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Abstract

:

Using Satellite Remote Sensing and Geographic Information System, this paper analyzes the land use and land cover change dynamics in the Bosomtwe District of Ghana, for 1986, 2010 thematic mapper and enhanced thematic Mapper+ (TM/ETM+) images, and 2014 Landsat 8 Operational Land Imager and Thermal Infrared Sensor (OLI/TIS) image. The three images were geo-referenced and processed for classification, using the maximum likelihood classifier algorithm. A Jeffries-Matusita’s separability check was used in confirming the degree of spectral separation acceptability of the bands used for each of the land use and land cover classes. The best Kappa hat statistic of classification accuracy was 83%. Land Use and Land Cover (LULC) transition analysis in Environmental Systems Research Institute ESRI’s ArcMap was performed. The results of the classification over the three periods showed that built up, bare land and concrete surfaces increased from 1201 in 1986 to 5454 ha in 2010. Dense forest decreased by 2253 ha over the same period and increased by 873 ha by the 2014. Low forest also decreased by 1043 ha in 2010; however, it increased by 13% in 2014. Our findings showed some of the important changes in the land use and land cover patterns in the District. After the urbanization process, coupled with farmland abandonment, between 1986 and 2010, substantial increments in urban land and clear increments in farmland coverage between 1986 and 2014were found to be the reason for vegetation cover decreases. This suggests that major changes in the socio-ecological driving forces affecting landscape dynamics have occurred in the last few decades.
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1. Introduction


The dynamics of human land use and land cover (LULC) changes have implications for land use and environmental management and planning in peri-urban areas [1,2,3,4]. In view of this, modelling the human land uses and land cover (LULC) change is essential for the assessment of consequent social and environmental impacts of human activities [5]. Globally, quite a substantial amount of research has been done on the use of remote sensing and GIS to model the land use and cover dynamics [6,7,8,9] and [10]. In peri-urban areas where demand for land meant for various applications persist, it is imperative to assess the degree of LULC changes. This is so, in order to identify the trends and to ascertain the extent of land use types trade-off among the different LULC applications [11].



Considering the fact that the peri-urban areas are the melting pots of diverse socio-economic undertakings [12], it is imperative to monitor the trends of land use and cover changes to ensure that these are in sync with the available land space and the rate of population growth over time. Theorizing the construction of land surface change dynamics, Prenzel [13], examined configuration of the earth surface, in terms of the spatial and structural landscape dynamics over time. In terms of the spatial and structural landscape dynamics, the landscape configuration dynamics should be seen as structural-temporal occurrence changing over time [7,13,14]. In order to categorically and quantitatively analyze these LULC dynamics, remote sensing applications are imperative. This is apparently because the quantitative changes are amenable to remote sensing and geo-information modelling.



Furthermore, Nagarajan and Poongothai [15] have indicated that human interference and interactions with the land surface result in a variety of outcomes. These varieties of outcomes constitute the LULC change patterns from a complex system [16]. In this regard, considering the rapid changes in the land use and cover driven by population increases and expended demand for land. It is crucial that accurate and up-to-date land use and cover change information is produced for both human society as well as environmental planning purposes [17].



According to Addo [12], the use of remote sensing and GIS tools for the mapping of peri-LULC changes have revealed intriguing results and offered some critical policy recommendations for sustainable land management. In the same vein, Weerakoon [18] studying the suitability of urban agriculture, has also opined that it is extremely difficult to thoroughly appreciate the levels of land use and cover change decision making, from only descriptive perspectives, without quantification. This assertion is in partial support of the submission made by Rounsevell et al. [19] that many variables that describe forest land use change, for instance, is qualitative in nature and are difficult or impossible to describe in quantitative form.



However, sometimes the story told by the people from their perceptions requires scientific corroboration, using a “second opinion” from the air using quantitative methodologies. This is important especially in areas where human accessibility is restricted for a fair judgment of results perceived by human interpretations [6]. Assessing LULC changes from a quantitative point of view therefore, provides insights into a decision-making process and complementing those qualitative assessments based on expert opinion.



