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Abstract

Remote sensing and geographic information systems can be used as tools for decision  

making in ecosystem-based management  making cost-effective studies possible for large  

and remote areas. The study case region of the Rwenzori mountains in sout-wetern Uganda  

has been subject to growing pressures on its natural resources, with the most crucial being  

population growth. The land-cover has notable influences on the ecosystems particularly  

when dealing with soil  erosion.  The supervised classification produced a  more precise  

land-cover  representation  when  compared  to  the  unsupervised  classification  methods,  

estimating deforestation rates at 30% between 2001 and 2010. The majority of this land was  

converted to land with agricultural functions.

Key  words :  remote  sensing,  unsupervised  –  supervised  classification,  land-cover,  change 

detection, 
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1. Introduction

1. Introduction

1.1. Remote Sensing for land-cover mapping

Remote sensing (RS) and geographic  information systems (GIS)  are used as tools  for 

decision making in ecosystem-based management [Sample 1994]. The main advantages of these 

techniques are the spatial and temporal resolution making cost-effective studies possible for large 

and remote areas  [Miller  & Rogan 2007].  RS is a source of  data for  updated,  consistent  and 

spatially  explicit  biomass  assessment  and  its  dynamics,  especially  in  areas  with  limited 

accessibility  [Avitabile,Baccini,Friedl & Schmullius 2012]. Integrating GIS and RS brings another 

set of advantages including data up-scaling and consistent and objective database creation. Stoms 

and Estes [1993] notes that RS has been used since the 1970s and the most common ecological 

application for which they are used in combination with GIS is for mapping land-cover and land 

use. A scheme of the general procedure for a land-cover classification is represented in Figure 1.

9
Figure 1: General procedure for land-cover  

classification.
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This procedure can be modified depending on the objectives, the region and the context 

that is being analysed. The downloaded images are given in digital number (DN) values between 0 

and  255  per  pixel  and  per  band  [USGS 2012].  According  to  Groeneveld  and  Baugh  [2007], 

processing from Digital Number (DN) to Top of Atmosphere (ToA) reflectance, reduces between-

scene variability by taking into account sensor gains and offsets, solar irradiation, and solar zenith 

angle. 

Certain USGS Landsat 5 and 7 images are provided with a Standard Terrain Correction 

(Level 1T) which means systematic radiometric and geometric accuracy by incorporating ground 

control  points  while  employing  a  Digital  Elevation  Model  (DEM)  for  topographic  accuracy. 

Systematic  Terrain  Correction  (Level  1Gt)  provides  systematic,  radiometric,  and  geometric 

accuracy,  as  well  as  using  a  DEM  for  topographic  accuracy  and  the  Systematic  Correction 

(Level1G) only provides radiometric and geometric accuracy which is derived from data collected 

by the sensor [USGS 2012]. 

According  to  Zhang  [2011],  topographic  correction  does  not  significantly  improve 

classification results except for in very rugged terrain.

Atmospheric gases and aerosols scatter and absorb parts of the electromagnetic radiation 

signals collected by the satellites [Song et al. 2001]. This phenomena is difficult to characterize due 

to its variation in  time and space which in  turn makes it  difficult  to  normalize satellite  images 

[Kaufman 1993].

Contrary  to  expectations,  the  more  complicated  algorithms,  intended  to  reduce  the 

atmosphere disturbance, do not necessarily lead to improved performance of classification and 

change detection  [Song et al. 2001]. In applications where the training data and the data to be 

classified are in the same relative scale, atmospheric correction is unnecessary [Song et al. 2001].

After selection of remotely-sensed scenes and certain adjustments, they can be used as 

primary data for a wide range of applications. One of the most common are land-use and land-

cover classifications [Aplin 2004]. The former being the human purpose or intent applied to these 

attributes and the latter, the biophysical attributes of the earth's surface [Lambin 2001].

Land-cover  is  a  fundamental  variable  that  links  the  physical  environment  with  human 
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activities  [Foody 2002]. Land-cover change is regarded as the most important variable of global 

change affecting ecological systems [Vitousek 1994]. It has been observed that land-cover change 

has significant effects on basic processes such as bio-geochemical cycling and global warming 

[Penner 1994]. It also has important effects on biodiversity [Chapin et al. 2000], soil erosion, and 

sustainable  land  use  [Douglas  1999].  In  the  tropics,  land-cover  change  has  been  driven  by 

agricultural  practices,  population  growth,  massive  infrastructure  development  and  weak 

environmental policies [Geist & Lambin 2002]

One way to assess landscape degradation and land-cover change is to study the spatial 

heterogeneity  of  the  landscape.  Ludwig  et  al.  [1996] note  that  when  an  increase  in  spatial 

heterogeneity is observed, the landscape is evolving from a state of equilibrium to a state of non-

equilibrium and can be said to have become ‘dysfunctional’. Different methods exist to assess this 

heterogeneity.  Tanser and Palmer [1999] assessed heterogeneity and the relationship it had with 

the degradation of an ecosystem by calculating a MSDI (Moving Standard Deviation Index). This 

index represented the heterogeneity (thus degradation) across the image.  Figure 2 depicts the 

relationship between spatial heterogeneity and level of landscape disturbance [Lambin 2001].

11

Figure 2: Sketch of the expected relationship between the level of  
landscape disturbance and the spatial heterogeneity of the  

landscape measured on spatial data at a spatial resolution of a  
few dozen meters [Lambin 2001].
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1.2. Objectives

The goal of this research paper was to produce the best possible land-cover map of a 

certain study area (Rwenzori Region, Uganda) for the year 2001 and 2010, to enable the creation 

of decision making tools for an ecosystem-based management project. Different parameters were 

taken into account to obtain the best possible maps considering the context and the availability of 

information.

The 2 most common land-cover classification methods (unsupervised and supervised) were 

performed and compared.  An accuracy assessment  was then conducted to propose the most 

faithful land-cover classification method and map. 

Land-cover  change and class  conversion over  the  9  year  span was also  discussed to 

underline some key concepts in ecosystem-based management. The land-cover map will then be 

used as a multi-purpose GIS layer for analyses, such as soil erosion risk calculations and natural 

resource planning and management.

1.3. Afromaison – Uganda study case

The Ecosystems Management Research Group (ECOBE) of the University of Antwerp is 

working in partnership with the Mountains of the Moon University in Uganda on the Afromaison 

project, financed by the 7th Framework Program of the European Union.

The  goal  of  Afromaison  is  to  provide  a  holistic  toolbox  and  operational  framework  for 

Integrated Natural Resources Management (INRM). 

Natural resources used in an unsustainable fashion have repercussions on the environment 

and thus on the human populations within.  Ecosystem-based management attempts to balance 

the human exploitation of ecosystem services while preserving its natural functions [Pirot,P.J. & D. 

2000]. 

This  particular  case  study  focuses  on  finding  different  solutions for  improved  soil 
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management  and  ecosystem  integrity.  This  can  be  accomplished  by  proposing  incentives  to 

farmers or landowners in exchange for managing their land to provide ecological services.

The Rwenzori region covers an area of 13,970 km² in the south-west of Uganda. The study 

area is traced in red in figure 3. This region is flanked by four protected national parks; the Kibale, 

Rwenzori, Queen Elizabeth and the Virunga National Park [D'Haeyer 2012].

1.3.1. Climate

The region has a tropical bimodal climate where there exists a wide variation of climatic 

conditions such as wet lowland, mountain and alpine forest and dry savannah  [D'Haeyer 2012]. 

The precipitation  follows  a bimodal  regime with  a  rainy season from March to May and from 

September to November with a cumulated rain total between 800 and 1450 mm depending on the 

region [Krief et al. 2005]. The yearly temperature means vary between 15.5 and 23.7°C [Hartter & 

13

Figure 3: Outline of the study area on the map of Uganda National Parks.  Source : The  
SafariCo.
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Southworth 2009].

1.3.2. Topography

The altitude of  the  region  varies  from 900m in  the South  where the grasslands occur 

beneath Lake George, to 1500m in the north, at the town of Fort Portal, all the way up to 5000m at 

the  Margherita  Peak  in  the  Rwenzori  mountains  [Chapman  &  Chapman  1997  ;  Hartter  & 

Southworth  2009].  The  steeper  landscapes  are  more  prone  to  soil  detachment/loss  by  water 

erosion thus the importance of a Digital Elevation Model (DEM) in the Soil Loss equation [Renard 

et al. 1996].

1.3.3. Land-cover and conversion

The 2 major pristine, natural ecosystems found in the study case are forests and wetlands. 

Their functions, services, benefits and attributes are summarized in table 1.

On the African continent, an estimated 3.4 million ha of forest were cleared over the last 

decade, representing 4.8% of the African forest biome area [FAO 2010]. 

In  Uganda,  an estimated 881,000  ha of  forest  land were cleared in  the  10 year  span 

14

Functions and services Benefits and attributes

Forest

micro-climate stabilization carbon dioxide removal
carbon and nutrient uptake and storage fuel products
soil and watershed protection timber and non-timber products
energy storage wildlife resources

biodiversity conservation

Wetlands

flood control, medicinal and biomedical products
pollutant filtration, water supply
groundwater recharge, pollution clean up
water quality and volume, fish nurseries and fisheries products
habitat for a huge range of biodiversity forage products

agricultural products
transport

Biome

Table 1: Ecosystem functions, services, benefits and attributes, [Ripl 1995 ;  Pirot et al. 2000 ; 
Hartter & Ryan 2010].
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representing 22.7% of the national biome area. By 2000, the country was left with about 2,988,000 

ha of forest  [FAO 2010].  The general tendency across the country is a transition from forest to 

agricultural land, be they tea plantations, familial agriculture or tree plantations  [Mulley & Unruh 

2004].

Table 2 gives a brief description of the main vegetation types encountered in the study area 

as well as the most common types of species. 

Large portions of forest land have also been converted to national parks.  Before Kibale 

became a national park in 1993, it was logged at variable intensities between the 1950s until 1975 

[Hartter & Southworth 2009].

