures and portions of uncultivated land within the farms 

furtherr complicates the spectral signatures. Farms are also scattered, i.e. one farm is 

separatedd from other farms by tracts of (uncultivated) land (naturally bare or bare as a 

resultt of degradation or abandonment). These factors make mapping of the landscape 

extremelyy difficult. 

Thematicc accuracy (information content) in a supervised classification is set a 

prioripriori  by the analyst through the definition of the classification scheme. If this 

classificationn scheme is not exhaustive and mutually exclusive, the accuracy of the output 

wil ll  be compromised. This factor is crucial in the study area where there is high intra-

classs variability and comprehensive land cover mapping has not been previously done, 

makingg it difficult to know the exact number of classes a priori. 
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Figuree 3.1a Degraded soils on heterogeneous parent materials 

Figuree 3.1b A typical subsistence farm homestead in the study area 
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3.2.33 Towards improved classification 

Too obtain accurate classification results using supervised classification require the 

availabilityy of an exhaustive and mutually exclusive classification scheme on which the 

developmentt of statistically sound training data set can be based on. Where such a 

schemee is not available or difficult to develop, as is the case in the study area, it may not 

bee possible to produce such a training data set. This study proposes a classification 

approachh that addresses this problem by working with a more or less open classification 

schemee through an initial stage of unsupervised classification followed by a supervised 

classification.. This hybrid classification approach, which consists of a multi-stage process 

off  systematic clustering and separation of spectral classes, is described in the next 

section.. Besides allowing the discovery of new land cover classes, an open classification 

schemee gives uncommon classes an equal opportunity for being detected. With the 

proposedd approach, the problem of high inter-class spectral similarity in the study area 

shalll  be addressed by incorporating spatial information to separate spectrally similar but 

functionallyy different land cover classes. 

3.33 Methods 

Thee proposed hybrid classification method aims at maximising spectral separation to 

isolatee spectrally unique classes, which are systematically clustered and separated before 

theyy are assigned to information classes using supervised classification. To assess the 

reliabilityy of this method, the accuracy of the image produced by this method is compared 

too the accuracies of images obtained from direct applications of supervised and 

unsupervisedd classifiers. The three classification procedures are described in this section. 

Sectionn 3.3.1 describes the direct application of the unsupervised classification. 

Thiss is followed by the discussion of the application of the supervised classification 

proceduree in section 3.3.2. The hybrid method, developed in this study, is described in 

sectionn 3.3.3. Finally, the procedure for comparing the accuracies of the three 

classificationn approaches is described in section 3.3.4, 
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3.3.11 Unsupervised Classification 

Thee unsupervised classification procedure used in this study consists of five steps 

summarisedd in Figure 3.2. Details of these steps are discussed in this section. 

UNSUPERVISEDD CLASSF1CATION 

SPECTRALL CLUSTERING 

INFORMATIONN CLASS ASSIGNMENT 4 

SPECTRALL SEPARATION 

SPATIALL SEPARATION 

Final l 
Classifiedd Image 

Figuree 3.2 The unsupervised image classification process 

UnsupervisedUnsupervised Classification 

Thee ISODATA algorithm developed by Ball and Hall (1965) is used to carry out the 

unsupervisedd classification. This algorithm requires the analyst to provide guidance on 

thee number of classes expected. The exact number of land cover types in the study area is 

nott known. However, in Chapter 2 a maximum of 30 potential land cover classes was 

identifiedd in the area. Given the high internal variability in biophysical conditions, each 

off  these possible classes is likely to contain sufficient spectral variability to result in 

severall  spectral classes. A maximum of 10 spectral classes per informational class is 

assumedd and the ISODATA algorithm is instructed to produce an image with a maximum 

off  300 classes, using the six reflective Landsat-TM bands with the water bodies masked 

outt to reduce spectral variability. 
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SpectralSpectral Class Clustering 

Thee spectral classes obtained from the unsupervised classification process need to be 

matchedd and merged before land cover (information) labels are assigned to them. During 

thee fieldwork, it was observed that besides species composition, other factors such as 

physiognomicc characteristics (plant structure), the ratio of vegetated to bare surface and 

backgroundd soil characteristics, significantly modified land cover characteristics. For 

example,, similar land cover types i.e. the same vegetation species or land use types 

appearedd differently under different soils and moisture conditions or degree of maturity. 

Thesee characteristics are summarised by the brightness, greenness and wetness indices of 

thee tasselled cap (TC) transformation (Crist. 1985). The transformation reduces the 6 

non-thermall  Landsat-TM bands into 3 bands representing scene brightness, degree of 

greenness,, and wetness conditions. These indices can be used to objectively group 

spectrall  classes that are similar in these three characteristics. 

Usingg the ISODATA image average brightness, greenness and wetness values for 

aill  spectral classes over the entire image are extracted. These values are exported to SPSS 

wheree hierarchical clustering is used to group the spectral classes according to their 

similaritiess in brightness, greenness and wetness indices, using the Ward's method with 

thee Euclidean distances between the spectral classes transformed to Z-scores. 