In his work on the peri-urban land use, Dutta [20] indicated that human activities ranging from agriculture to residential land uses have had considerable impacts on the peri-urban environment. Land use and cover change analysis is therefore crucial in establishing the interactions among the drivers and effects of land use change. This is because these have long-term implications on environmental management [21]. In the Bosomtwe district, urban-peri urban migration from the main city centres in closer proximity to the district have led to the increase in infrastructure of built and bare land and concrete land sue surfaces in the north-western part of the district.



Abbas et al. [10], in their study of the urbanization in Katsina, Nigeria, indicated that urban sprawl and its concomitant effects of soil and land degradation resulting from increasing built environments, continues to characterize the peri-urban landscape. Sreenivasulu and Bhaskar [22] have once again supported this assertion by explaining that changes in land use can be due to urban expansion and the loss of agriculture land, changes in river regimes, and the effects of shifting cultivation.



The Bosomtwe district of the Ashanti region is one of such area, which from a cursory observation might suggest some considerable land use and land cover dynamics. Over the years, the district, though predominantly rural, its peri-urban presence leaves much for land use policy implications at least in the next decade. Although some research on LULC dynamics have been done in the district, specific LULC studies employing the tools of remote sensing and GIS, has not been done for the entire district. Modelling of LULC change dynamics require robust approaches, such as geo-information tools which helps in assessing to an appreciable extent, the rate of changes, be it increasing and/or decreasing trends, in general for the Bosomtwe District. The suitability of these techniques has been supported by Addo [12] who indicated that the use of geo-information techniques offer relative advantages of allowing access to areas being used as peri-urban farmlands to be rapidly established at relatively low cost.



The effort for this work is to corroborate, or otherwise, the earlier results of perception of land use change dynamics by inhabitants of the district derived from a socio-economic survey. In view of this, the justification for the use of the Landsat TM imagery was warranted to explain the actual trends of land use and land cover changes in the district [1]. Accordingly, Manonmani and Suganya [23] have reiterated that GIS and remote sensing have the potential to support decisions by providing data and analytical tools for the study of urban environments. The objective of this paper is to analyze, using geo-information (remote sensing and Geographic Information System) to ascertain the LULC change dynamics in the district, for the past 21 years.




2. Results


This section reports the result of the Jeffries-Matusita Distance spectra separability as well as the Kappa hat statistical accuracy assessment of the LULC classification before reportage of the actual change detection results for the various LULC, as well as the land use transitions among the LULC types. Nonetheless, for reducing uncertainty in land cover dynamics, only the most important changes were taken into account in order to clearly separate the true changes from possible misclassification.



2.1. Interpretation of the Spectral Plots


The signature mean plots (Figure 1a) for the 1986 image yielded a Best Minimum Separability of the Jeffries-Matusita index of 1263.45. It shows that most of the land use classes were moderately separated in the bands, except the band 2, where almost all the classes coincided. This was expected to an extent, considering the level of reflectance characteristics of the images as per the surface configuration of the area at that time. Temporal degradation of the land during this time had exposed a greater percentage of the land to bare and open woodland and farm lands.
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Figure 1. Spectoral Separability Plots for LULC Classes for (a) 1986 LULC; (b) 2010 LULC; (c) 2014 LULC. 
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Separability in the 2010 (Figure 1b) image indicated a Best Minimum Separability of Jeffries-Matusita of 1287.51; thus, almost all the land use classes were from fairly separated to moderately separated. Especially in band 5, all the land use classes, with the exception of low forest and other uses as line stripes, separated well; this was especially so with the water body. In the same light, band 4 was also well separated. However, bands 1 and 2 did not show a better separability among the LULC types. This is an expected outcome since water reflects better in band 7. The signature plot (1c) for the 2014 image also shows that, with the exception of band 4, 5 and 6, which showed a moderate separability of the built up, low forest and water bodies, the rest of the land use classes were fairly separated by the remaining three bands. The Best Minimum Separability of Jeffries-Matusita index is 1072.25.