Wetlands are also being exploited and degraded for different uses. These land conversions 

are met with little resistance from the government authorities. However local population resistance 

has been witnessed since the wetlands are one of the only remaining natural resources that can be 

legally harvested for building materials, firewood, and fish products [Dessie & Erkossa 2011]. With 

increased pressures from population growth and strict regulations in the national parks, the limited 

resources outside these parks are prone to intensified human exploitation. 

15

Table 2: Main vegetation types with common species encountered.

Vegetation Type Major Species
Canopy Source

Wetlands

Transitional Forest
Acanthus

Wood plots

Understory
Tropical High Forest 

(THF) -  Parinari 
forest

Parinari excelsa Mimulopsis solmsii
[Sekercioglu 2002]Celtis durandii Palisota schweinfurthii

Markhamia platycalyx

Biotic Acacia 
wooded grassland

Acacia senegal var. senegal 

Themeda triandra grass 
Combretaceae family 

species
[Kindt & Graudal 2011]

Acacia gerrardii 
Acacia hockii 
Carissa edulis 

Dodonaea viscosa 
Euclea divinorum
Cyperus papyrus

[Saundry 2011]
Pennesitium purpureum
Diospyros abyssinica

[Sekercioglu 2002]Markhamia platycalyx Mimulopsis spp.
Celtis durandii

Eucalyptus grandis Achyranthes aspera
[Sekercioglu 2002]Pinus caribea Pollia condensate

Grevilla robusta Pteridium aquilinium
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According to Mulley and Unruh [2004] and Majaliwa et al. [2010], between 1955-2001, the 

region around the Kibale National Park has witnessed an increase of tea plantations attracted by 

the marketing value and the favourable growing conditions. The majority of the tea grown is black 

tea, with average plot sizes of 1.48 ha (2005) [UBOS 2007]. The vast majority of the wood plots in 

the study area are planted with Eucalyptus grandis species [Hartter & Southworth 2009]. Another 

regional  tendency  is  the  positive  correlation  between  the  surface  dedicated  to  tea  and  to 

eucalyptus plots. Eucalyptus is the the preferred fuel wood for drying tea leaves [Mulley & Unruh 

2004], for domestic energy purposes and for curing tobacco  [ICRAF 2012]. Although it is a low 

density wood, it is compensated by high yields [SPGS 2009]. The common rotation for fuel wood 

and pole production is 2-6 years and 10-15 years for sawing timber [SPGS 2009].

The principal subsistence crops that are grown in the area are maize (85%), beans (80%), 

cassava (75%), plantain (73%), sweet potato (47%), coffee (41%), millet and sorghum, with the 

percentages representing the proportion of households cultivating the species. About 55% of the 

crops are annual, harvested in January - February and July - August, which increases the pressure 

on the soil resource. The average plot size of 66% of households in 2005 varied between 400m² 

and 3640m² [UBOS 2007].

1.3.4. Pressures on ecosystems

This region and its ecosystems are subject to growing pressures from several sources with 

the most crucial being population growth. Uganda's population was estimated at more than 35 

million in July 2012 and has one of the highest growth rates in the world at 3.52% per year [CIA 

2012]. 

With 78.8% of  all  Ugandan households  involved in  agriculture,  land is  key for  survival 

[USGS 2012].  According to  [Eilu 2006;  Hartter,Ryan,Southworth & Chapman 2011] in the area 

surrounding the Kibale National Park, 95% of the population (mainly Batoro and Bakiga tribes) live 

on  agricultural  activities.  Not  only  are  natural  lands  being  cultivated,  but  poor  agricultural 

techniques are being used as well as cultivation on hill slopes. All of these factors potentially lead 

to increased risk of soil erosion. 
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Inappropriate policies, such as the agriculture policy of modernization, implicitly encourages 

mono-cultural  and  agrochemical-intensive  farming  systems  that  contribute  to  loss  of  genetic 

diversity through over-specialization and pollution of sub-soil ecosystems. 

1.3.4.a. Effect on soil properties.

The local land-use and land-cover has notable influences on the ecosystems particularly 

when dealing with soil erosion [Douglas 1999]. For example the greater the forest canopy cover, 

the lesser the soil erosion especially in regions with steep slopes  [Lopez et al. 1998]. Lowland 

forests and papyrus marshes tend to generate no erosion in valley bottoms [Lufafa et al. 2003]. It is 

certain  that  canopy  cover  is  essential  in  soil  erosion  control,  but  Majaliwa  et  al.  [2010] 

demonstrated that ground cover is as important if not more. 

Majaliwa et  al.  [2010] demonstrated that  tea and eucalyptus  soil  plots  had higher  bulk 

densities, and lower saturated, hydraulic conductivity (Ksat) values than natural forest covers in the 

0-15cm and 15-30cm horizons. The higher the Ksat value, the higher the infiltration, the lower the 

water run-off and thus the lower risk for soil erosion to occur. Although the tea plots have a thick 

ground cover they are bare every 3 to 4 years due to complete pruning.  The same goes for 

eucalyptus plots during harvest and regrowth.

17
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2.1. Image selection

The use of Landsat data for large-area analysis has become increasingly practical with the 

free distribution of its 40 year global coverage  [Avitabile et al. 2012]. Satellite images from the 

Landsat  5  Thematic  Mapper  (TM)  and  Landsat  7  Enhanced  Thematic  Mapper  Plus  (ETM+) 

campaigns were obtained from the online US Geological Survey database free of charge [USGS 

2012]. The latter is one of the main reasons that these images are being used so frequently.

Some important criteria come into play when choosing a RS image. For example, the cloud 

and haze cover must be kept to a minimum to avoid disturbances and scene coverage loss.

For the change detection purpose, we also needed 2 images distant of roughly 10 years to 

be able to depict the changes in land-cover. To minimize the seasonality effects, it is advised to 

have images around the same calendar dates [Lillesand,Kiefer & Chipman 2008]. Images from the 

end  of  the  second  dry  season  are  suggested  so  that  fallow agricultural  lands  can  be  easily 

distinguished from forests  [Lufafa et al. 2003; Hartter & Southworth 2009]. The study area was 

covered by a mosaic of 3 images.

Regarding these constraints, images from the month of January 2001 and 2010 seemed to 

be the most adequate. The 3 images for the month of January 2001 were taken from the Landsat 7 

ETM sensor and the ones from January 2010 from Landsat 5 TM. “In May 2003, the scan line 

corrector (SLC) failed and left wedge-shaped spaces of missing data on either sides of the image 

[USGS 2012] .”  To reduce the computer manipulation Landsat 5 images were used for the 2010 

analysis.

The technical  specifications  of  the  Landsat  sensors  are  represented  in  table  3.  It  was 

important to note that there are slight differences between sensors that were considered before 

performing the different analyses.
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2.2. Ground truth points

When performing RS analysis, it is essential to have reliable ground truth data. These serve 

as input and validation data for the methods being applied and for the accuracy assessment of the 

results obtained [Richards 1993; Lillesand et al. 2008]. 

Field surveys and GPS validation points for 2010 were provided by Rudy Lemmens of the 

Mountains of the Moon University in Fort  Portal,  Uganda and Dirk Vrebos of the University of 

Antwerp. Supplementary data was obtained from GoogleEarth, which was used as a surrogate to 

complement  the  information  from  2001  and  2010.  Figures  4  and  5  are  examples  of  scenes 

available through this software, demonstrating the more than satisfactory visual interpretation nd 

high resolution of this source of information.

20

Table 3:Technical specifications of Landsat 5 TM and 7 ETM+ sensors, [USGS 
2012].

TM (5) ETM + (7)
Sensor type Opto-mechanical Opto-mechanical

Spatial resolution 30m - thermal (120m) 15m panchromatic-30m-60m thermal
Spectral range 0.45 – 12.5 µm 0.45 – 12.5 µm

number of bands 7 8
Temporal resolution 16 days 16 days

Length x Width 185 km x 172 km 183 km x 170 km
Area 31820 km² 31110 km²

Swath 185 km 183 km 
Programmable yes yes
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Figure 4: Snapshot of Fort Portal and surroundings from GoogleEarth 2002, 1cm = 150m

Figure 5: Snapshot of Fort Portal and surroundings from GoogleEarth 2010, 1cm = 150m
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2.3. Image Processing

The image analysis was then performed using software such as ENVI 4.7 for classification 

and ArcGIS 10.1 for change detection.

2.3.1. Pre-processing :

DN  values  for  each  image  were  converted  to  TOA reflectance  values  to  reduce  the 

between-scene variabilities. This was done using the tools in image analysis software, ENVI 4.7.

2.3.2. Cloud and cloud shadow removal

The clouds, cloud shadows and water bodies were removed by masking pixels after the first 

unsupervised classification of each image. These masks were then buffered by 5 pixels to ensure 

a  sufficient  coverage  and  to  avoid  en  edge  effect.  The  masks  were  then  used  for  further 

classifications.

2.4. Land-cover classification

Considering the work load and parameter fine tuning required for radiometric normalization 

of 2 scenes to perform image mosaicking and image to image change detection, it was decided to 

perform post-classification mosaicking and change detection.  Mas [1999] compared 6 different 

change  detection  techniques  and  obtained  better  results  with  post-classification  comparison. 

However, this method increases the redundancy of the work when taking into account 6 images (3 

for each date).

2.4.1. Unsupervised classification

2.4.1.a. Method

Two  different  methods  are  available,  the  K-means  and  the  IsoData  (Iterative  Self-

Organizing Data Analysis Technique). According to Mwavu and Witkowski [2008], the latter is more 
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efficient than the former. 

IsoData calculates spectral  class  means evenly distributed in  the data  space and then 

iteratively  clusters  the  remaining  pixels  using  minimum  distance  techniques.  Each  iteration 

recalculates means and reclassifies pixels with respect to the new means. This process continues 

until the number of pixels in each class changes by less than the selected threshold or until the 

maximum number of iterations is reached” [ENVI 1997].

2.4.1.b. Parameters

We  chose  the  parameters  according  to  the  study  of  Mwavu  and  Witkowski  [2008], 

conducted in NW Uganda in forested areas, as shown in table 4.

A post-classification 3 x 3 majority filter was applied to filter out falsely classified pixels 

[ENVI 1997], and to “smooth” the result to show the dominant (presumably correct) classification 

[Lillesand et al. 2008]. Classes can then be combined depending of the goals of the research.