InformationInformation Class Assignment and Spectral Separation 

AA preliminary image is created using the groupings from the clustering process. Land 

coverr classes are assigned to this image using information obtained from fieldwork and 

ancillaryy sources. Since some clusters consist of more than one land cover type, class 

assignmentt is done on the basis of the most dominant class member. Further, due to 

highh inter-class similarities in the clustering parameters some distinct spectral classes 

belongingg to different known land cover types are likely to be clustered together. Such 

classess are separated by comparing the preliminary classified land cover image to the 

ISODATAA image to identify and isolate the wrongly clustered spectral classes, which are 

re-assignedd to correct classes through spectral separation by progressively applying the 

followingg decision rules manually: 
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 Compare the misclassified spectral class in group « to the neighbouring groups 
(n-1)(n-1) and (n~I). 

 Is this class similar to either, both or neither of the neighbouring groups? 
 If it is similar to either, re-assign it to this group. 
 If it is similar to both, assign it to the group with closest average soil adjusted 

vegetationn index (SAVI) to combine sites similar in both vegetation and soil 
conditionss (Huete, 1988). 

 If the misclassified class cannot be re-assigned on the basis of SAVI or the class is 
nott similar to either the upper or lower neighbours, examine its spatial 
characteristicss (location, shape, size and adjacency) and assign it to the 
appropriatee class. 

 If none of the above rules apply, give the class a name e.g. unknown I, to be 
identifiedd in the field. 

SpatialSpatial Class Separation and Final Image Classification 

Afterr all mixed classes are separated and re-assigned it is still likely to find some groups 

consistingg of more than one information class, for examples forests and sisal plantations 

aree likely to be spectrally inseparable. Such groups are separated using spatial 

informationn such as absolute/relative location, shape, size or prior knowledge. This 

informationn is incorporated by subdividing the image into several zones on the basis of 

biophysicall  and socio-economic characteristics. Within each zone land units are manually 

assignedd to their correct land cover classes and a final classified image is produced. 

3.3.22 Supervised Classification 

Supervisedd classification requires training data to guide the classifier in assigning land 

coverr classes to individual pixels. Training data is generated from a combination of data 

fromm fieldwork and ancillary information from existing maps (topographic, vegetation, 

landd use and soils) and other published sources. Out of the 30 possible land cover types 

identifiedd in the study area (Table 2.8), 20 could be identified on the false colour 

compositee image (Figure 2.4). These classes, which comprise the classification scheme, 

aree described in Table 2.9. The supervised classification processes, summarised by Figure 

3.33 are discussed below. 

Extractionn of 
Training g 
Statistics s 

^ ^ Classification n k k 

Spatial l 
Separation n 

> > 

Figuree 3.3 Supervised classification process 
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ExtractionExtraction of Training Statistics 

Too reduce spectral variability water bodies were masked out, reducing the number of 

possiblee land cover classes to be mapped from 20 to 18 (Table 2.9). Several well-

distributedd representatives for each of the 18 classes were identified in the image. Both 

spatiall  and spectral distribution is considered in the selection of the training sites. 

Approximatelyy 200 pixels for each of these classes are digitised on screen from the false 

colourr composite image. 

Classification Classification 

Usingg the 18-class training data set, different input data (band combinations) are tested to 

identifyy the most suitable combinations for separating the various land cover classes. 

Twoo classifiers, maximum likelihood and minimum distance-to-mean, were compared in 

orderr to identify the one which provides greatest separation of information classes. The 

dataa combinations tested included: the 6 reflective bands; bands TM1, TM2. TM3; TM2, 

TM3,, TM4; TM3. TM4, TM5; TM3, TM4, TM5, TM7 and the first 4 components of the 

principall  component axis (PCA) transformation. 

a)a) Maximum Likelihood Classification 

Thee maximum likelihood classifier calculates the probability of a given pixel belonging 

too a specific class from a set of given class representatives (training data). The likelihood 

off  each pixel to belong to the different classes is computed and a pixel is assigned to the 

classs that has the highest probability i.e., the "maximum likelihood". To increase the 

probabilityy of specific classes that are popular, different prior probabilities can be 

assignedd to each class before applying the classifier. Since information on prior 

probabilitiess was not available all classes were assigned equal prior probabilities. 

h)h) Minimum-Distance-to-Meam Classification 

Thee minimum-distance-to-means classifier uses the mean vectors of each class to 

calculatee the Euclidean distance from each unknown pixel to the mean vectors of the 

knownn classes (training sites). All pixels are classified to their nearest class unless a 
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standardd deviation or distance threshold is specified, in which case some pixels may be 

unclassifiedd if they do not meet the selected criteria. No standard deviation or distance 

thresholdss were given, so all pixels were classified. To assess the effect of high spectral 

variabilityy on classification results the classifier was tested with both raw and 

standardizedd data using the same training data and band combinations as used for the 

maximumm likelihood classifier. 

SpatialSpatial Separation 

Thee process of spatial separation described in section 3.3.1 was used to remove obvious 

misclassifications,, such as forests classified as sisal or irrigation fields as acacia shrubs, 

fromm the supervised classification image. 