2.2. Classification Accuracy


In this study, because of the absence of the former land use maps and aerial photographs for the area, which would have been used as reference for accuracy checks, field observations were made and GPS points measured and recorded. This was used to aid in the assessment of the overall Kappa and individual class accuracies for the producer and user accuracies. The Kappa statistic is generally accepted as a measure of classification accuracy for both the model as well as user of the model of classification [24]. Kappa values are characterized as <0 as indicative of no agreements and 0–0.2 as slight, 0.2–0.41 as fair, 0.41–0.60 as moderate, 0.60–0.80 as substantial and 0.81–1.0 as almost perfect agreement [24,25]. The overall classification accuracy of the images yielded a Kappa hat statistic of 80.70%, 72.41% and 82.76% for the 1986, 2010 and the 2014 images, respectively. This is an indication of classification accuracy of moderately substantial to almost perfect agreement (Table 1).



The overall accuracies were very good with the user and producer accuracies also being considerably high for almost all the land use classes. This is an indication of an acceptable LULC classification accuracy for images for which there were no available ground truth data as well as aerial photographs nor a pre-existing land use land cover maps. The high to very high accuracy of classification for the three images, emphasize the precision of the LULC sampled points obtained via the Global Position System (GPS) survey. For the accuracy assessment of the 1986 image, the technique of land use persistency was used and juxtaposed with the current GPS points collected from current field work.



The only limiting factor in the check for LULC accuracies was the absence of reference maps or points, during the accuracy assessment process; this was however fixed by another approach. On the basis of the classification accuracy check for the 1986 image, owing to the absence of pre-existing land use maps or aerial photographs to be used as the base reference map, we resorted to the Google history for the date of 20th April 2003. From the image, we assume that land use/covers such as the lake and towns, as well as some farmland were constantly put to such use over several years’ events; therefore, these LULC types do not change position over time. Based on this assumption, we selected the land use and land cover points from the Lake Bosomtwe, and settlements such as Kuntenase the district capital, Abono, Esereso, Nkonwi, Amankwaadei and New Brodekwaano, which did not change over the time and their respective coordinates recorded.



Subsequently, other land use types such as the dense forest reserve, near Aputuogya and at the southeastern part of the Lake as well as some farmlands visible in the Google image were also selected and their coordinates recorded as well. In all, 57 land use and land cover points were picked for the five land use categories namely the dense Forest, Low Forest, Built up and concrete areas, Open wood and farmlands as well as the Lake (water body).



These ground control points (GCPs) were imported into the ERDAS Imagine software, to compare the signatures of the various land uses to compute the accuracy assessment. At the end of the computation, the percentage accuracy of the classification was considerably improved over the previous value to 80.70%. The overall Kappa accuracy was also 0.764; this is, by far, a more improved accuracy.
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Table 1. Classification contingency matrix for 1986, 2010 & 2014 images.
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1986 ERROR MATRIX

	




	
LULC Class

	
DF

	
LF

	
BBC

	
OWLF

	
WB

	
Total




	
DF

	
9

	
1

	
0

	
0

	
0

	
10




	
LF

	
1

	
6

	
0

	
0

	
0

	
7




	
BBC

	
0

	
0

	
10

	
1

	
0

	
11




	
OWLF

	
0

	
2

	
0

	
0

	
12

	
14




	
WB

	
0

	
0

	
0

	
0

	
9

	
9




	
Total

	
10

	
9

	
10

	
1

	
21

	
51




	

	
Reference Totals

	
Classified Totals

	
Number Correct

	
Producers Accuracy

	
Users Accuracy

	
Classification Accuracy




	
DF

	
14

	
10

	
9

	
64.29%

	
90.00%

	




	
LF

	
9

	
7

	
6

	
66.67%

	
85.71%

	
80.70%




	
BBC

	
11

	
11

	
10

	
90.91%

	
90.91%




	
OWLF

	
13

	
14

	
12

	
92.31%

	
85.71%




	
WB

	
10

	
9

	
9

	
90.00%

	
100.00%

	




	

	
2010 ERROR MATRIX

	




	
LULC Class

	
DF

	
LF

	
BBC

	
OWLF

	
WB

	
Total




	
DF

	
1

	
0

	
0

	
0

	
0

	
1




	
F

	
2

	
2

	
2

	
6

	
0

	
12




	
BBC

	
1

	
0

	
31

	
0

	
0

	
32




	
OWLF

	
0

	
1

	
4

	
6

	
0

	
11




	
WB

	
0

	
0

	
0

	
0

	
2

	
2




	
Total

	
4

	
3

	
37

	
12

	
2

	
58




	