2.4.1.c. Class selection

There is no standard land use or land-cover classification system in Uganda [Lufafa et al. 

2003]. GlobeCover provides land-cover maps up until September 2012, however the resolution is 

too low and it focuses on forest types [ESRI 2012]. The choice of classes will ultimately depend on 

the types of land-cover that are pertinent to the study area and objectives. In our case, the land-

cover map will be used as input for soil erosion models and for ecosystem-based management. 

Soil erosion models such as the Revised Universal Soil Loss Equation (RULSE) need land-cover 

and management practices as inputs to assess the soil erosion risk [Renard et al. 1996].

23

Parameter Value
# of classes 36
# of iterations 99

0.95%

100

pixel change 
threshold
min. number of 
pixels per class
Table 4: IsoData parameters.
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After  performing  the  unsupervised  classification,  the  36  classes  were  combined  to  3 

clases : 1) Forest – Wetlands, 2) Mixed Agriculture and 3) Urban – Bare – Grasslands. Eucalyptus 

plots were also a target class during the study but when using the parameters shown in table 4, 

they were not differentiated from the forest class. Further analysis was thus conducted using other 

parameters.

2.4.1.d. Accuracy assessment

To  test  the  validity  of  the  land  use  classification  maps,  an  accuracy  assessment  is 

performed using testing ground data defined as Regions Of Interest (ROI).  An error matrix (also 

known as a confusion matrix) is calculated, summarizing the relationship between the reference 

data (field data) and the corresponding classification results. The Overall Accuracy (OA) is derived 

by dividing the total number of correctly classified pixels by the total number of reference pixels.  

The  Kappa  coefficient  (KHAT),  formula  1,  is  also  calculated.  This  coefficient  is  a  statistical 

measurement of agreement between two maps (classified map and reference map) and indicates 

how each classification differs from a random classification of  the class types  [Lillesand et  al. 

2008].

The advantage of using unsupervised classification is that this approach does not need any 

foreknowledge prior to the analysis and that it uses basic clustering algorithms. On the other hand, 

the disadvantage is that some of the resulting classes are typically confused, for example, they 

represent several targeted land-cover classes [Pekkarinen et al. 2009].

It  is  also  important  to  make  the  distinction  between  producer  and  user  accuracy.  The 

“producers accuracy,” which is calculated by dividing the total number of correct pixels of a classes 

by the total number of pixels of that class, represents how well a certain area can be classified. In 
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Formula 1: Kappa 
coefficient (KHAT).
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other words this accuracy measure indicates the probability of a reference pixel being correctly 

classified and is really a measure of omission error [Congalton 1991].

The “users accuracy,” calculated by dividing the total number of correct pixels classified in a 

certain class by the total amount of pixels classified in that class, represents the probability that a 

pixel classified on the image actually represents that category on the ground. It is thus a measure 

of commission error [Congalton 1991].

2.4.2. Supervised classification

2.4.2.a. Method

Supervised  classification  is  even  more  dependent  than  the  unsupervised  classification 

methods because it  relies heavily on ground truth data since the algorithm is  trained by user 

defined spectral statistics for the targeted classes [Congalton 1991; Richards 1993; Lillesand et al. 

2008]. The most commonly used method is the Maximum Likelihood Classification (MLC) which 

assumes  that  each  spectral  class  can  be  described  by  a  multivariate  normal  distribution.  Its 

effectiveness depends on the accuracy and the spectral separability of the training classes. Since 

the method assumes that the classes are distributed uni-modally in a multivariate space, accuracy 

decreases for multi-modal classes [Richards 1993], [Lillesand et al. 2008].

2.4.2.b. Class selection

Different studies in Uganda, using RS classification, were analysed to aid for the choice of 

types of classes to use, table 5.
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In  our  case,  it  was  important  to  stress  the  land-cover  and  land-cover  conversion  to 

underline the tendencies of the area. Hence, deforestation outside the park boundaries and the tea 

and  eucalyptus  plantations  were  important  targets.  The  chosen  classes  for  the  supervised 

classification are  shown in table 6.

2.4.2.c. Accuracy assessment

To assess the quality of the training pixels, the user must verify that the classes have a uni-

modal spectral histogram and that the standard deviation of the spectral signatures for each band 

is  as low as possible  around the mean  [Lillesand et  al.  2008].  The overall  separability of  the 

classes can be calculated through the Jefferies-Matusita (JM) distance, formula 2. The results are 
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Forest Mixed agriculture (Rangeland, subsistence agriculture)
Wetland Transitional forest (degraded forest, regenerating forest)
Wood plot Urban
Tea plots Bare 
Grasslands Burnt
Clouds Water/cloud shadows

Table 6: Defined classes for the supervised classification study.

Study Authors # of classes Classes

3

Forest/woodland
Sugarcane plantations

Applying RUSLE 6

Forest/woodland
Swamplands
Rangeland

Banana plantations
Annual crops

Banana-coffee inter-crop

Land use policy 5

Forest/woodland
Wetlands

Tea plots
Water

Land cover use and 
changes - Forest and 

Woodland sustainability

Mwavu and 
Witkowski 

[2008] Grasslands/ shifting 
cultivations/ settlements

Lufafa et al. 
[2003]

Hartter and 
Ryan [2010]  

Other (field crops, pasture 
grass)

Table 5: Different studies using different classes based on the objective of the  
research.
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compromised  between  0  and  2  with  separable  classes  having  values  between  1.9  and  2.0. 

Classes with values under 1.0 should be merged together [Richards 1993].

The accuracy assessment is carried out in the same manner as defined in the previous 

section.

2.4.3. Band combination 

Different band combinations can be used to perform classifications. According to  Zhang 

[2011] band 4 is very important in vegetation classification. Landsat spectral bands representing 

longer wave lengths are less affected by atmospheric scattering [Schroeder et al. 2006]. For this 
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Formula 2: Jefferies-Matusita separability distance.

alpha=1
8
(µi−µ j)

T (
C i+C j

2
)
−1

(µi−µ j)+
1
2

ln
∣(C i+C j)/2∣
√∣C_i∣∗∣C_j∣

Figure 6: Heterogeneity analysis of  
image L5-173-060(2010) with 3 

transects and ROI of 3 different sizes.
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analysis, the first 2 bands (0.45µm – 0.52µm and 0.52µm – 0.60µm) were left out to concentrate 

on bands 3, 4, 5 and 7. A supervised MLC algorithm was carried out.

Once again the class separability was verified and the OA and KHAT coefficients were 

calculated to asses accuracy.

2.4.4. NDVI calculation

The NDVI is used extensively in remote sensing studies for different reasons. This index 

captures photosynthetic activity and can be used as a proxy of vegetation productivity and quality. 

So higher values of NDVI indicate increased vegetation productivity [Hartter & Ryan 2010 ; Volante 

et al. 2011] . It is calculated by using formula 3.

According  to  Lillesand  et  al.  [2008],  the  NDVI  compensates  for  changing  illumination 

conditions, surface slope, aspect. It tends to eliminate sources of variability and noise, difference 

due  to  satellite  instrumentation,  earth-sun  distance,  solar  elevation  angle,  solar  curve  and 

atmospheric effects [Hartter & Ryan 2010]. It is known that vegetation has a high reflectance in the 

near infra-red spectrum (NIR) due to cellular structure and internal leaf scattering and to have low 

reflectance in  the blue and red regions (visible spectrum) due to absorption by chlorophyll  for 

photosynthesis [Knipling 1970], [Peñuelas & Filella 1998].

The NDVI was calculated for one of the scenes to give a preview of the potential use and 

supplementary information of the study area.

2.5. Change Detection

A post-classification comparison was performed to avoid radiometric calibrations between 
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NDVI =( NIR−Red
NIR+Red )

Formula 3: NDVI index 
calculation.
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the 2 dates,  the image sizes and the sensor  differences.  This  method is  used for  ecosystem 

conversion analyses resulting from abrupt changes [Coppin et al. 2004 ; Nori,Elsiddig & Niemeyer 

2008].The accuracy of the change detection analysis is completely dependent on the accuracy of 

the initial classifications. 

Each of the 3 images per date (6 total) were classified independently and then mosaicked 

to form one image for 2001 and one image for 2010. The results were then exported to ArcGIS for 

the change detection analysis and surface area calculations of the different land-covers.

We used a basic method to quantify land-cover change by comparing the class attributed to 

certain pixel in 2001 and then the class assigned in 2010. The totals were then tabulated for each 

land use cover type. A complete change matrix was then produced with the rows representing the 

class of the pixels in 2001 and the columns in 2010. The intersection between a row of class “A” 

and a column of class “B” gives the amount of pixels that have been converted from “A” to “B”. 

Unchanged pixels are represented along the diagonal [Nori et al. 2008].

2.6. Heterogeneity Analysis

Spatial  heterogeneity  can  be  used  as  a  proxy  of  degradation,  as  described  by.  For 

spectrally homogeneous classes, it was observed that a single-pixel training approach produces 

satisfactory classification results, whereas for spatially heterogeneous classes, small block training 

has the advantage of capturing the varying spectral and spatial information [Chen & Stow 2002].

The heterogeneity of  the study area was analysed by  making three transects of  50km 

starting from Fort  Portal  in  the north of  image L5-1733-060 (2010) and finishing south,  with 6 

testing circles of 3 different radius sizes per transect for a total of 48 circles as shown in figure 6. 

The circles are numbered 1-6, from N to S (C01 – C06). Table  7 summarizes the transects and 

circle sizes.
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Table 7: Size specification of ROI circles.

Diameter Area
Transect Slope Size pixel km radius pixels ha

T01 N-S S01 64 1.9 0.95 3328 300
T02 -1/3 S02 30 0.9 0.45 724 65
T03 1/3 S03 10 0.3 0.15 80 7





3. Results

3. Results

3.1. Classification methods

3.1.1. Unsupervised classification

The unsupervised classification method was used in the first place to get a better feeling of 

the spectral classes and their distribution across the images. Using the parameters as described in 

table  4, the unsupervised classification was able to differentiate the clouds, cloud shadows and 

water bodies effectively to produce a mask for further analyses.