3-3.33 Hybrid Classification Approach 

Thee hybrid classification approach process, represented by Figure 3.4. is a combination 

off  the two approaches described above. Details of this method are described below. 

Preliminary y 
Classification n 

W W 

Extraction n 
off  Training 
Statistics s 

Final l 
Classification n 

Figuree 3.4 Hybrid image classification process 

PreliminaryPreliminary Classification 

Thee preliminary classification step involves unsupervised classification, spectral 

clustering,, information class assignment and spectral separation. A standard unsupervised 

classifier,, the ISODATA algorithm, is used for the initial spectral grouping. The resultant 

spectrall  classes are systematically clustered and spectrally separated as described in 

sectionn 3.3.1. 

ExtractionExtraction of Training Statistics 

Usingg ground truth data and the preliminary image produced by the processes described 

above,, training statistics are extracted for the appropriate classes. This approach aims at 

improvingg classification accuracy by generating purer training statistics. It is ensured at 
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thiss stage that there is a balance of ail the spectral groups forming the land cover classes 

inn the training data. 

FinalFinal Classification 

Thee final classification stage consists of two steps i.e. supervised classification and 

spatiall  separation. Using the training data generated in the previous stage, supervised 

classificationn is performed with the two classifiers i.e. maximum-likelihood and 

minimum-distance-to-means,, using different band combination to identify the most 

suitablee combinations for separating the various land cover classes. 

Spatiall  information is incorporated into the supervised classification image by 

subdividingg it into several zones and re-assigning correct classes to wrongly classified 

unitss in each zone on the basis of available ground truth information to produce the final 

classifiedd image. 

3.3.44 Evaluation of the Methods 

Inn order to assess the reliability of the developed method the accuracy of the final image 

producedd by the hybrid method is compared to those of the final images produced by the 

supervisedd and unsupervised approaches by computing and interpreting error (confusion) 

matricess as described below. 

Firstt a ground truth image, consisting of fieldwork sites with classes similar to 

thosee of the final classified image is created. This image is compared to the final 

classifiedd images using cross-tabulation. This process produces four metrics namely per 

classs producer accuracy, per class user accuracy, overall accuracy and the kappa index of 

agreementt (Congalton. 1991a). The per-class producer accuracy gives the percentages of 

correctlyy classified ground truth sites for each class. Per-class user accuracy gives the 

proportionn of correctly classified sites in the classified image for each class while the 

overalll  accuracy is a combination of the two accuracy measures. The Kappa index of 

agreementt expresses the probability that the values presented in the error matrix are 

significantlyy different than those from a random sample of equal size. 
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3.44 Results 

Resultss from the three classification approaches are presented in this section. The 

classifiedd images are evaluated by comparing them with ground truth data that consist of 

backgroundd knowledge and ancillary data to qualitatively interpret their accuracies. 

Comparisonss of statistical accuracies for the three methods are also presented. 

3.4.11 Unsupervised Classification 

Afterr 10 iterations, the 1SODATA process produced images with 98, 198 and 209 

clusterss for the band combinations TM3. TM4. TM5 and TM3. TM4. TM5, TM7 and all 

thee 6 reflective bands respectively. The image with highest spectral separation was 

selectedd for further analysis. Hierarchical clustering of the 209 spectral classes produced 

twenty-threee clusters consisting of 3-19 classes from which a preliminary classified 

imagee was created. From this image. 14 of the 18 functional land cover classes in the 

classificationn scheme could be clearly identified, either as single clusters or as a 

combinationn of several clusters as shown in Table 3.1 and Figure 3.5. Irrigation fields 

couldd be identified but did not form a distinct cluster of their own. 

Table3.11 Preliminary class assignments 

Geo-eco-nomic c 
Landscapee Facet (GLF) 
Water r 

Man-made e 

Rangee lands 

Forests s 

Wetlands s 

Landd Cover Types (LCT) 

1.. Water 

2.. Farms/Settlements 

3.. Irrigation 
4.. Sisal Plantations 
5.. Improved 
6.. Sparse Vegetation 

7.. Acacia 

8.. Mixed 

9.. Forests 
10.. Swamps 

Functionall  Land Cover Classes (FLCC) 

1.. Clear Water (0) 

2.. Muddy Water (0) 
3.. Rivers 
4.. Farms/Homesteads (12,21.22) 
5.. Sub-urban 
6.. Roads 
7.. Irrigation 
8.. Plantalions(16) 
9.. Improved (19) 
10.. Bare/Degraded (2) 
11.. Sparse Vegetation (1.20,23) 
12.. Acacia Shrubs (8) 
13.. Acacia Bushland (4,5) 
14.. Acacia Woodlands (3.17) 
15.. Mixed Bushes (6,7) 
16.. Mixed Woodlands (10) 
17.. Riparian Vegetation (9,15) 
18.. Forests (13) 
19.. Seasonal Swamps (18) 
20.. Permanent Swamps (11,14) 

N.B.. The bracketed figures represent the spectral group numbers from the hierarchical clustering 
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Fromm this image it was seen that sub-urban centres, roads and rivers did not form distinct 

classes,, they were mostly represented in clusters 3 and 9. Information overlaps are 

noticedd among some classes such as mixed vegetation, forests, sisal plantations and 

permanentt swamps. The spectral separation process reduced some of these overlaps. It 

wass not possible to separate roads, sub-urban settlements and rivers through spectral 

separation.. An additional class was introduced (class 24) to cater for the irrigation fields. 