	
Reference Totals

	
Classified Totals

	
Number Correct

	
Producers Accuracy

	
Users Accuracy

	
Classification Accuracy




	
DF

	
4

	
1

	
1

	
25.00%

	
100.00%

	




	
LF

	
3

	
12

	
2

	
66.67%

	
16.67%

	
72.41%




	
BBC

	
37

	
32

	
31

	
83.78%

	
96.88%




	
OWLF

	
12

	
11

	
6

	
50.00%

	
54.55%




	
WB

	
2

	
2

	
2

	
00.00%

	
100.00%

	




	

	
2014 ERROR MATRIX

	




	
LULC Class

	
DF

	
LF

	
BBC

	
OWLF

	
WB

	
Total




	
DF

	
2

	
0

	
0

	
0

	
0

	
2




	
LF

	
1

	
1

	
0

	
3

	
0

	
5




	
BBC

	
0

	
0

	
34

	
0

	
0

	
34




	
OWLF

	
1

	
2

	
3

	
9

	
0

	
15




	
WB

	
0

	
0

	
0

	
0

	
2

	
2




	
Total

	
4

	
3

	
37

	
12

	
2

	
58




	

	
2014 ERROR MATRIX

	




	

	
Reference Totals

	
Classified Totals

	
Number Correct

	
Producers Accuracy

	
Users Accuracy

	
Classification Accuracy




	
DF

	
4

	
2

	
2

	
50.00%

	
100.00%

	




	
LF

	
3

	
5

	
1

	
33.33%

	
20.00%

	
82.76%




	
BBC

	
37

	
34

	
34

	
91.89%

	
100.00%




	
OWLF

	
12

	
15

	
9

	
75.00%

	
60.00%




	
WB

	
2

	
2

	
2

	
100.00%

	
100.00%

	








DF = Dense Forest; LF = Low Forest; BBC = Built up/Bare land/Concrete; OWFL = Open woodland/Farm Lands; WB = Water Body.









3. Analysis of Land Use and Land Cover Types


3.1. Analysis of LULC Classes for the 1986 Image


The land use land cover class statistics were computed by subtracting the component areas covered by clouds and its shadows, over the image. This subtraction was the reason for the reduction in the size of the total area of the district under study. The presence of the cloud cover and shadow for example, reduced the total land area from 32,900 ha to 32,432 and 31,613 ha for the 1986 land areas, respectively. Results for the analysis of the 1986 image shows that the LULC types at that time was a reflection of the incidence of drought and wild fires that characterized the previous year starting from 1983 to 1985. From Figure 2, it can be observed that the vegetation cover of the district was largely degraded temporarily (since the vegetation regenerated in subsequent years).
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Figure 2. LULC Map of 1986 Landsat 5 TM image. 
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Results from the classified image shows that open woodlands and farmlands dominated the landscape, with 12,722 hectares (ha), representing 39% of the land area. Next in importance was the low forest, which was the newly regenerating vegetation. This covered an area of 9181 ha with percentage coverage of 28%. Patches of dense forests, that survived the drought and wild fires constituted an appreciable proportion of 5834 ha representing 18% of the total land area. Built up/Bare land and Concrete surfaces at the time was low; it occupied 1201 ha. The only water body that was classified is the Lake Bosomtwe. Other water bodies were not discernible from the images for classification. The lake area was identified to be 3494 hectares.




3.2. Analysis of Land Use Land Cover (LULC) Classes for 2010 Image


By 2010, the LULC classes have shown considerable change dynamics with some profound revelations in terms of the dense forest and low forest cover (Figure 3). The total area of dense forest cover in that year was 3581 ha representing only 10% of the entire district LULC. This deficit in coverage on the dense forest led to the appreciation in land areas of land uses and covers as Open Woodland and farmlands with 11,530 ha, as well as low forest, with 8138 ha, measuring up to about 36 and 25% by proportion respectively. Build up/Bare land and concrete land use and cover, were identified low to be 5454 ha representing 17% of the area coverage. The lake (water body) in that year was 3420 ha representing 11% of the total area.
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Figure 3. LULC Map of 2010 Landsat ETM+ image. 