Combining classes was done by comparison with ground truth data (testing ROI). Forest 

and wetland classes were differentiated as well as the mixed agricultural class. The tea plots were 

also  differentiated  but  there  was  some  class  confusion  in  regions  heavily  influenced  by 

atmospheric disturbances. Eucalyptus plots, however, were not able to be distinguished from the 

forest classes although 36 seemed high enough.

Figure  7  represents  the  mean reflectance  values  for  bands  1-5  and  7  for  the  training 

classes of eucalyptus and forest. It is clear that there is a spectral signature overlap between these 

2 across bands 1, 2 and 3. 
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Figure 7: Mean reflectance values +/- 1 stdev for eucalyptus and forest training  
ROI.
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The supplementary unsupervised classifications with varying scene sizes and parameters 

are shown in table 8. The accuracy assessment was conducted using only eucalyptus and forest 

testing ROI.

As shown by a), the first attempt of the unsupervised classification method resulted in low 

overall accuracy and KHAT values. When using a cloud mask as in b), the OA was improved. Run 

c) was devised based on the fact that the mean spectral signatures, +/- 1 standard deviation, of the 

eucalyptus and forest classes did not overlap in bands 4,5 and 7 as they did in bands 1, 2 and 3,  

figure 7. This resulted in a greater OA and KHAT.

Runs d → g were carried out on a smaller scene size, representing about 2.5% of the 

original scene. d) shows improved results across the board. When using the band combination 4, 5 

and 7 (e), the OA and KHAT were not significantly different, however the producer accuracy was 

greater, whereas the user accuracy was better when using all bands.

The runs with 50 classes (f and g) show an overall accuracy improvement. When using 

using bands 4, 5, and 7, we obtained a higher user accuracy. However, the producer accuracy is 

greater when using all bands.

The  classes  obtained  using  the  first  set  of  parameters  were  merged  to  obtain  3  final 

classes; 1) Forest and Wetlands, 2) Mixed Agriculture and 3) Bare-Urban-Grasslands. In this way 

we were able to produce the 2001 and 2010 map, focusing on the forest and wetland ecosystems 

as shown in figures 8 and 9. When merging classes, human error and deviation from the reality on 

the terrain comes into play.
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Image description Forest-Eucalypt Acc. Eucalypt
Scene size ha Bands Classes Mask OA KHAT Prod. Acc. User Acc.

a) Full 1,587,332 All 36 no 44 0.1279 95.07 28.48
b) Full 1,587,332 All 36 yes 51 0.1154 72.26 29.24
c) Full 1,587,332 4,5,7 36 no 72 0.399 78.69 48.65
d) Resize 37,771 All 36 no 89 0.717 69.47 92.35
e) Resize 37,771 4,5,7 36 no 88 0.7298 76.02 87.96
f) Resize 37,771 All 50 no 93 0.8534 98.23 83.77
g) Resize 37,771 4,5,7 50 no 95 0.8804 87.61 96.12
Table 8: Unsupervised classification accuracy results between forest and eucalyptus differentiation  

using different parameters.





Figure 8: Unsupervised classification land-cover map, January 2001.



Figure 9 : Unsupervised classification land-cover map, January 2010.
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3.1.2. Supervised classification

The supervised maximum likelihood classification method, subject to human manipulation, 

was able to distinguish the desired classes. We were able to spectrally separate the eucalyptus 

and tea plots from the rest of the classes. Classification maps of 10 classes for the years 2001 and 

2010 were produced as shown in figures 10 and 11. 

The  separability  of  the  training  ROI  was  calculated  and  the  highest  JM  values  were 

obtained when using all bands. Certain classes such as range-land and subsistence agriculture we 

merged together since they presented the lowest JM values. The band combination 3, 4, 5 and 7 

was implemented to avoid the atmospheric disturbances that heavily influence the optic bands (1, 

2 → 045 - 0.60 µm). However omitting these bands, the JM values for the training ROI decreased, 

as shown in table 9.
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Table 9: Example of JM values for supervised classification  
training ROI, using all bands and bands 3-4-5-7.

Band combination
Class comparison All 3-4-5-7

Train-Rangeland Train-SubsCrops 1.23012108 0.90430197
Train-SubsCrops Train-TransForest 1.65661362 1.52080867
Train-SubsCrops Train-Urban 1.84911659 1.79038533
Train-Wetland Train-SubsCrops 1.9055371 1.88855144
Train-Wood plot Train-SubsCrops 1.91157375 1.85851745
Train-SubsCrops Train-TransForest 1.9226972 1.7722023

Train-Wetland Train-Urban 1.93282506 1.91290541
Train-Wetland Train-Forest 1.9497959 1.8467456

Train-Rangeland Train-Urban 1.96877311 1.95554362



Figure 10 : Supervised classification land-cover map, January 2001.



Figure 11: Supervised classification land-cover map, January 2010.





3. Results

3.1.3. Accuracy assessment

A land use map is valid only if it translates the context in the most reliable fashion. Testing 

ROI were selected to produce error matrices in order to calculate the OA and KHAT. The latter are 

represented in table 10 for the L5-173-060 (2010)1. 

3.1.3.a. Unsupervised classification

The unsupervised classification performed quite well with an OA of 92% and KHAT value of 

0.8389. This map was created to focus mainly on the natural forest and wetland ecosystems. As 

shown in table 11, this class had the highest producer and user accuracies. The class representing 

degraded forest - mixed agriculture, wrongly classified 32% of the total classified pixels, and 25% 

of the bare – urban – grassland class was classified as degraded forest – mixed agriculture. 

This class confusion is most likely due to the high spectral overlap between the classes. As 

shown in figure 12, bands 1, 2 and 4 represent spectral overlap. 

1  We used the latter image as a reference for accuracy assessment since it represents more than half of the study area and contains 
the most bio-climatic conditions.
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Class % %
Forest – Wood – Wetland 96.46 99.95

Degraded forest – Mixed agriculture 91.67 67.35
   Bare - Urban - Grassland 74.91 94.52

Prod Acc User Acc

Table 11: Producer and user accuracies for unsupervised  
classification.

Method OA KHAT # of classes
Unsupervised All Bds 92% 0.8389 3
Supervised All Bds 93% 0.9020 10

Supervised Bds 3,4,5,7 89% 0.8528 10
Table 10: Overall accuracy and kappa coefficient for the  

Jan. 2010 image (L5-173-060).
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3.1.3.b. Supervised classification – band combinations

The best overall results were obtained for supervised classification using all bands.  Table 

12 recapitulates the producer and user accuracies for the 2 different band combinations. These 

accuracies  are  derived  from  the  error  matrices  as  presented  in  pixel  units  in  table  13 and 

percentages in table 14.
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Figure 12 : Mean reflectance values +/- 1 stdev of testing ROI for the 3  
classes produced by the unsupervised classification using all bands.

All bands Bands 3, 4, 5, 7

Class Prod. Acc. User Acc. Prod. Acc. User Acc.
% % % %

Forest (F) 97.73 99.42 92.09 100
Wetland (W) 95.15 94.39 99.46 70.55

Wood plot (WP) 97.09 99.01 97.09 100
Tea plot (TP) 100 100 100 100

TransForest (TF) 64.9 72.59 75.5 90.48
MixedAgri (MA) 91.42 79.92 87.01 81.17

Grass-Savan (G-S) 81.76 92.84 81.43 89.44
Urban (U) 98.99 51.31 98.99 39.68
Bare (B) 89.2 100 71.43 100

Burnt (Bt) 0 0 0 0

Table 12: Producer and user accuracies for supervised  
classification using all bands and a 3, 4, 5, 7 band 

combination.



Table 13: Error matrix for training and testing ROI for scene L5-173-060

All bands      Ground Truth (Pixels)
Class  Test-W Test-TF Test-MA Test-TP Test-G-S Test-B Test-U Test-Bt Test-F Test-WP   R Total

Unclass 0 0 0 0 0 0 0 0 0 0 0
Train-W 353 9 0 0 0 0 0 0 12 0 374
Train-TF 0 98 10 0 0 0 0 0 24 3 135
Train-MA 6 44 394 0 34 4 0 0 11 0 493
Train-TP 0 0 0 127 0 0 0 0 0 0 127
Train-G-S 0 0 27 0 493 10 1 0 0 0 531
Train-B 0 0 0 0 0 256 0 0 0 0 256
Train-U 0 0 0 0 76 17 98 0 0 0 191
Train-Bt 0 0 0 0 0 0 0 0 0 0 0
Train-F 12 0 0 0 0 0 0 0 2063 0 2075

Train-WP 0 0 0 0 0 0 0 0 1 100 101
Col. Total 371 151 431 127 603 287 99 0 2111 103 4283

Bands 3-4-5-7
Class  Test-W Test-TF Test-MA Test-TP Test-G-S Test-B Test-U Test-Bt Test-F Test-WP R Total

 Unclass 0 0 0 0 0 0 0 0 0 0 0
Train-W 369 0 0 0 0 0 0 0 154 0 523
Train-TF 0 114 8 0 0 0 0 0 1 3 126
Train-MA 2 37 375 0 36 0 0 0 12 0 462
Train-TP 0 0 0 127 0 0 0 0 0 0 127
Train-G-S 0 0 48 0 491 9 1 0 0 0 549
Train-B 0 0 0 0 0 205 0 0 0 0 205
Train-U 0 0 0 0 76 73 98 0 0 0 247
Train-Bt 0 0 0 0 0 0 0 0 0 0 0
Train-F 0 0 0 0 0 0 0 0 1944 0 1944

Train-WP 0 0 0 0 0 0 0 0 0 100 100
Col. Total 371 151 431 127 603 287 99 0 2111 103 4283

Table 14: Percent error matrix for training and testing ROI for scene L5-173-060.