Applyingg the spatial separation process to the preliminary image produced a final 

classifiedd image with 15 classes (water not inclusive). 

Withh this method it was possible to identify most of the sisal plantations and 

irrigationn fields correctly after the spatial separation stage. The method also allowed the 

separationn of some of the improved vegetation categories from farms/settlements and 

naturall  vegetation classes. The greatest problem of this method was in identifying 

farms/settlementss and separating the natural vegetation classes, particularly within low 

vegetationn density areas. 

Inspectionn of the error matrix produced with the 15 classes revealed that the 

mixedd vegetation category, i.e. mixed bushes, mixed woodlands and riparian vegetation, 

weree frequently interchanged, resulting into very low overall classification accuracy (< 

30%).. The same observation was made for the two swamp classes and the bare surfaces, 

sparsee vegetation and improved vegetation classes. This necessitated merging of these 

classess into three i.e. mixed vegetation, swamps and sparse vegetation respectively, 

makingg a total of 10 land cover classes. The overall accuracy and Kappa values for the 

finall  10-class image are presented in Table 3.2. 

Tablee 3.2 Accuracy values from unsupervised classification 

Inputt Data Set Overall Accuracy (%) Kappa (%) 
66 Reflective Landsat-TM Bands 41 % 31 % 

3.4,22 Supervised Classification 

Preliminaryy results, using the 18-class training data set. show that both maximum 

likelihoodd and minimum distance-to-means classifiers could not correctly classify the 

rivers,, roads and sub-urban classes. Mostly, these classes were grouped with the low-

densityy vegetation categories (bare and sparse vegetation). These classes, which could 
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alsoo not be identified by the unsupervised classifier, were eliminated and a 15 class 

trainingg data set adopted. 

Thee supervised classification process had problems in separating sisal plantations 

fromm forests and irrigation fields from acacia shrubs. This method under-estimated the 

irrigationn category. It performed relatively well in identifying the farms category. The 

performancee of this approach in discriminating natural vegetation classes was poor. 

Swampss and forests were not differentiated clearly, leading to under-representation of 

swampss and over-representation of forests. 

Forr accuracy assessment the 15 classes were merged into 10 as described in 3.4.1 

above.. Table 3.3 presents compares accuracy results from the maximum likelihood and 

minimumm distance to means classifiers using different input data sets. 

Tablee 3.3 Accuracy results for supervised classification using different data inputs 

Inputt Data 
66 Reflective Landsat-TM Bands 
TM3.TM4.TM5.. TM7 
TM3.. TM4, TM5 

Maximumm Likelihood 
Classifi i 

Overall l 
Accuracy y 

<%) ) 
49 9 
45 5 
43 3 

;r r 

Kappa a 

(%) ) 
36 6 
36 6 
34 4 

Minimumm Distance to 
Meanss Classifier 

Overall l 
Accuracy y 

(%) ) 
36 6 
34 4 
34 4 

Kappa a 

(%) (%) 
24 4 
24 4 
24 4 

Thee maximum likelihood classifier consistently produced better results than the 

minimumm distance-to-means with all input data. The 6-band input data combination 

producedd the highest overall accuracy and highest per class producer accuracy for farms 

andd settlements of 59% compared to 49% and 51% for the 4 and 3 band input data, 

respectively.. However, the producer accuracies for the other land use categories (sisal 

andd irrigation) were very low (<25%) for the 6 TM bands data input. 

3.4.33 Hybrid Classification 

Somee of the information overlaps between classes after the spectral clustering were 

eliminatedd by through spectral separation. For example, it was possible to separate 

forests,, swamps and sisal plantations, some farms and settlements, etc. However, it was 

nott possible to separate roads, sub-urban settlements and rivers using this process. After 

introducingg a new class to cater for irrigation, training statistics for 15 land cover classes 



weree extracted which were used for supervised classification. The spatial separation 

processs produced a 15-class final classified image. 

Thiss method performed well in identifying farms/settlements and the plantations. 

Itt performed poorly in discriminating the irrigation fields by not being able to pick them 

whilee it over-estimated the improved vegetation class. Natural vegetation classes, 

particularlyy the mixed vegetation category, were also poorly discriminated. The forests 

andd swamps categories were relatively well discriminated. 

Accuracyy results comparing the maximum likelihood and the minimum distance 

too means classifiers using the hybrid classification approach after merging the classes to 

100 as described above are presented in Table 3.4 for different input data. 

