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Catchment area (South Africa) using Landsat imagery
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Abstract
Countries around the world are faced with land use and land cover (LULC) change due to various
factors such as rapid population growth, increased demand for agricultural productivity, and change in
climatic characteristics. Land cover change needs to be addressed through monitoring and management.
Automated geographical analysis offers a powerful tool for monitoring and detecting LULC change over
time and space. This study was conducted to assess LULC in the northern Keiskamma catchment of the
Eastern Cape Province of South Africa. The study specifically aimed to quantify LULC dynamics in the
area using Landsat imagery between the years 2000 and 2016. Five images were acquired at an interval
of approximately four years. Six land cover classes were generated by classifying the multispectral and
normalized difference vegetation indices (NDVIs) of each image using an unsupervised classification
technique. Accuracy assessment of the classification based on the latest image was evaluated using
reference data interpreted from Google Earth image. The multi-temporal classes were subsequently
compared in a post-classification change detection analysis. The overall accuracy of the study in
comparison to the reference data was 77%. The change detection analysis revealed a 16% decrease in
dense forest, while there were increases in grass (9%), bush (5%), bare soil/built-up area (2%) and water
body (2%). The cultivated land was the most stable class showing an increase of only 1%. These findings
show that bush encroachment and deforestation are the leading causes of forest degradation in the area.
Keywords: Remote sensing; Land use - Land cover; Change detection; Landsat; NDVI; Keiskamma
Catchment

1. Introduction
Countries around the world are faced with environmental challenges posed by various factors
including the rapid population growth, increase in agricultural practises, increasing demand on natural
resources, climate change and degradation of the natural environment (Schoeman et al., 2013). The
abovementioned environmental threats can result in land cover change. Assessing and monitoring the
state of the earth surface is a key requirement for global change research (Jung et al., 2006). Specifically,
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land cover/use monitoring presents valuable information for understanding the natural and man-made
environments through quantifying vegetation cover from local to global scales at a given time, point or
over a continuous period. It is critical to obtain current states of vegetation cover in order to initiate
vegetation protection and restoration programs. Xie et al. (2008) argued that conventional techniques of
land cover monitoring such as field surveys, literature reviews, map interpretation and collateral and
ancillary data analysis are laborious, time-consuming as well as not financially viable, and often done on
irregular periods
In contrast, remote sensing techniques allow consistent monitoring of large inaccessible areas at
different seasons and requires less time and finances. A land cover/use monitoring study conducted by
Griscom et al. (2010) in Luvuvhu catchment using Landsat imagery revealed that indigenous forest and
shrubland had decreased by 12% between 1978 and 2005. During the same period Bare Ground had
increased by 12%. In a land cover/use change assessment at a national level, Schoeman et al. (2013)
reported that, indigenous vegetation was declining while there was a significant increase in urban,
cultivation, and plantation forestry across South Africa. Ndou (2013) conducted a study relating
vegetation condition to grazing management systems in the Central Keikamma Catchment. The study
showed that, the vegetation of the area was degraded due to overgrazing caused by unregulated livestock
husbandry.
The aim of this research was to document and quantify the amount of change in land cover in Northern
Keiskamma in the Eastern Cape Province from 2000 to 2016 using Landsat imagery. This area includes
Amatola Mountain Ranges which are the headwaters of the Keiskamma River that supplies water to a
vast number of households in the former Ciskei. The Amatola forests act as sponge which absorbs
precipitation and slowly release it into streams and rivers around the area (McMaster, 2005). This study
provides information which can be used to address issues and activities that have a potential of
threatening the state of the catchment.

2. Study Area
The study area (Figure 1) is part of the Amatola Mountain Ranges and is located between rural towns
of Stutterheim (Cumakala) in the northeast and Keiskammahoek in the south of the Eastern Cape
Province of South Africa. The area covers 612740 hectares. The terrain of the study area ranges from
high mountainous region in the north to the gentle rolling slopes in the south. It is characterized by south
flowing rivers, hills, kloofs, plains, rocky ridges and valleys. The highest mountain peak in the Amatola
Mountain range is 1600 m above sea level. The area forms part of Keiskamma catchment and headwaters
for Keiskamma River (Ndou, 2013). The climate in the area is categorized as temperate-like (Mbikwana,
2007) with temperatures dropping to -2 ℃ in winter and rise to up 39 ℃ in summer. The mean annual
precipitation of the area is estimated at 600 mm and the majority of which occurs in summer season
(Mbikwana, 2007). The vegetation in the study area is marked by dense forest patches of yellowed, white
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stinkwoods, Cape chestnuts and other various types of indigenous and invasive plants. The area includes
Kologha and Kubusie thick indigenous woods which are argued to be the biggest swaths in the country
(Hebinck and Lent, 2007). One of the common features of the mountains is the Albany thickets and
flower-rich montane grassland with patches of the Cape flora and Southeast African endemics (Hebinck
and Lent, 2007).