All bands     Ground Truth (Percent)
Class  Test-W Test-TF Test-MA Test-TP Test-G-S Test-B Test-U Test-Bt Test-F Test-WP

Unclass 0 0 0 0 0 0 0 0 0 0
Train-W 95.15 5.96 0 0 0 0 0 0 0.57 0
Train-TF 0 64.90 2.32 0 0 0 0 0 1.14 2.91
Train-MA 1.62 29.14 91.42 0 5.64 1.39 0 0 0.52 0
Train-TP 0 0 0 100 0 0 0 0 0 0
Train-G-S 0 0 6.26 0 81.76 3.48 1.01 0 0 0
Train-B 0 0 0 0 0 89.20 0 0 0 0
Train-U 0 0 0 0 12.60 5.92 98.99 0 0 0
Train-Bt 0 0 0 0 0 0 0 0 0 0
Train-F 3.23 0 0 0 0 0 0 0 97.73 0

Train-WP 0 0 0 0 0 0 0 0 0.05 97.09

Bands3457
Class  Test-W Test-TF Test-MA Test-TP Test-G-S Test-B Test-U Test-Bt Test-F Test-WP

Unclass 0 0 0 0 0 0 0 0 0 0
Train-W 99.46 0 0 0 0 0 0 0 7.30 0
Train-TF 0 75.50 1.86 0 0 0 0 0 0.05 2.91
Train-MA 1 24.50 87.01 0 5.97 0 0 0 0.57 0
Train-TP 0 0 0 100 0 0 0 0 0 0
Train-G-S 0 0 11.14 0 81.43 3.14 1.01 0 0 0
Train-B 0 0 0 0 0 71.43 0 0 0 0
Train-U 0 0 0 0 12.60 25.44 98.99 0 0 0
Train-Bt 0 0 0 0 0 0 0 0 0 0
Train-F 0 0 0 0 0 0 0 0 92.09 0

Train-WP 0 0 0 0 0 0 0 0 0 97.09
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The forest, wood plot and tea plot classes did not have significantly different accuracies 

with either band combination. However, when using bands 3, 4, 5 and 7, about 7% of wetland 

pixels were wrongly classified as forest. 

The mixed agriculture class was mostly confused with the transitional forest pixels and the 

grasslands-savannah pixels using both band combinations.  When using less bands, we obtain 

more evenly distributed producer and user accuracies.

When using bands 3, 4, 5 and 7, there was less commission of transitional forest pixels 

within the mixed agriculture class giving the higher producer accuracy for the former class. The 

transitional forest class also had a higher user accuracy using bands 3, 4, 5 and 7. When using all  

bands, more forest class pixels were confused with transitional forest pixels. 

Although 99% of the urban land was correctly classified, only 51% of the areas called urban 

land are actually urban land. When using bands 3, 4, 5 and 7, about 40% of the urban land is 

actually urban. Hardly any omission occurred, but a lot of commission, or wrongly classified pixels, 

were observed.

The urban class,  using both band combinations,  was greatly confused with grasslands-

savannah  pixels.  The  omitted  pixels  from  the  bare  and  grasslands-savannah  classes  were 

principally committed to the urban class.  The classification technique using all  bands tends to 

produce a better separation between urban and bare. However this is not the case when using 

only bands 3-4-5-7. 

3.2. Land-cover

Once the images were classified individually, they were exported to ArcGIS for mosaicking, 

surface calculations and change detection analysis over the 9 year span. The surface area for 

each class was calculated in hectares and presented in table  15 for unsupervised classification 

and table 16  for the supervised classification. Since we did not use the same class definitions in 

both classification methods, these were not compared to one another. However it is evident that 

there is a generally tendency of forest and wetland area reduction. 

With the unsupervised classification method, 763,249 ha were classified, and about 30% 
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represented forest and wetlands, both in and outside the park boundaries. Over the 9 year span, 

roughly 6% of this class was converted to another. 

The mixed agriculture class was the most important, covering close to 60% of the study 

zone. Over the the 9 year span, about 3% of this class was classified as another. This is contrary 

to the results from the supervised classification.

The class representing urban, bare and grasslands was the only one to increase in surface 

area from 2001 to 2010. Bare land and grasslands can be confused, especially during the dry 

season when savannah type ecosystems have very little ground cover.

The 10 class maps produced by the supervised classification gave a finer representation of 

the reality on the terrain and a more specific land-cover classification.
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Table 15: Unsupervised classification land-cover surface between 2001 and 2010.

Class 2001 [ha]  2010 [ha]

Forest – Wetland 228435 29.93 214370 28.09 -1.84 -6.16
Mixed Agriculture 460625 60.35 446916 58.55 -1.80 -2.98

74188 9.72 101963 13.36 3.64 37.44

Total 763249 763249

% of study 
zone

% of study 
zone

% change 
of study 

zone

% change 
per class

Bare – Urban 
Grasslands

Class 2001 [ha]  2010 [ha]

Forest (F) 102600 13.41 70163 9.17 -4.24 -31.61
Wetland (W) 49318 6.45 30570 4.00 -2.45 -38.01

Wood plot (WP) 1146 0.15 2952 0.39 0.24 61.16
Tea plot (TP) 3085 0.40 4327 0.57 0.16 40.25
T. Forest (TF) 106373 13.90 79843 10.43 -3.47 -24.94

Mixed Agriculture (MA) 425760 55.64 495260 64.73 9.08 16.32
Grass – Savannah (G-S) 41798 5.46 64069 8.37 2.91 53.28

Urban (U) 4474 0.58 9862 1.29 0.70 120.42
Bare (B) 30092 3.93 7578 0.99 -2.94 -74.82

Burnt (Bt) 404 0.05 454 0.06 0.01 12.41
Total 765051 765078

% of study 
zone

% of study 
zone

% change of 
study zone

% change 
per class

Table 16: Supervised classification land-cover surface change between 2001 and 2010.
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In 2001, a little over 13% of a total of 765,051 ha, was classified as forest, over 6% as 

wetland and close to 14% as transitional forest. All  3 of these classes witnessed decreases in 

surface area.

The tea plots and wood plots gained in surface area with an estimated 40% and 60% 

increase respectively. 

 The mixed agriculture class, containing subsistence gardens, large plantations and range-

lands, also increased in surface area by 16%, from an estimated 425,760 ha in 2001 to 495,260 ha 

in 2010. By 2010, almost 65% of the total study zone area was classified as agricultural land. The 

grasslands-savannah class also increased in surface area by more than 50%, going from 41,798 to 

64,069 ha. Land that was classified as urban more than doubled in less than a decade 4,474 to 

9,862 ha. The bare land class, however was drastically diminished from more than 30,000 ha to 

7,500  ha.  The  last  class,  grouping  pixels  that  were  classified  as  burnt  land  also  increased. 

Although the amount of burnt land increased by 12%, the total area represents a small fraction of  

the study zone ; 0.5% for 2001 and 0.6% for 2010 . 

3.3. Land-cover conversion 

The complete change matrix for the supervised classification method is represented in table 

17.

In the forest class, 61% remained unchanged whereas the conversions were made mainly 

towards  transitional  forest  and  mixed  agriculture  classes,  approximately  16%  each.  Another 

observation is that most of the gain in surface area dedicated to wood plantations came from the 

forest class ; 1687 ha of a total of 2951 ha.

A large part of the wetland class, 42%, was converted to mixed agriculture and another 

10% to transitional forest. 

65% of  transitional  forests  were  converted  to  mixed  agriculture.  Less  than  4% of  this 

transitional  forest  has  been  restored  to  forest  and  wetland  classes. Another  3%  has  been 

converted to grasslands/savannah.

A large part of each class was converted to the mixed agricultural class. About 48% of the 

2001 urban land pixel, were classified as mixed agriculture in 2010. Over 50% of the burnt land 
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was also converted to mixed agricultural land in 2010. 54% of the pixels classified as tea plot in 

2001 were classified as mixed agriculture in 2010. However, 7% of the mixed agricultural land was 

converted to transitional forest and 6% to grassland-savannah.

3.4. NDVI

A primary analysis of NDVI values was conducted on the January 2010, L5-173-060 scene. 

The testing ROI were used to calculated the mean values and the standard deviation which were 
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a) pixels
Classification 2010

Forest Wetland Wood Tea T. Forest Urban Bare Burnt SUM

Cl
as

si
fic

at
io

n 
20

01

Forest 696358 51064 18746 2830 180438 183245 2265 3969 156 473 1139544 443186
Wetland 45895 188683 1424 318 53347 234432 9721 4600 8430 1007 547857 359174
Wood 2550 868 1963 122 2144 4722 153 157 36 11 12726 10763
Tea 27 90 183 10079 4893 18537 142 157 166 0 34274 24195

T. Forest 16419 23392 3181 11858 309875 770879 34332 8753 2933 195 1181817 871942
Mixed Agri 9557 65024 6962 21967 331689 3953433 291862 29656 18972 1285 4730407 776974

Grass Savan 354 1851 4 64 757 150309 275855 15564 19308 354 464420 188565
Urban 2612 1105 113 201 1771 23876 4869 14860 221 76 49704 34844
Bare 4837 6943 205 596 1719 160412 92404 31707 33958 1541 334322 300364
Burnt 896 590 8 26 259 2273 200 118 15 104 4489 4385
SUM 779505 339610 32789 48061 886892 5502118 711803 109541 84195 5046

Class gain 83147 150927 30826 37982 577017 1548685 435948 94681 50237 4942
b) ha

Classification 2010 Classif 2001

Forest Wetland Wood Tea T. Forest Urban Bare Burnt SUM

Cl
as

si
fic

at
io

n 
20

01

Forest 62672 4596 1687 255 16239 16492 204 357 14 43 102559 39887
Wetland 4131 16981 128 29 4801 21099 875 414 759 91 49307 32326
Wood 230 78 177 11 193 425 14 14 3 1 1145 969
Tea 2 8 16 907 440 1668 13 14 15 0 3085 2178

T. Forest 1478 2105 286 1067 27889 69379 3090 788 264 18 106364 78475
Mixed Agri 860 5852 627 1977 29852 355809 26268 2669 1707 116 425737 69928

Grass Savan 32 167 0 6 68 13528 24827 1401 1738 32 41798 16971
Urban 235 99 10 18 159 2149 438 1337 20 7 4473 3136
Bare 435 625 18 54 155 14437 8316 2854 3056 139 30089 27033
Burnt 81 53 1 2 23 205 18 11 1 9 404 395