Tablee 3.4 Accuracy results for the hybrid method using different input data 

Inputt Data 
66 Reflective Landsat-TM Bands 
TM3.. TM4. TM5. TM7 
TM3.. TM4. TM5 

Maximum m Likelihood d 
Classifier r 

Overall l 
Accuracy y 

(%) ) 
49 9 
47 7 
41 1 

Kappa a 

(%) ) 
38 8 
38 8 
31 1 

Minimumm Distance to 
Meanss Classifier 

Overall l 
Accuracy y 

(%) ) 
36 6 
33 3 
33 3 

Kappa a 
(%) ) 
26 6 
22 2 
23 3 

Thee highest accuracies i.e. overall accuracy and kappa index of agreement were 

obtainedd from all the six reflective bands using the maximum likelihood classifier. 

However,, the four bands, i.e. TM3. TM4, TM5 and TM7, input data set had higher 

producerr accuracy for farms and settlements at 56% compared to 50% with the 6 bands. 

Thee four bands result was retained for further analysis since the emphasis in the research 

wass on the identification of land use classes, particularly of farms and settlements 

3.4.44 Methods Evaluation Results 

Accuracyy evaluation results are presented in two forms. First, contingency tables for 

statisticall  accuracy assessments for the three methods are presented. This is followed by a 

comparisonn of the per-class producer accuracies for the three approaches. 
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a)a) Unsupervised Classification 

Thiss method produced an overall of 32% and an overall kappa of 31%. The details of this 

assessmentt are summarised in Table 3.5 below. It can be seen from this table that this 

methodd had poor producer accuracies for most classes with the lowest being 0% for 

AcaciaAcacia Woodlands, followed by irrigation (25%). Acacia Bush (30) and Swamps (33%). 

Thee user accuracies for these classes, apart from irrigation, were also very low. These 

resultss are consistent with the visual interpretation of the classified images. 

Tabicc 3.5 Error matrix for unsupervised classification 

Userr Accuracy 
1 2 3 4 5 6 7 8 9 1 00 Total {%) 

Farmss & Settlements (1) 
Irrigationn (2) 
Sisall  (3) 
Sparse/Baree (4) 
Acaciaa Shrub (5) 
Acaciaa Bush (6) 
Acaciaa Woodlands (7) 
Mixedd (8) 
Forestt (9) 
Swampss (10) 
Total l 
Producerr Accuracy (%) 

16 6 
0 0 
0 0 

21 1 
1 1 
6 6 
1 1 
3 3 
1 1 
1 1 

50 0 
32 2 

0 0 
4 4 
0 0 
6 6 
2 2 
2 2 
1 1 
1 1 
0 0 
0 0 

16 6 
25 5 

0 0 
0 0 
6 6 
4 4 
0 0 
I I 
0 0 
2 2 
1 1 
0 0 

14 4 
43 3 

5 5 
0 0 
0 0 

23 3 
2 2 
2 2 
3 3 
4 4 
0 0 
t t 

40 0 
58 8 

0 0 
0 0 
0 0 
t t 
6 6 
3 3 
0 0 
0 0 
0 0 
0 0 

10 0 
60 0 

2 2 
0 0 
0 0 
2 2 
5 5 
6 6 
3 3 
2 2 
0 0 
0 0 

20 0 
30 0 

0 0 
0 0 
0 0 
3 3 
2 2 
j j 

0 0 
0 0 
1 1 
0 0 
y y 
0 0 

8 8 
0 0 
0 0 
4 4 
6 6 
3 3 
0 0 

20 0 
4 4 
0 0 

45 5 
44 4 

0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
1 1 
6 6 
0 0 
7 7 

86 6 

1 1 
0 0 
0 0 
2 2 
0 0 
0 0 
0 0 
4 4 
1 1 
4 4 

12 2 
33 3 

32 2 
4 4 
6 6 

66 6 
24 4 
26 6 
8 8 

37 7 
14 4 
6 6 

Hi Hi 

Kappaa 31% 

h)h) Supervised Classification 

Thee error matrix for thee supervised classification approach is presented in Table 3.6. 

Tablee 3.6 Error matrix supervised classification 

Farmss & Settlements (1) 
Irrigationn (2) 
Sisall  (3) 
Sparse/Baree (4) 
Acaciaa Shrub (5) 
Acaciaa Bush (6) 
Acaciaa Woodland (7) 
Mixedd (8) 
Forestt (9) 
Swampss (10) 
Total l 
P.. Accuracy (%) 

1 1 
26 6 
0 0 
1 1 

13 3 
0 0 
3 3 
1 1 
5 5 
0 0 
1 1 

50 0 
52 2 

2 2 
1 1 
4 4 
0 0 
6 6 
0 0 
0 0 
2 2 
2 2 
0 0 
1 1 

16 6 
25 5 

3 3 
0 0 
0 0 
8 8 
1 1 
0 0 
0 0 
0 0 
2 2 
0 0 
3 3 

14 4 
57 7 

4 4 
7 7 
0 0 
0 0 

14 4 
1 1 
0 0 
9 9 
8 8 
0 0 
I I 

40 0 
35 5 

5 5 
0 0 
0 0 
0 0 
2 2 
2 2 
4 4 
1 1 
1 1 
0 0 
0 0 

10 0 
20 0 

6 6 
1 1 
0 0 
0 0 
6 6 
1 1 
6 6 
4 4 
2 2 
0 0 
0 0 

20 0 
30 0 

7 7 
0 0 
0 0 
0 0 
3 3 
1 1 
2 2 
1 1 
2 2 
0 0 
0 0 
9 9 

11 1 

8 8 
4 4 
0 0 
I I 
3 3 
0 0 
1 1 
5 5 

30 0 
1 1 
0 0 

45 5 
67 7 

9 9 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
3 3 
4 4 
0 0 
7 7 

57 7 

10 0 
2 2 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
3 3 
1 1 
6 6 

12 2 
50 0 

Total l 
41 1 
4 4 

10 0 
48 8 
5 5 

16 6 
23 3 
58 8 
6 6 

12 2 
223 3 

User r 
{%) ) 