Figure 1: Study area located in the Northern Keiskamma Catchment Area

3. Methods
Multi-temporal satellite images were acquired for the study to monitor and map land cover change.
Specifically, Landsat images acquired between 2000 and 2016 were used in the study (Table 1). The
images were downloaded from the United States Geological Survey online portal
(http://earthexplorer.usgs.gov/) and analysed using ArcGIS 10.1 (ESRI®, Redlands, CA, USA). All the
images were captured from late summer (March) to autumn (April). This period was chosen due to the
fact that most of the vegetation cover is at vigour during that time. Only six bands widely used for land
cover classification were combined to create image for each date. Consequently, each the multispectral
image was extracted for the study area.
Unsupervised isocluster algorithm was used to classify the land cover classes in the study area. The
unsupervised algorithm groups continuously varying pixels into thematic classes (Keuchel et al., 2003).
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In the study, 10 classes were initially created and subsequently interpreted using visual assessment. The
visual interpretation was carried out on all the images by manually comparing an area on the classified
image with the same area on the multispectral image of the same date. The band combination that was
used for interpretation was the false colour combination (near infrared - red - blue) which is suitable for
analysing areas that are mostly vegetated. Following manual interpretations, the classes were reduced to
six by merging similar classes together. The resultant classes were dense forests, bushes, grasses,
cultivated lands, water bodies and bare surfaces/built-up areas.
Table 1: Summary of Landsat data used for the study
Sensors

Acquisition data

Path/Row

Cloud Cover

Bands

Landsat 7 ETM+

2000-04-07

170/83

12.51

6 (1-5,7)

Landsat 5 TM

2004-04-10

170/83

0.43

6 (1-5,7)

Landsat 5 TM

2009-04-08

170/83

0.00

6 (1-5,7)

Landsat 8 OLI/TIRS

2014-03-21

170/83

0.00

6 (2-7)

Landsat 8 OLI/TIRS

2016-04-11

170/83

0.00

6 (2-7)

Post classification has been widely used by various researchers in heterogeneous environment due to
its efficiency in detecting the location, nature and rate of changes (e.g., Hardin et al., 2007; Rujoiu-Mare
& Mihai, 2016; Rawat & Kumar, 2016). This approach was used to obtain the changes in land cover
during the specified period by overlaying the classified maps.
In order to calculate the accuracy of the classification an error matrix was done. The classification
results were evaluated using reference data set obtained through visual interpretation of Google Earth
which has fine spatial resolution and good geometric precision. A total of 151 regularly spaced samples
were used for the evaluation.

4. Results and Discussion
4.1 Land cover classification
Figure 2 presents the classified land cover map derived from multispectral images of the year 2016.
The eastern half of the study area is mostly dominated by dense forest and islands of bush while the
western side is dominated by grass, built-up area and cultivated land. Water bodies mostly dams are not
concentrated in a certain area within the study but are found throughout. Cultivated lands are located
near the water bodies. This is mainly because cultivated lands in the area are irrigated. Dense vegetation
tended to favour the mountainous area whilst grass dominated the relatively gentle slopes. Built-up areas
are found on the flatter surfaces.
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Figure 2: Land cover classes derived from multispectral image of 2016

4.2 Classification accuracy assessment
In order to measure the number of pixels that are correctly classified, an error matrix was created for
the classification derived from multispectral and NDVI data of Landsat 2016. The results of the error
matrix were recorded and tabulated on an error matrix table (Tables 2). The overall accuracy for the
classified multispectral imagery was 77%. Out the 151 samples, dense forest had the most samples, 60
in total. The producer’s and user’s accuracy for dense forest were 82% and 92%, respectively. The
producer’s and user’s accuracy for grass were 73% and 75% respectively. The producer’s and user’s
accuracy for the bush class were 63% and 61%, respectively. The producer’s and accuracy’s for water
body class was calculated at 100% and 25% respectively. The producer’s and user’s accuracy for bare
soil/built-up area class were 100% and 86% respectively.
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Classified