Classif in 2010 SUM 70155 30565 2951 4325 79820 495191 64062 9859 7578 454
Class gain 7483 13583 2774 3418 51932 139382 39235 8521 4521 445

c) % 
Classification 2010

Forest Wetland Wood Tea T. Forest Urban Bare Burnt SUM

Cl
as

si
fic

at
io

n 
20

01

Forest 61.11 4.48 1.65 0.25 15.83 16.08 0.20 0.35 0.01 0.04 100
Wetland 8.38 34.44 0.26 0.06 9.74 42.79 1.77 0.84 1.54 0.18 100
Wood 20.04 6.82 15.43 0.96 16.85 37.11 1.20 1.23 0.28 0.09 100
Tea 0.08 0.26 0.53 29.41 14.28 54.08 0.41 0.46 0.48 0.00 100

T. Forest 1.39 1.98 0.27 1.00 26.22 65.23 2.91 0.74 0.25 0.02 100
Mixed Agri 0.20 1.37 0.15 0.46 7.01 83.57 6.17 0.63 0.40 0.03 100

Grass Savan 0.08 0.40 0.00 0.01 0.16 32.36 59.40 3.35 4.16 0.08 100
Urban 5.26 2.22 0.23 0.40 3.56 48.04 9.80 29.90 0.44 0.15 100
Bare 1.45 2.08 0.06 0.18 0.51 47.98 27.64 9.48 10.16 0.46 100
Burnt 19.96 13.14 0.18 0.58 5.77 50.63 4.46 2.63 0.33 2.32 100

Mixed 
Agriculture

Grassland 
Savannah

Class 
loss

Mixed 
Agriculture

Grassland 
Savannah

Class 
loss

Mixed 
Agriculture

Grassland 
Savannah

Table 17: Complete change matrix from the supervised classification in ; a) pixels, b) ha and c) %.
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plotted in figure 13. 

The highest values were generated from the tea plots (0.74) followed by the transitional 

forest  (0.70) and the wood plots (0.69). Wetlands and forest followed just behind with mean values 

of 0.60 and 0.59. Mixed agriculture pixels had values of 0.57 +/- 0.08, overlapping some of the 

forest and wetland values. The urban and burnt classes had the lowest values (0.20 and 0.22) 

followed by the bare and grassland-savannah classes with intermediate NDVI values (0.32 and 

0.31).

3.5. Heterogeneity Analysis

The mean reflectance and +/- 1 standard deviation per band were calculated and the latter 

was plotted in figure 14.

T01 started at the outskirts of the city of Fort Portal, went through mixed agricultural land, 

into the region of the crater lakes, then into the protected corridor of transitional forest between the 

Kibale National  Park and the Queen Elizabeth  Park and then into wetlands.  Circle 3 had the 

highest stdev, where the ROI is overlapped land and water in the crater lakes area. Independent of 

the size, the ROI closer to the city (1, 2) presented more spectral variability than circles 4, 5 and 6. 

Circle  4  overlaped  mixed  agriculture  and  transitional  forest  classes  and  circle  6  was  almost 
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Figure 13 : NDVI mean values +/- 1 stdev for 10 training ROI the 2010 image  
L5-173-060.
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completely covered by the forest class. Circle 5 however had a greater variability than 4 and 6 

since it represented a mix between the mixed agriculture, forest and wetland classes.

T02 started as well on the outskirts of Fort Portal and went south with a slope of -1/3. On 

this transect, there was no correlation between circle size and the amplitude of the stdev. Circle 1 

was mostly mixed agriculture and some urban land whereas circle 2 and 3 were a mix of wetland, 

mixed agriculture, wood plots, transitional forest and forest classes. Circle 4 had a low variability 

since it was covered by a majority of forest class. The large jump observed in circle 4 - S03 is due 

to the fact that the ROI was directly over a forest road with 3 different classes and that the circle 

size was small. Circles 5 and 6 have slightly larger stdev than circle 4. This is because the former 

was at the interface of forest and mixed agricultural land-covers and the latter was close to a small 

village covering mixed agriculture and grasslands-savannah classes.

T03 started at the same point but went south with a 1/3 slope to end on the outskirts of 

Kasese, an important city in the south of approximately 53,000 inhabitants. This transects also 

passed through the crater lakes where the greatest spectral heterogeneity was observed (circle 3). 

Circle 4 represented a majority of mixed agriculture and some grasslands-savannah and circle 5 

was  mostly  covered  by  the  grassland-savannah  class  and  some  mixed  agriculture.  Circle  6 

overlapped the city outskirts and a protected area was been heavily modified. Almost all classes 

were present in this area except for tea plots.
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4. Discussion

4.1. Difficulties and errors

The primary difficulty in remote sensing is to obtain images with the least amount of cloud 

cover, which is especially complex in a humid, tropical mountain forest context [Bodart et al. 2011]. 

As a result, the 10 year span objective was reduced to 9 years and the 3 images destined for the  

mosaic were at most 2 weeks apart. 

These  images  were  also  captured  by  the  Landsat  sensors  between  07:57  and  08:04 

presenting poor illumination conditions. That is why the exploration of different band combinations 

outside of the visible spectrum is important.

Along with the scene selection, ground truth data is just as imperative. Not only the quantity 

but especially their quality is a determining factor of the reliability of the analysis.  The bigger the 

study zone, and the greater the bio-climatic variabilities, the more terrain data you need.

In our case, the study zone was greater than 7,500km² and the amount of ground truth data 

available was not as abundant as desired. For validating the 2010 image classification methods, 

data was obtained from 2 different land surveys that were conducted in 2012 (2 years apart from 

our 2010 images) and were confined to the areas around Fort Portal in the north and about 25km 

south. GoogleEarth was thus used as a surrogate for additional information.

The  advantage  of  using  GoogleEarth  for  data  collection  is  the  extensive  spatial  and 

temporal  information  that  it  provides.  Certain  areas (Fort  Port  and Kasese)  have a  very high 

resolution enabling visual interpretation of the area with different dates. The advances in this data 

synthesis  and  accessibility  brings  new types  of  user  and  applications  for  remote  sensing  in 

environmental sciences and natural resource management [Melesse et al. 2007].

This method adds sources of error to the analysis by using additional images and user 

interpretation. The GoogleEarth control points have a positional accuracy of 39.7 m (root-mean-

squared), whereas Landsat scenes from USGS have a geometric accuracy of about 50m [Potere 

2008]. When these images were compared to the land surveys, they coincided very well.

Other sources of error that are important to mention are for example, the use of different 
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sensors. Landsat 5 and Landsat 7, although they have similar radiometric specifications, are 2 

distinct sensors, giving 2 different observations, each having a specific error.

As aforementioned, the spatially and temporally varying atmospheric conditions over the 

study area,  as shown in figure 15,  yields to undeniable disturbances in  the observed spectral 

signatures.  Soil  moisture conditions can also affected the scanned information  [Lillesand et al. 

2008].

It is also important to underline that when analyzing land-cover conversion, the inter annual 

and inter seasonal differences that a region may experience can induce false conclusions. Having 

an under sampled, temporal series will hinder the analysis and could lead to detection of spurious 

changes [Lambin 1996].

4.2. Unsupervised classification

The main downfall of the unsupervised classification technique was the difficulty to clearly 

differentiate some of the classes of interest for this study, such as the eucalyptus plantations, and 

that it brought some confusion with the tea plantation class. 
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Figure 15 : Scene L5-173-060 with  
varying atmospheric conditions.
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E. grandis plots were not distinguished from the forest classes using the parameters shown 

in table  4. A visual observation using bands 4,5,7 in an R-G-B projection gives the intuition that 

these 2 vegetation classes should be spectrally distinguishable, figure 16.

When using the supervised classification technique, eucalyptus plantations where classified 

with a 97% accuracy (100/103 pixels). Additionally, the separability analysis revealed a JM value of 

1.9938, which is representative of spectrally distinct classes. 

As presented in table 8, when using the full scene size2, it was very difficult to distinguish 

the eucalyptus plantations form the natural forest. a) was the first run executed which led the study 

to focus more on the supervised classification methods for better differentiating for the wanted 

classes. With a 44% OA and a KHAT of 0.1279, it is certain that the chosen parameters were not 

effective. The 95% producer accuracy and 28% user accuracy were the consequence of complete 

class confusion, meaning no discernible eucalyptus class.

2 The image L5-173-060 from January 2010 is over 13,000 km²
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Figure 16: Eucalyptus plantations surrounding Fort Portal, sample  
of scene L5-173-060 in R-G-B (4-5-7).
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When using  the  same parameters  but  applying  a  cloud/cloud-shadow/water  mask,  the 

accuracy improved ever so slightly. This method was similar to increasing the amount of classes in 

the parameters, since cloud, cloud shadow and water bodies were clustered using 10-15 classes 

during classification runs.

When we used a smaller scene sample for the eucalyptus analysis, the general accuracy 

was  greatly  improved.  This  suggests  that  either,  the  amount  of  classes  used  during  the  first 

unsupervised classification run were insufficient or that the scene size was too large.

Some pixels were wrongly classified as tea plots during the unsupervised classification 

especially in the regions close to the Rwenzori mountain rift where cloud cover and atmospheric 

disturbances were important. As said before, the atmospheric conditions vary across the entire 

image which can also render false classifications. It  is  also important  to stress the fact  that  tea 

plots  are  found  only  in  the  north  of  the  region  where  the  climate  conditions  are  optimal  for 

cultivation, whereas the south is too low in altitude and too dry.

Another source of error could result from the poor illumination conditions, resulting from the 

time of capture, increasing the shadow effect. Tea plots are planted on the north and south face of 

the  hills  and  when  undergoing  unsupervised  classification,  they  were  classified  into  different 

classes.

4.3. Supervised classification

As shown in table  10,  the most  accurate classification results  were obtained using the 

supervised classification. This method also enabled us to target certain classes of interest such as 

the tea and eucalyptus plots with good accuracy results.