Accuracy y 

63 3 
100 0 
80 0 
29 9 
40 0 
38 8 
4 4 
52 2 
67 7 
50 0 

45 5 
Kappaa Index = 36% 
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Thiss method had very low producer accuracies for the Acacias, sparse vegetation/bare 

surfacess and irrigation classes (below 40%). Most of these classes had equally low user 

accuracies,, with the Acacia Woodlands having the lowest (4%). Farms, mixed vegetation, 

forestss and swamps had producer accuracies of over 50%. User accuracies for these 

classess were high, with irrigation and sisal scoring higher than 80%. 

c)c) Hybrid Classification 

Thiss method had an overall accuracy of 47% (Table 3.4) and an overall kappa of 38%. 

Thee lowest producer accuracies were for the Acacias. 22% Woodlands and 25% for 

AcaciaAcacia Bush. 

Tablee 3.7 Error matrix hybrid classification 

Farmss & Settlements (1) 
Irrigationn (2) 
Sisall  (3) 
Sparse/Baree (4) 
Acaciaa Shrub (5) 
Acaciaa Bush (6) 
Acaciaa Woodlands (7) 
Mixedd (8) 
Forestt (9) 
Swampss (10) 
Total l 
P.. Accuracy (%) 

1 1 
28 8 

1 1 
I I 
8 8 
1 1 
3 3 
2 2 
6 6 
0 0 
0 0 

50 0 
56 6 

2 2 
1 1 
5 5 
0 0 
2 2 
0 0 
0 0 
6 6 
2 2 
0 0 
0 0 

16 6 
31 1 

3 3 
0 0 
0 0 
8 8 
4 4 
0 0 
0 0 
0 0 
1 1 
1 1 
0 0 

14 4 
57 7 

4 4 
2 2 
0 0 
0 0 

22 2 
1 1 
1 1 
7 7 
5 5 
1 1 
1 1 

40 0 
55 5 

5 5 
0 0 
0 0 
0 0 
0 0 
3 3 
4 4 
I I 
2 2 
0 0 
0 0 

10 0 
30 0 

6 6 
2 2 
0 0 
0 0 
4 4 
4 4 
5 5 
1 1 
4 4 
0 0 
0 0 

20 0 
25 5 

7 7 
1 1 
0 0 
0 0 
0 0 
2 2 
2 2 
2 2 
2 2 
0 0 
0 0 
9 9 

11 11 
Kappaa 38% 

8 8 
7 7 
0 0 
0 0 
5 5 
2 2 
3 3 
0 0 

25 5 
3 3 
0 0 

45 5 
56 6 

9 9 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
3 3 
4 4 
0 0 
7 7 

57 7 

10 0 
0 0 
0 0 
0 0 
3 3 
0 0 
0 0 
0 0 
4 4 
2 2 
3 3 

12 2 
25 5 

Total l 
41 1 
6 6 
9 9 

48 8 
13 3 
18 8 
19 9 
54 4 
11 1 
4 4 

223 3 

User r 
Accuracy y 

(%) ) 
68 8 
S3 3 
89 9 
46 6 
23 3 
28 8 
11 1 
46 6 
36 6 
75 5 
100 0 
47 7 

d)d) Accuracy Comparisons 

Figuree 3.6 presents a comparison of producer accuracies for different classes for the three 

methodss using 4 bands (TM3. TM4, TM5 and TM7). 
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Unsupervised d 
Supervised d 
Hybrid d 

1.. Farm/Settlements 
2.. Irrigation 
3.. Sisal Plantations 
4.. Sparse Veg./Bare 
5.. Acacia Shrubs 
6.. Acacia Bush 
7.. Acacia 
Woodlands s 
8.. Mixed 
9.. Montane Forests 
10.. Swamps 

Figuree 3.6 Comparison of per-class producer accuracies 

Generally,, the relative user accuracies are consistent with the overall accuracies, with the 

hybridd method performing relatively better than the other two methods. However, it 

appearss that the supervised classification approach had exceptionally higher producer 

accuracyy for forests and a very low accuracy value for Acacia Woodlands. 

3.55 Discussion 

Inn this chapter a classification method for identifying land cover types in a complex 

landscapee was developed and its accuracy compared to standard classification 

approaches.. The method developed, which combines supervised and unsupervised 

classificationn approaches through systematic process of clustering and separating spectral 

classes,, produced slightly better results than the direct application of supervised 

classificationn techniques, both in terms of ability to discriminate land cover types and 

statisticall  accuracy. However, the overall accuracy value of this method is still low 

(<50%).. The classification accuracy improved with the reduction of the number of land 

coverr classes and some classes always have higher accuracies than others regardless of 

thee approach used. In order to understand the possible explanations to these observations 

itt is necessary to explain the automatic image classification process. 