Figure 3. LULC Map of 2010 Landsat ETM+ image.
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3.3. Analysis of LULC Classes for the 2014 Image


The 2014 image shows that the district has experienced an appreciable level of cover changes in terms of the increasing build up / bare lands and concrete surfaces. The land use and land cover (LULC) classes showed some startling revelations as far as the area coverage of the respective land uses were concerned.



Low forest cover maintained its high area of coverage with 10,947 ha, representing 33% of the total area of land use and covers. Open wood land and farmlands was also next by area coverage of 9367 ha, with a proportion of 29%. Build up/bare land and concrete surfaces, although showed an increase from the visual observation, the statistics of 4597 ha by area coverage, indicated a decrease in area from the 2010 image, representing 14% of the total land area. The area covered by the lake (water body) was 3424 ha representing about 11% of the total area (Figure 4).
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Figure 4. LULC Map of 2014 Landsat 8 OLI/TIS image. 






Figure 4. LULC Map of 2014 Landsat 8 OLI/TIS image.
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4. Analysis of Land Use and Land Cover Change Trends


4.1. LULC Classes Change Trends between 1986 and 2010


The land use and land cover (LULC) class trend analysis shows the direction in which the various classes are heading using their respective initial years of comparison as the base. Between 1986 and 2010, the 24-year period, dense forest decreased by 2253 ha. Low forest also decreased by 1043 ha, with built up bare land and concrete areas increasing by 4253 ha. The water body (Lake Bosomtwe), also receded its shores by 75 ha. Open wood and farmland increased appreciably 1192 ha, over the period under review (Table 2, Figure 5). This was the case since the district has and continues to recover from the drought and temporal vegetation degradation. By this year, most of the land, particularly, the forest cover had been converted into farmlands.




4.2. LULC Classes Change Trends between 2010 and 2014


The LULC trends between 2010 and 2014 indicated that human activities had begun taking considerable toll on the land use and cover types. Dense forest increased by 873 ha, while open woodland and farmlands also decreased by 2164 ha. Low forest, built up/bare and concrete surfaces increased and decreased by 2810 ha and 857 ha, respectively. The marginal decrease in the Built up areas was due to the component of bare land areas that were re-vegetated by open wood and farmland as well as by low forest covers over the period. Intrinsically, however, the residential and commercial components of the built up class showed an increase in area of coverage. The water body (Lake Bosomtwe), by 2010, had marginally reclaimed its shores by 5 ha over the five-year period (Table 2 and Table 3). The differences in the total land areas are attributed to the proportions of line strips and cloud covers that represented noise in the images. These proportions were not included in the overall area estimations.



Considering the predominance of negative trend in the LULC classes, it was obvious that certain land use classes especially low forest cover and farmland areas, had transition into other uses by the year 2014. It is pertinent to note that the built up, bare land and concrete surfaces in the previous years could be converted to other uses such as low forest and open woodland and farmland. This is because most of the bare land areas included the bare school parks (e.g., Onwe No. 2), the illegal gold mining (also known as “galamsey” in local parlance) pits between Beposo and Amakom communities and sand winning sites that dotted the district. All these bare areas have conversional abilities to other uses as indicated at a certain conversion probabilities.
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Table 2. Composite table of area statistics in Hectares.
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Year

	
1986

	
2010

	
2014




	
LULC

	
Area (ha)

	
%

	
Area (ha)

	
%

	
Area (ha)

	
%






	
DF

	
5834.15

	
18.0

	
3581.37

	
10.4

	
4454.46

	
13.6




	
LF

	
9180.62

	
28.3

	
8137.62

	
46.8

	
10,947.33

	
33.4




	
BBC

	
1201.00

	
3.7

	
5454.36

	
11.9

	
4596.93

	
14.0




	
OWFL

	
12,722.35

	
39.2

	
11,530.26

	
20.1

	
9366.75

	
28.5




	
WB

	
3494.23

	
10.8

	
3419.64

	
10.7

	
3424.32

	
10.5




	
Total

	
32,432.35

	
100

	
32,123.25

	
100

	
32,789.79

	
100
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Table 3. Land use and land cover (LULC) change trend from 1986 to 2014.
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LU Classes