When using all bands, the forest and wetland classes presented slightly better producer 

and  user  accuracies.  Although  the  smaller  wavelengths  are  more  sensitive  to  atmospheric 

disturbances, they contain valuable information for separating non-vegetated pixels based on their 

spectral signatures. However, when targeting single specie classes, such as tea and eucalyptus 

plots,  the band combination 3-4-5-7 worked just as fine. The latter did present better accuracy 
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results for the transitional forest class.

Figure 17 represents a plot of the standard deviations around the reflectance response from 

all classes after the supervised classification (the colour codes are the same as the legend on the 

maps, figures 10 and 11). A quick visual observation shows that the stdev for the urban class was 

the highest across bands 3, 4, 5 and 7 justifying the highest confusion percentages when analysing 

producer and user accuracies.

Mixed  agriculture  had  the  second  highest  stdev  in  bands  4  and  5  which  explains  the 

confusion with the transitional forest class. These 2 classes also had low JM values meaning that 

they were more difficult to spectrally differentiate.

The pixels representing the forest class had the highest stdev for the first 2 bands which is 

most likely due to the forest in the north-west portion of the image, that was completely covered 

with haze, figure 15. There was also a great variability in spectral response for this class in bands 

4, 5 and 7.

A common trend is  observed with the urban,  grasslands-savannah,  bare and the burnt 

classified pixels, where the stdev increases for bands 5 and 7. This supports the earlier findings 

that  a  higher  spectral  confusion was  observed amongst  these classes when using the longer 

wavelengths.  However,  the  vegetated  classes  observed  an  opposite  trend.  The  longer  the 

wavelengths used, the smaller the stdev, rendering a finer spectral signature.
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Figure 17 : Reflectance standard deviations of supervised classification  
classes.
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4.4. Land-cover and conversions

There  is  a  slight  difference  in  the  total  amount  of  classified  hectares  between  to  2 

classification methods. This is most likely due to the fact that 2 different sensors were used to 

capture the images and although they have the same resolution the delineation of the land into 

pixels is different. During the area calculations from pixels to ha, rounding off errors could also 

have led to slight differences.

Using the unsupervised classification method, the forest and wetland classes represented 

roughly 30% of the total classified area. However it is important to note that a portion of forest 

fragments,  which  were  classified  as  transitional  forest  in  the  supervised  classification,  where 

included in this class. The general trend of diminishing forest and wetland was observed using both 

methods.  Hartter et al. [2010] observed that the majority of forest class conversions occurred on 

the edges of the Kibale National Park and outside the park limits. A large part of the park was 

converted to transitional forest as visually noticeable when comparing figures 10 and 11. 

The supervised classification enabled us to observe that a great part of transitional forest 

classified in  2001 was converted to mixed agriculture in  2010,  supporting the trend of  natural 

resource exploitation going from forest to degraded forest to agricultural land.

Wetlands were also converted to mixed agriculture and transitional forest. The latter may be 

due to seasonal changes during the 9 year span and/or drying up of the wetlands and growth of  

wooded species.

Tea and wood plot surface areas increased over the 9 year span which coincides with the 

literature review that also observed an increase of tea plantations over the years and a positive 

correlation between tea and eucalyptus surfaces.

Urban  classified  land  increased,  which  supports  the  observations  regarding  population 

growth along with the increase in agricultural land. The spectacular increase can also be linked to 

atmospheric disturbances, which heavily influenced the spectral signatures of the optical bands as 

demonstrated earlier.
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The drastic decrease in the surface area classified as bare land can be attributed to class 

confusion with the urban and grasslands-savannah classes. Most of this class was present in the 

south, close to the city of Kasese and under Lake George, where the precipitation regime is much 

different than in the north. In this area, it  is probable that a slight modification in the seasonal 

rainfall could have greatly influenced the ground cover.

An astonishing amount of urban land has been converted to agricultural land. This could be 

the result of the mixed pixel effect, since the majority of the houses are surrounded by familial 

gardens and are much smaller than 900m² (the size of 1 pixel).

More than half  the amount of burnt land was converted to agricultural  land. “Slash and 

burn” is a common technique to gain land for  agricultural  purposes in Uganda [Naughton-T. & 

Chapman 2001]. Another 20% of the burnt pixels were later classified as forest which can be in 

part due the cloud shadows that were not completely masked. It is also important to note that large 

parts of the burnt land where spectrally confused with cloud shadows in the primary unsupervised 

classification and were clumped together to make the cloud-water-shadow mask, therefore leaving 

them out of the classification analysis.

Large portions of each class were converted to mixed agriculture, which coincides with the 

16% increase over the 9 year span (close to 70 000 ha) as shown in table 16. Some of the mixed 

agricultural class, however, was converted to the transitional forest class (7%), which could be a 

result of isolated trees or group of trees falling inside or outside a pixel. It is common to find range-

land dotted with trees with different densities. Other agricultural  plots are densely planted with 

banana trees that could also lead to class confusion. This is supported by the lower JM values 

between the mixed agriculture and transitional forest classes shown in table 9.

Another 6% of mixed agricultural land was converted to grassland-savannah in 2010 which 

could be the result of class confusion due to the large spectral variability of the former class. This 

could also be a result of agriculture lands beings abandoned.

4.5. NDVI

As shown in figure 13, tea plots, transitional forest, and wood plots had the highest NDVI 

values whereas grasslands-savannah, bare, urban, and burnt had the lowest.
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Bare  land  and  grassland-savannah  had  low  and  similar  NDVI  values  that  overlapped 

consideraing  the  stdev.  The  latter  2  had  overlapping  NDVI  values  which  reveal  a  source  of 

classification confusion.

Grasslands  in  the  dry  season  have  a  very  low  and  almost  null  biomass  production 

[Strugnell & Pigott 1978]. Hansen et al. [2008] also observed low NDVI values for acacia wooded 

grasslands. Since NDVI is a proxy of healthy productive vegetation it is understandable that bare 

land and grassland-savannah can present similar values and urban and burnt land with even lower 

values.

Tea plots are a monoculture crop amended with fertilizers to enhance growth, producing a 

higher organic matter turn over than forest lands [Majaliwa et al. 2010]. According to Hartter et al. 

[2010], high NDVI values for tea plantations are also due to the evenness and the density of the 

canopy of tea bushes. The young leaves are harvested from the top of the branches and the plots 

are rarely left bare.

The wood plots are also planted with the goal of maximizing biomass in the shortest time 

period.  Therefore  the  E.  grandis wood plantations  are  usually  spaced accordingly  (1337-2500 

stems per hectare (sph) [SPGS 2009]), which can explain in part the high NSVI values obtained.

The transitional forest also produced high NDVI values. Hartter et al. [2011] observed that 

the forest classes had lower NDVI values than forest fragments outside the national park and other 

formerly  logged  areas  (considered  as  transitional  forest).  This  is  probably  due  to  forest 

regeneration and the high early succession stage growth rates. Kasenene (1987) documented that 

logged areas in Kibale had more ground vegetation cover 10 to 15 years post-harvest than non-

logged areas.  It was also observed by Chapman and Chapman [1997], that lightly logged forest 

had slightly faster growth rates than non-logged forest.

The forest classes yielded lower NDVI values. In dense, closed-canopy mature forests, we 

would expect greenness to be ; 1) of lower value, due to high woody biomass and relatively low 

leaf area, and 2) remain stable as a sign of health and persistence. However, in reality the canopy 

cover can be heterogeneous due to diversity, canopy openings and shadow effect. On top of this, 

Hartter  et  al.  [2010] Hartter  et  al.  [2011] observed  a  general  decline  in  forest  NDVI  values 

throughout the years suggesting a decline in forest health and vigour. However,  Ludwig [1986] 
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explains that although certain vegetation indices attempt to estimate the net primary productivity, 

these cannot be used as reliable indicators of degradation status because degradation does not 

necessarily result in a reduced level of plant growth.

4.6. Heterogeneity Analysis

In  general,  a  higher  heterogeneity  was  observed  closer  to  cities  and  at  ecosystem 

interfaces and less when the area analysed was covered by a majority of a certain class. Turner 

and Chapin III [2005] also noted that ecosystem interfaces represent a high heterogeneity. The 

smaller the ROI size, the greater the influence the mix of classes has on the spectral statistics. The 

notion of spectral heterogeneity, explored in this paper, can be used as a proxy to asses landscape 

degradation and evolution.

As  depicted  in  figures  8,  9,  10  and  11,  large  portions  of  the  unsupervised  and  the 

supervised classification maps were classified under mixed agriculture which was the combination 

of subsistence crops and of range-land.

As shown in figure 17, the mixed agriculture class had the second largest stdev, after the 

urban class, around the mean spectral average for all bands.  This can lead to class confusion due 

to large spectral statistics. When using the supervised maximum likelihood classification method, a 

wide  range  of  spectral  signatures  can  be  wrongly  classified  as  mixed  agriculture.  This  is  a 

consequence of the lacking precision of the terrain data and the Landsat 30m pixel resolution, 

which is not sufficient when one considers that 66% of agricultural plots have an average size 

between 400 and 3600m². As a result, this heterogeneous class also had lower separability values 

(JM) as shown in table 9.

This  brings  up  the  discussion  on  the  need  for  higher  resolution  images for  increased 

precision. From a project point of view, easy access to inexpensive data is always a must but 

accuracy does not  always follow as easily.  Landsat  images can be used for  large ecosystem 

analysis, for example the forest cover in protected national parks. However for targeting subtle 

changes for example in familial gardens or logging of forest fragments outside the park, the low 
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resolution greatly limits the precision. However, the finer the image resolution the more training 

pixels are required and the more detailed the ground data needs to be [Chen & Stow 2002]. All of 

these aspects also entail additional costs.

4.7. Population Density

As noted in the earlier sections, one of the main pressures on the ecosystems are the 

human activities for  primary resources (timber,  firewood, building material)  and land space for 

cultivation. The results of the change detection analysis in section  3.3 show that a large part of 

class conversions from pristine,  natural  ecosystems (forest  and wetlands),  or  human impacted 

classes such as transitional forest, were converted to agricultural land with a net increase of almost 

70.000 ha. The amount of urbanized area doubled, the tea plots increased by 40% and the wood 

plots also increased by 60%.