Per-Classs Producer Accuracies 
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Automaticc image classification entails four distinct processes involving a detector, image 

processingg software and the analyst. The first step is the detection i.e. the processes 

throughh which the sensor picks information from the earth's surface and the ability of the 

processingg software to distinguish the presence or absence of information in the image. 

Detectionn is followed by recognition where, with the aid of the software, the analyst 

noticess the presence of objects. Next the analyst identifies the recognised objects i.e. 

assignss informational classes to the objects. The final and probably the most challenging 

taskk in the classification process is the separation of all representatives of the identified 

objectss in the entire image. The quality of classification i.e. accuracy and precision 

dependss on the extent to which all the four processes are completed. Accuracy is a 

measuree of correctness or agreement between the classified image and the true ground 

characteristics.. Precision on the other hand defines the level of detail presented in the 

classifiedd image (Campbell. 1987). The objective in a classification exercise is to attain 

bothh high precision (as many classes as possible) and a high accuracy. In general, 

increasingg precision tends to lower accuracy and vice versa. The classification results are 

discussedd in relation to these issues. 

3.5.11 Land Cover Class Discrimination 

Thee unsupervised classification procedure, more or less, discriminated all the 18 land 

coverr classes i.e. representatives of each could be identified. However, the classifier 

tendedd to group some functionally different classes together. This classifier also classified 

somee functionally similar classes as different. Attempts to separate such classes using 

spectrall  separation techniques were tedious and rather subjective. From image 

interpretationn point of view, this method discriminated most of the land cover types well, 

particularlyy large area categories such as plantations and forests but was very poor in 

separatingg smaller categories such as farms/settlements. The method discriminated the 

naturall  vegetation classes fairly well. 

Initiall  application of the supervised classification method using the 18 classes 

identifiedd during the field campaign produced poor results with most of the classes 

overlapping.. Obvious misclassifications, mostly involving interchanging of specific 

classes,, were noticed on inspecting the classified image. This was possibly caused by two 
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closelyy related facts. First, most of the training sites were not pure i.e. they contained 

mixedd classes. Second, many of the land cover types possessed similar spectral 

characteristics.. For example, the spectral characteristics of sisal plantations at different 

stagess could be similar to those of sparse vegetation/bare surfaces, farms/settlements, 

irrigationn fields, forests, or swamps. Consequently, increasing the numbers and 

representationn of training sites for different land cover classes would likely create more 

confusionn and thus degrade the classification further. 

Withh the hybrid approach, the more precise detection facilitated by giving the 

classifierr a free hand to identify all possible spectrally unique classes is enhanced by 

lettingg the supervised classifier to objectively and rapidly do the final class assignment. 

Withh this approach, it was possible for the classifier to isolate the high intra-class spectral 

dissimilaritiess without any constraints of grouping them together while at the same time 

exploringg the heterogeneity characterising the landscape. The approach also gives unique 

andd proportionately scarcely represented classes a high chance of being discovered. 

Afterr applying the spatial separation, the large-unit size land cover types such as 

irrigation,, sisal and forests, appeared to be accurately classified. The same conclusion 

cannott be drawn for farms and settlements. However, when the general trends in the 

distributionn of settlement centres in the classified images are compared to the available 

populationn data, i.e. the 1999 population density per sub-location (Kenya, 2000). there 

seemss to be a positive relationship between the two data sets, implying that this class is 

alsoo accurately classified. The classification of the natural vegetation classes also 

comparee well with the existing vegetation map by Herlocker (1994), with more 

settlementss occurring within areas originally covered by mixed vegetation than in areas 

dominatedd by acacias only. 

3.5.22 Accuracy Assessment 

Thee answer to the question of how accurate is a classified image is as elusive as it is 

important.. The validity of accuracy assessment values from statistical approaches relies 

onn some crucial assumptions, such as a) the training sites are a true representative of the 

studyy area, b) there is a perfect co-registration between the ground truth data and the 

classifiedd image and c) there are no errors in the ground truth data (Verbyla and 
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Hammond,, 1995; Foody, 2001), assumptions which in practice are not easy to fulfil . 

However,, it is imperative that the accuracy of classification results is evaluated. In this 

sectionn the accuracy of the final image is discussed in relation to these difficulties. 

Thee three methods produced results with relatively low statistical accuracies. This 

iss a common problem in mapping subsistence agricultural areas (see for example Justice 

andd Townshend. 1982; Lo. 1986; Oetter. et al. 2000) particularly within semi-arid areas 

(Adeniyii  1985) for which overall accuracies below 40% have been reported and equally 

loww producer accuracies for specific classes attained. However, when the accuracies of 

specificc classes are considered most classes have reasonably high accuracies. Further, on 

examiningg the classified images it appears that the stated accuracies are lower than the 

actuall  result. This can be explained from three interrelated facts. 