Table 2: Error matrix for the classification using 2016 multispectral image
Dense
forest

Bush

Grasses

Reference
Cultivated
lands

Bare surfaces
/built-up Area

Water
bodies

Total

55
8
1
0
0

4
20
8
0
0

1
5
27
3
1

0
0
0
1
1

0
0
0
0
12

0
0
0
0
0

60
33
36
4
14

3
67
82

0
32
63

0
37
73

0
2
50

0
12
100

1
1
100

4
151

Dense forest
Bush
Grass
Cultivated land
Bare soil/builtup area
Water body
Total
Producer’s
accuracy (%)
Overall
accuracy

User’s
accuracy
(%)
92
61
75
25
86
25

77%

Accuracies of classification derived from NDVI of 2016 are presented in Table 3. The overall
accuracy of the classified NDVI image is 62% and this means only 93 out of the 151 samples were
classified correctly. Similar to multispectral-based classification, the dense forest class is the most
accurately classified class.

Classified

Table 3: Error matrix for the classification using 2016 NDVI image

Dense forest
Bush
Grasses
Cultivated
lands
Bare
soil/built-up
area
Water
bodies
Total
Producer’s
accuracy
(%)
Overall
accuracy

Reference
Cultivated
Bare surfaces
lands
/built-up
Area
0
5
0
1
0
0
0
2

Dense
forest

Bush

Grasses

Water
bodies

Total

0
0
0
0

79
28
24
4

User’s
accuracy
(%)
65
57
54
50

51
6
6
1

10
16
5
1

13
5
13
0

2

1

1

0

10

0

14

71

0

0

0

0

1

1

2

50

66
77

33
48

32
41

2
100

17
59

1
100

151

62%

The classified image based on the multispectral imagery proved to be more accurate (77%) than the
one based on the NDVI (62%). For the bush class producer’s and user’s accuracy were 48% and 57%,
respectively. The grasses had producer’s and user’s accuracy of 41% and 54% respectively. Cultivated
lands had a producer’s and user’s accuracy of 100% and 50% percent, respectively. For bare soil/builtup area, the producer’s and user’s accuracy stood at 59% and 71% respectively. Water body had user’s
accuracy of 100% and 50%, respectively. The NDVI proved to be inadequate in quantifying the land
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cover/use change in a heterogeneous environment. However, the NDVI is still mostly utilised for
assessing vegetation health and distinguishing between vegetated and non-vegetated areas (Ndou, 2013).
Classification of land cover based on the multispectral imagery in heterogeneous environment yields
better results than that based on the NDVI.
In the study, multispectral imagery (Table 2) proved to be a better choice for land cover classification
in a heterogonous environment than the NDVI (Table 3). However, both data show misclassifications
among classes. There was a considerable misclassification between the dense forest, grass and bush class.
This was due to the fact that they had similar characteristics. It can also be attributed to the heterogeneity
of the landscape which influences the conversion between different classes. There was also a notable
misclassification between dense forest and water bodies. Most of the south facing slopes had shadows
which were misclassified as water bodies. Cultivated land in the area is mostly irrigated and the most
common crop is lucerne. Grass in the marsh areas near the water bodies was frequently misclassified as
cultivated lands due to its greenness similarity to that of irrigated crops.
The overall accuracy of the classified land-cover maps indicated that the integration of unsupervised
classification and the visual interpretation of vegetation cover class on Google Earth™ as an essential
technique for the documentation of vegetation cover changes in the study area. The user’s accuracies for
all the land cover classes were above 60% except cultivated land and water body. There was not much
difference with the producer’s accuracies as they were also over 60% with the exception of cultivated
land which had a lower accuracy. Considering the fact that the study area is part of the Amatola Mountain
Ranges which is characterised by complex terrain, the accuracy levels of this study was deemed
satisfactory as compared to similar studies. Griscom et al. (2010) found an overall accuracy of 80% that
is 3% better than that of this study; this can be linked to the hybrid classification utilised in their study,
and ground truthing employed in their study.
The overall accuracy of the classified NDVI was relatively low compared to that of the multispectral
imagery (Table 2 and 3). It must be noted that there is not much literature focusing on land cover mapping
using the NDVI which it is mostly utilised for assessing vegetation health or greenness. Kakembo et al.,
(2006) noted that NDVI values can be affected by low levels of chlorophyll in some vegetation, In which
case other vegetation indices are more applicable.
4.3 Land cover change detection
Table 4 shows the land cover change between year 2000 and 2016. Vegetation classes which include