Aside from local population growth, immigration from the East Congo and the South Sudan 

conflicts are increasing day by day [UNHCR 2012]. The immigrants do not have the priority in land 

access, so they often take up land of poor quality, in difficult places, such as on hill slopes and 

close to the national parks [Naughton T. 1997 ;  Ebanyat et al. 2010]  This only adds pressure to 

already fragile areas.

The population  density  map from the 2002  census,  presented in  figure  18,  shows  the 

concentration of population in the north around Fort Portal and in the south west around the city of 

Kasese. It is important to note that this area is one of the most densely populated areas in Sub-

Saharan Africa [Hartter et al. 2011].

With  population  concentrations  around  these  cities,  these  areas  are  susceptible  to 

increased  pressures  on  natural  resources.  With  limited  financial  resources  it  is  of  crucial 

importance of attempting to locate pressure “hot spots” to effectively allocate the existing resources 

for more effective management [Hartter et al. 2010].
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4.8. Perspectives

4.8.1. Classification methods

Remote sensing classification methodologies are difficult to implement to large areas and in 

certain cases it is better to have different methods that are more adapted to the study zone and 

context [CIRAD 1999].

The area studied covers a large amount of bio-climatic regions, with varying vegetation, 

topography and social tendencies that it is difficult to apply one classification method and expect 

very accurate results. Considering the size of the images to be analysed, it would be interesting to 

compare the classification results after splitting up the study area based on variables such as the 

spatial dynamics of vegetation patterns. 

Before applying the supervised classification algorithms, the separability of certain classes 

such as transitional forest and subsistence crops, could have been improved. A finer selection and 

distinction  of  vegetation  and  land-cover  classes  would  have  improved  the  map  reliability  in 

representing the terrain.

Some class confusions were also a result of the cloud buffer not being large enough to 

completely avoid the edge effect. Either a bigger buffer should be applied, or direct classification 

with the cloud, cloud-shadow and water bodies as classes. The latter will however increase the 

work load by increasing the amount of classes. This would probably enable us to differentiate the 

burnt land that was confused with water bodies and cloud shadows.

Other  band  combinations  can  be  explored  to  extract  essential  information  and  could 

improve the classification results. As noted before, when differentiating vegetation classes from 

one another, the spectral information found in the longer wavelengths performs better. Although we 

lose some information from bands 1, 2 and 3, there is less spectral overlap. It would be interesting 

to  explore  the  possibility  of  using  a  2  step  classification  method  where  the  focus  alternates 

between the vegetated and the non-vegetated pixels.

The thermal band presents complementary information for the others, and despite its lower 

spatial resolution, it improves classification accuracy [Ehsani & Quiel 2010].
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Additional information layers could be added to the classification methods to improve the 

results. For example using the NDVI as supplementary information would increase the chances of 

clearly differentiating tea, eucalyptus plots and transitional forest from the rest of the classes since 

these had the highest values.

Improving the precision of land-cover classification can also be done by adding variance 

texture images as input. [Chen & Stow 2002].

Another method altogether can be explored through object oriented classification since a lot 

of problems of ecosystem functioning occurs due to the fragmentation of ecological units [Hartter & 

Southworth 2009]. Spatial dynamics of landscapes interact with ecological processes that have 

important spatial components such as flows of energy and matter between landscape elements, 

biological  productivity  of  different  components  of  the  ecosystem,  biodiversity  and  spread  of 

disturbances [Lambin 2001]. This method could give us more insight on the state of degradation of 

a certain ecosystem or an area, and follow it through a time series.

This could also be done by using methods such as the MSDI proposed by  Tanser and 

Palmer [1999], to judge the degradation stage and its evolution over the years.

4.8.2. Pressures

Mugisha [2002] studied the patterns and roots of land-cover conversion in Uganda over the 

past 100 years. In the study area of the paper, the problems encountered by the communities were 

listed and ranked according to the concern of the inhabitants, in table 18. 

These problems are enclosed in the vicious cycle of natural resources exploitation, overuse 

and degradation. Different scenarios for Uganda are presented by Drichi [2002] where he shows 
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Table 18: Problems faced by the local communities  
ranked by importance [Mugisha 2002].

Rank of problems
1 - Poverty 6 – Food insecurity
2 – Plant diseases 7 – Over population
3 – Streams/rivers drying 8 – Weather changes
4 – Land shortage 9 - Deforestation
5 – Loss of soil fertility 10 – Declining big game
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the  possible  evolution  of  population  growth  and  the  need  for  forest  cover  and  farmland.  As 

presented  in  our  study,  and  confirmed  by  others  such  as  Barasa  et  al.  [2010] Hartter  and 

Southworth  [2009] and  Mwavu  and  Witkowski  [2008],  the  surface  area  covered  by  forest  is 

shrinking at the expense of farmland. 

On top of this, an indication of declining forest health is observed by Hartter and Southworth 

[2009] and Hartter et al. [2011]. The lowering NDVI values within the Kibale National Park between 

1984 and 2010 raises concern as to the vigour of the forest.

Logged forest and woodlands showed an increasing biomass production compared to non 

logged areas, which could give incentives to policy making [Chapman & Chapman 1997]. However, 

the biodiversity will ineluctably be disturbed.

Forest regeneration projects are becoming successful such as the ones financed by private 

electricity companies on Mount Elgon in eastern Uganda with the goal of creating carbon sinks to 

offset carbon dioxide emissions. The global actions result in locally improved water flow, increased 

biodiversity (compared to non-forested land) and sustainable supply of forest products in the region 

[Pirot et al. 2000].

4.8.3. Land-cover change and policy

As observed by Geist and Lambin [2002] significant land-cover/use changes are triggered 

by shock events (droughts, heavy immigration, land policies). There is no universal link between 

cause and effect and therefore tropical forest decline is determined by various proximate causes 

and underlying driving forces. Some are due to market economies and permanent crop expansion 

but most are region specific, thus it is important to stress that no universal policy can be applied. 

However  analysis  of  specific  cases  with  local,  regional  and  national  level  polices  have  to  be 

considered with a holistic approach.

Pirot et al. [2000] suggests working with the 3 basic elements promulgated by the IUCN 

World Commission on Protected Areas (WCPA) which are :

1) wild areas,

2) buffer zones,

3) corridors  that  link  wild  and  buffer  areas  to  facilitate  plant  and  animal 
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migration and possibilities for change. 

In the region surrounding the Kibale National Park, the subsistence agricultural plots are 

damaged by wild  animals.  Close to 90% of  the  animal  raids  occur  within  160m of  the  forest 

boundary [Naughton T. 1997]. The solution of having tea and wood plantations as a buffer between 

the forest  area and the agricultural  plots  is  already observed in  the  north of  the  park.  These 

plantations are not heavily consumed by the animals but they do have the down side of decreasing 

the biodiversity availability.  The plantations are also an important off-farm employment that can 

have a potential impact of tropical forest conservation [Mulley & Unruh 2004].
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5. Conclusions

By comparing different classification methods,  we were able to propose a reliable land-

cover map for the region of the Rwenzori mountains for the Uganda study case of the Afromaison 

project.  Maps  that  were  produced  for  the  years  2001  and  2010,  were  then used  for  change 

detection and class conversion analysis.  These classifications will  now serve their  purpose as 

information layers to be integrated into geographic information systems to aid the development of 

soil erosion reduction strategies and tools.

Landsat  TM and ETM+ images were selected based on their  quality and lack of  cloud 

presences. To cover the study area, 3 images for each date were processed and then classified 

into  land-cover  classes  based  on  ground  truth  data  that  was  obtained  from various  sources. 

Unsupervised and supervised classification algorithms were applied with different parameters and 

band combinations. The classification accuracies were then assessed to determine the method 

that produced the most reliable translation of the terrain. When using the Supervised Maximum 

Likelihood Classification algorithm with bands 1-5 and 7, we obtain a more refined and trustworthy 

land-cover map.

Post classification mosaics where then created with the 3 land-cover maps for each date in 

a  GIS  software.  Surface  areas,  along  with  their  evolution,  were  calculated  to  determine 

deforestation rates as well and the amplitude of surface gains and losses. Conversion matrices 

were also generated to determine the trends in  class conversions.  The classification  methods 

revealed the tendencies of net loss in pristine, natural resources such as forest and wetlands. The 

supervised classification method enabled us to detect the substantial gain in land dedicated to 

agriculture  at  the  expense  of  natural  ecosystems.  Land  classified  as  transitional  forest  also 

witnessed an increase in surface area at the expense of the latter. The general trend of land-cover 

class conversion from forest → transitional forest → mixed agricultural plots was thus verified.

Sources of error were not disregarded especially when the lacking ground truth data had to 

be complemented with visual interpretations of GoogleEarth images. However, it  is certain that 
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using this source of information as a surrogate, combined with remote sensing and GIS represents 

an enormous potential  for  developing decision making tools for environmental and ecosystem-

based management in large, inaccessible regions where field surveys are often difficult and costly.

The  basic  classification  methods  used  can  be  greatly  enhanced  by  introducing 

supplementary information such as NDVI values, especially for tropical areas experiencing forest 

logging  and  regeneration.  A 2  step  classification  method  could  be  implemented  to  improve 

classification results where one would focus first on non-vegetated land, and then on vegetated 

regions. Different band combinations would be used to avoid redundancy, on the one hand, and to 

accentuate spectrally separable vegetation found in longer wavelengths.  

Since ecosystem-based management focuses on the integrity and functionality of systems, 

spatial heterogeneity analysis could be of great assistance. A large portion of the study area was 

analysed,  revealing  that  areas  close  to  cities  and  at  the  interfaces  of  drastically  different 

ecosystems (such as water and forest)  presented the highest  spectral  heterogeneity statistics. 

Other literature studies have demonstrated links between this spatial heterogeneity - landscape 

disturbance and therefore ecosystem malfunctioning.

The consequences of natural resource over-exploitation have been witnessed before and it 

is thus of the utmost importance to utilize the space and energy available in a conscientious way.  

The increased pressures on primary resources are accentuated by a growing population needing 

timber and other forest material, and by the necessity of land space for cultivation. These issues 

have to be met with conviction and integrated into ecosystem-based management  for  a more 

sustainable future for all.
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