First,, the statistical error analysis used is based on points (single pixels) rather 

thann areas. Due to high heterogeneity of the area, the randomly selected test points may 

falll  within a wrong class due to local land cover variations. Verbyla and Hammond 

(1995)) refer to this problem as arising from both positional and minimum mapping unit 

errors. . 

Second,, owing to the inadequate a priori  information on the exact nature of the 

landd cover classes, the number of points used in the assessment is low since some classes 

hadd to be split into two. With a low number of points, as is the case in this study, a single 

pointt carries a very high percentage. Consequently, if such a point falls on the wrong 

coverr type, due to the first problem, the accuracy value rapidly degrades. 

Third,, there is likelihood that there are errors in the reference data, which can 

arisee from two possible sources. Firstly, is the possibility of wrong class assignment due 

too incorrect interpretation. This is likely for the natural vegetation, particularly within the 

transitionn zones. Secondly, incorrect classes may occur as a result of land cover changes 

thatt occurred in between the satellite image acquisition and the ground-truth data 

collection.. In the study area, frequent land cover changes are common due to, among 

otherr reasons, tree harvesting, changes in moisture availability, abandonment or 

establishmentt of farms/settlements, etc. Considering the time lag between imaging date 

andd field campaigns, such possibilities cannot be ruled out. Indeed, the large number of 

farmss and settlements misclassified as bare/degraded/deciduous woodlands (Table 3.3). 
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pointss towards this problem. In the same context, un-watered irrigated fields, particularly 

thosee found outside the formal irrigation schemes, can easily be classified as rain-fed 

farms. . 

Overall,, the natural vegetation classes, the swamps and the irrigation fields had 

thee lowest producer accuracies, which can be explained by their highly variable reflection 

inn relation to moisture conditions. Merging all the acacia classes plus the 'sparse 

vegetation**  category improved the overall accuracy to 58% and the Kappa index of 

agreementt to 43%. It appears that the accuracies of swamps and irrigation could be 

improvedd by increasing the number of field validation sites, which may result in higher 

overalll  accuracies. This is based on the fact that these two land cover types are, strictly 

speaking,, large in size and at more or less known locations. 

3.6.. Conclusions 

Too get land cover information relevant to both environmental and economic planning and 

managementt of an agrarian landscape in a semi arid area requires a detailed and accurate 

landd cover classification, preferably Level IV of the FAO Land Cover Classification 

Systemm (Di Gregorio and Jansen, 2000). A classifier that allows the incorporation of 

manyy classes (high precision) to cater for the heterogeneity inherent in such landscapes is 

aa prerequisite. This study has shown that in such situations the use of supervised 

classificationn techniques can be problematic. The high spectral variability within the 

trainingg data creates classification confusions. To minimise such confusions, many 

trainingg sites are required which may require large amounts of economic and human 

resources.. Further, the initial class number limitation imposed by supervised classifiers 

eliminatess the chances of discovering new classes when mapping highly diverse 

landscapess with little or no previous land cover information. In such circumstances, a 

hybridd method such as that developed in this study gives better results. The quality of the 

finall  result depends on how effective the spectral and spatial separation processes can be 

carriedd out. With effective separating procedures, land cover details in complex areas 

suchh as the study area can be mapped. However, the method developed failed to separate 

somee important classes such as the built-up areas consisting of roads, and 

farms/homesteadss sub-urban settlements. 
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Thee results show a low overall accuracy. However, the user and producer accuracies for 

thee settlements, which will be analysed in greater detail in the proceeding chapters, were 

relativelyy higher at 68% and 56%. Considering the complex nature of the farms and the 

factt that some of the farms are not 100 % farms, i.e. they have some patches of natural 

vegetationn or are left fallow during some seasons, this accuracy is considered acceptable 

forr further use of the results. It is also noted that there are many functional classes, 

particularlyy farms/settlements, irrigation fields and plantations that were clearly identified 

butt it was not possible to separate them. It is therefore concluded that with more powerful 

softwaree there is a great likelihood that the accuracies will improve. This conclusion is 

basedd on the fact that such a system will separate more functional classes hence provide 

moree robust training statistics. 

Thee accuracy of these results can be improved in three ways. First, the fieldwork 

forr obtaining the training statistics should be carried out after the preliminary image 

analysiss to enable the selection of more representative training data. This will also 

facilitatee a more accurate definition of classes and the incorporation of unique classes. 

Second,, a larger sample of ground truth data is required. This should be obtained after the 

classificationn process. Finally, incorporation of other data types such as radar imagery, 

whichh will introduce some spatial information, is likely to improve the classification 

accuracy. . 

Overall,, it is concluded that information of the desired level of detail is available 

fromm the Landsat-TM sensor. Most of this information could be detected and recognised 

byy the relatively simple and readily available image processing software used for the 

study.. The limiting factor for the accurate classification of the area into precise land 

coverr types is the inability of the software to isolate some of the land cover types due to 

theirr closeness in spectral characteristics. A finer spatial separation resolution provides a 

possiblee remedy for this problem. It is also clear from the results that the statistical 

accuracyy will improve if more ground truth sites are used. 
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