grass, dense forest, cultivated land and bush showed to be more dynamic than non-vegetation classes.
The bush class increased by 5% from 2000 to 2016. Dense forest had the largest area coverage of the six
classes and it showed the most decrease. Dense forest class decreased by 16% while area cover with
grasses witnessed increment with about 9%. Out of the four vegetation classes, the cultivated land class
is the least dynamic class which decreased by 1%. The decrease in dense forest and cultivated land was
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a result of deforestation, increase in human settlements and drought conditions that persisted in the area
in 2014-2016 (Mhangara, 2011; Ndou, 2013). Bush increased as a result of suppression of fire and rainfall
variability (Kgosikoma & Mogotsi, 2013). The non-vegetation classes, namely, bare soil/built-up area
and water bodies had the lowest area coverage compared to vegetation classes. Bare soil/built-up areas
class increased by 2%. Water body had the least area coverage out the six classes.
The results revealed changes that varied for different classes, that is, some classes increased whilst
others decreased. There were different drivers to these changes. The dense forest class was mostly
affected by these changes which caused it to decrease drastically. As it was highlighted earlier that the
study area has commercial timber plantations which are harvested from time to time. This contributed to
the decrease in the area coverage of dense forest. The regeneration of newly plant trees takes time and
they are usually dispersed and therefore misclassified as bush.
There was an increase in the bush class, and that can be attributed to the decrease in the dense forest
canopy which exposes the short sparse vegetation. Also, the newly planted trees are sparsely located in
relation to each other. Due to low density in the canopy of the newly planted trees, they appeared as bush
on the remotely sensed imagery. There is also a visible invasion of the grassland by the bush, especially
on the 2009 classified map (Figure 3). Various factors contribute to the invasion of grassland. For
example, soil properties, suppression of fire and rainfall variability and other factors such as bush
encroachment (Naidoo, 2011; Kgosikoma & Mogotsi, 2013).
Bush encroachment in the study area is prevalent on the grassland used for communal livestock
grazing. Grass also showed significant increase during the 16 years period. As McMaster (2005) asserted
that, some of the state owned forest management teams have in the past tried to curb the spread of the
invasive alien into grassland. Over the years such efforts contributed in the increase of grassland.
However there are areas of grass which were converted to bare soil in the communal grass lands. This
was primarily attributed to overgrazing and agricultural practices (McMaster, 2005). Water body and
cultivated land did not show much change in terms of area coverage.
Table 4: Land cover distribution for northern Keiskamma Catchment 2000-2016
LULC

2000

2004

2009

2014

2016

Area(ha)

%

Area (ha) %

Area (ha) %

Area (ha) %

Area (ha) %

29057

5

44263

7

48921

8

30770

5

39759

7

Bush

123368

20

56921

9

174770

29

68440

11

153732

25

Cultivated land

32871

5

34389

6

35222

6

31219

5

21518

4

Dense forest

319058

52

341905

56

269149

44

289910

47

221207

36

Grass

103481

17

108478

18

60729

10

183963

30

161142

26

Water body

4905

1

26782

4

24085

4

8438

1

15382

3

Bare soil/built-up
Area
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The spatial distribution of various land cover classes varied across the study area (Figure 3). The study
area was dominated by dense forest, bush and grass respectively. These three classes were ubiquitous
through the 16 year period. The dense forest class had the largest loss land cover coverage. At the same
period grasses and dense forest classes showed a significant growth in coverage.

Figure 3: Time series from 2000-2016 based on the classified multispectral imagery

5. Conclusion
Landsat data were used to assess land use / land cover change in Keiskamma Catchment area. The
study showed that land cover in the study area was dynamic with most of the changes observed for on
the vegetation classes such as the dense forest, grass and bush. In contrast, the non-vegetation classes
such as water body, bare soil/built-up area, and cultivated land appeared to be less dynamic. Only two
classes, namely, cultivated land and dense forest recorded a negative growth, such decrease in dense
forest can translate into loss of biodiversity. The overall results of this study showed Landsat’s rich
archival data and its usefulness in land cover monitoring efforts.
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