	
1986 to 2010

	
2010 to 2014




	
Area (ha)

	
% Change

	
Area (Ha)

	
% Change






	
DF

	
−2253

	
−63

	
873

	
+20




	
LF

	
−1043

	
−13

	
2810

	
+26




	
BBC

	
4253

	
+78

	
−857

	
−19




	
OWFL

	
−1192

	
−10

	
−2164

	
−23




	
WB

	
−75

	
−2

	
+5

	
0
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Figure 5. Grouped bar graph of the LULC Area (Ha) for 1986, 2010 and 2014. 
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5. Land Use and Land Cover Change Transition between the Years


This section analyses the land use and land cover change transitions from one year to the other. This is done to ascertain the degree of change and the intensity of change transitions from one class of land use and land cover to the other, over the period spanning between the two image years. This analysis was aided by the cross-tabulation algorithm of the ArcMap software.



5.1. Land Use and Land Cover Change Transition from 1986 to 2010


The land use and land cover change (LULCC) matrix was used to analyze the rates of land use type conversions from one land use class type (i) to another type (j), between the various years intervals of analysis. These were the co-transitions occurring between 1986 and 2010 as well as 2010 and 2014. Their corresponding probabilities of change were also determined and displayed in the appropriate tables following the matrix tables. This was to measure the rate of change as well as to facilitate the use of the Markov chain modeling to predict the changes in land use types into the future. The various LULC transitions have been presented in the appropriate transition matrices in tables.



Between 1986 and 2010, the area of LULC retention, constituted a total of 1294 ha representing about 42% of the total area. The most land use land cover conversion occurring within this period is the conversion of low forests into open woodland and farm lands (OWFL) a total conversion area of 3360 ha. As seen in Table 4, there was a substantial increase in built up, bare and concrete surface land uses by 3806 ha, representing 78% change over the period. This was gained from the conversion of open woodland and farm lands as well as dense forest by 2059 ha and 637 ha, respectively. The former LULC change was represented by an overall percentage decrease by 62% during this period.



There is a net negative change in the forest cover both dense and low forest covers by a total of 2818 ha representing a total change of decrease by 73%. As a result, some of the bare areas identified as a component of the (built up/bare land and concrete lands) was actually re-vegetated into low forest over the 24 years; the net effect on the forest regeneration did not show any significant improvement. The available statistical data from population census for the study district suggest some proximate answers that confirm the classification results for increased built up. For instance, in 2000, the population was 67,494. This increased to 93,910 in 2010 and a projected figure of 104,470 people was estimated for 2014 [26]. In actual fact, peri-urban residential and commercial built up land uses have increased tremendously over the period, also with evidence from ground truth experiences.
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Table 4. Land use class transition matrix from 1986 to 2010.
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LULC Classes

	
2010 Image

	
1986 Total




	
DF

	
LF

	
BBC

	
OPWL

	
WB






	
1986 Image

	
Dense Forest

	
1158

	
2017

	
637

	
1378

	
0

	
5190




	
Low Forest

	
819

	
2205

	
1657

	
3360

	
0

	
8042




	
Built Bare/Conc.

	
36

	
142

	
501

	
367

	
4

	
1051




	
Open Wood/Farm Lands

	
1155

	
2842

	
2059

	
5151

	
1

	
11,207




	
Water Body

	
28

	
9

	
2

	
30

	
3079

	
3148




	

	
2010 Total

	
3196

	
7215

	
4856

	
10,286

	
3084

	
28,638




	
Change (ha)

	
−1994

	
−827

	
3805

	
−921

	
−64

	




	
Change (%)

	
−62

	
−11

	
+78

	
−9

	
−2

	









All other land use transitions did occur marginally including the Lake Bosomtwe water body which was converted to open woodland and farmlands along its fringes through agriculture activities closer to the banks of the lake.



On the basis of the conversion probabilities, between 1986 and 2010, the water body, built up area and the open woodland and farmlands had land use probability persistence rates of more than 30%with the forest covers having rates less than 30% (Table 5). There is a 42% likelihood that most of the open woodland and farmlands were created from the conversion of low forest covers.
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Table 5. Land use transition probability matrix from 1986 to 2010.
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LULC Classes

	
2010 Image

	




	
DF

	
LF

	
BBC

	
OPWL

	
WB

	
1986 Total






	
1986 Image

	
Dense Forest

	
0.22

	
0.39

	
0.12

	
0.27

	
0.00

	
1.00




	
Low Forest

	
0.10

	
0.27

	
0.21

	
0.42

	
0.00

	
1.00




	
Built Bare/Conc.

	
0.03

	
0.14

	
0.48

	
0.35

	
0.00

	
1.00




	
Open Wood/Farm Lands

	
0.10

	
0.25

	
0.18

	
0.46

	
0.00

	
1.00




	
Water Body

	
0.01

	
0.00

	
0.00

	
0.01

	
0.98

	
1.00










5.2. Land Use Class Transition Matrix from 2010 to 2014


The land use land cover matrix from 2010 to 2014, portrayed major land use conversions/transitions from one land use class to another. At this time, the various land use class types were in real transition of change after the base year’s land use cover anomalies. This was particularly so for the diagonal matrix of land uses that maintained their types in the following reference years by an increase over the previous reference year at a total of 17,340 ha. This was about 54% of the total land area. The highest conversions from one type to another, however, was from open woodland to low forest cover and to build up with 3068 ha and 2027 ha respectively in 2014 (Table 6).
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Table 6. Land use class transition matrix from 2010 to 2014.
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LULC Classes

	
2014 Image

	




	
DF

	
LF

	
BB/Conc.

	
OW/FL

	
WB

	
2010 Total






	
2010 Image

	
Dense Forest

	
1525

	
1518

	
34

	
501

	
4

	
3581




	
Low Forest

	
1324

	
4732

	
75

	
2006

	
0

	
8138




	
Build Bare/Conc.

	
514

	
1435

	
2218

	
1288

	
0

	
5454




	
Open Wood/Farm Lands

	
981

	
3068

	
2027

	
5450

	
3

	
11,530




	
Water Body

	
0

	
0

	
5

	
0

	
3415

	
3420




	
2014 Total

	
4344

	
10,753

	
4359

	
9245

	
3422

	
32,123




	

	
Change (Ha)

	
+763

	
+2615

	
−1095

	
−2285

	
+2

	




	

	
Change (%)

	
+18

	
+24

	
−25

	
−25

	
0

	









Furthermore, there was a conversion of dense forest to low forest by 1518 ha while 2006 ha of low forest were converted into open woodland and farmland. Up to 1435 ha of built up bare land and concrete surfaces were covered up by low forest. There were marginal conversions of the lake by an area of 5 ha to build up bare land and concrete areas. By 2014, the proportion of dense forest has increased by a percentage gain of 21%. However, of very significant increase in land use proportion was the low forest, with an approximate percentage of 32%. The probability of land use conversion from other land uses to build up, bare land and concrete was again less that 20%, while the probabilities for the transition from other land uses into forest and low forests were 42 and 58%, respectively (Table 7).
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Table 7. Land use transition probability matrix from 2010 to 2014.
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LULC Classes

	
2014 Image




	
DF

	
LF

	
BB/Conc.

	
OW/FL

	
WB

	
Total






	
2010 Image

	
Dense Forest

	
0.43

	
0.42

	
0.01

	
0.14

	
0.00

	
1.00




	
Low Forest

	
0.16

	
0.58

	
0.01

	
0.25

	
0.00

	
1.00




	
Build up/Bare/Concrete

	
0.09

	
0.26

	
0.41

	
0.24

	
0.00

	
1.00




	
Open Wood/Farm ands

	
0.09

	
0.27

	
0.18

	
0.47

	
0.00

	
1.00




	
Water Body

	
0.00

	
0.00

	
0.00

	
0.00

	
1.00

	
1.00









The tables of rate of change and trend are a furtherance of the explanations offered to the LULC change and transitions occurring within the classes over the periods of time, according to the Markov chain approach. This approach explains the probability of change from one class to another class or the probability of same LULC retention of class according to their relevant proportions. These explain the potentials and the conversion possibility of the LULC from one time to another according the laws of cellular automata conversion principles from one cell state (i,j) to another after time t.





6. Discussions


The seeming improvement in the vegetation cover was obtained from the open and bare land areas which were re-vegetated over the 24 year period. Explicitly, residential and commercial built up land uses were actually increasing. What presented the false impression was the composite built up-bare-concrete land use, part of which (bare areas) were covered in subsequent images. This trend of the LULC dynamic notwithstanding, there is a considerable reduction and transition from dense forest cover into low forest, which in itself also contains some human land use i.e., plantation agriculture. Again the fact that open woodlands are increasing indicates that the level of agriculture based and other vegetation reduction based activities that emit carbon dioxide would continue to increase and consequently increase the local atmospheric greenhouse gas (GHG) loading [21]. The increasing concentrations would have implications for “local warming” with variable impacts on the local climate, especially temperature and rainfall patterns.



The results obtained and analyzed, from the land use classes for the various years indicated that the district is experiencing appreciably rapid urbanization as the study conjectures and to a large extent corroborated by the socio-economic survey [27]. Areas that exhibited peri-urban to urban land uses are concentrated mostly in the northwestern part of the district. Communities occupying this sub-section of the district include; Esereso, Sawua, Jachie, Pramso and Aputuogya. The remaining communities in the district remain predominantly rural. The expansion rate in the growth of built up bare land and concrete surfaces area concurs with Acheampong and Anokye [28] that population pressure and associated demand for residential accommodation are usually anticipated phenomena in peri-urban areas. The trending of this growth is seen in the typical “funnel-shaped” pattern from the main city centers towards the Bosomtwe District.



Clearly, land use and cover trends are largely inconsistent with increasing built up/bare land and concrete surfaces, as the classification results depict. In consonance with ground truth and population information, built up areas have increased to such an appreciable extent. This finding reinforces the general argument that areas of perceived urbanization tend to demonstrate rapid growth in residential and built up land uses [29].The trends identified are characteristic of peri-urbanization to a possible urbanization.



Although the dense forest increased marginally in 2010, the low forest cover continued to increase considerably. In classifying the land uses and covers, some of the land use types were identified from ground truth. However, these were embedded in the low forest vegetation cover, with plantation farms of oil palm and some citrus fruits that dominate some areas in the district. This point to the fact that forest cover invariably loses quality in abundance whenever there is competition for the land use cover, in proportion to the other land uses, comparatively [30]. Open woodland and farmlands are created during the clearing and burning of the vegetation, in preparation for cultivation. As far as forest cover as a sink to carbon dioxide is concerned, the enhanced emissions of anthropogenic sources could increase the carbon dioxide loads in the immediate local atmosphere [31]. The consequences of these on local climate variability and change are imminent in the district.



The pointers show that land use in the district, though originally rural and agricultural, has been changing from the more agriculture and forest land uses (AFOLU) to peri-urban residential and commercial land uses, though at moderate rates of conversion. This is arguably an encouraging land use trend that needs to be promoted in order to reduce forest degradation and agriculture based greenhouse gasses emissions. The foregone analysis of the result shows that LULC transition in the district has been in the direction of built up/bare areas and concrete. There may be other extraneous factors responsible for this trend. This is because while low forest decreases in one year, there is a marginal transition from other land use classes into low and dense forest covers in subsequent years. This fluctuating trend in land use, however, is more in favour of built up bare and concrete areas, at the expense of forest land use and cover types over the entire periods under analysis. This situation according to Peng et al [32], is usually attributable to the rural land uses that change in response to the drivers of economic changes occurring as a result of modernization of the rural landscape and gradually replaced by the urban landscape characteristics.




7. Materials and Methods


7.1. Profile of the Study Area


The Bosomtwe District is located in the central part of the Ashanti Region. It lies within Latitude 6°28′N–Latitude 6°40′N and Longitudes 1°2′W–Longitude 1°37′W. Kuntenase is the District Capital. It spans over a land area of 330 km2 (Figure 6). The District is bounded to the North by Atwima Nwabiagya and theKumasi Metropolis as well as to the East by Ejisu-Juaben Municipal. The southern section is bounded by Amansie West and East Districts, all in the Ashanti Region of Ghana.
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Figure 6. Map of the Bosomtwe District showing the study communities in Ghana. 
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Lake Bosomtwe, the largest natural (crater) lake in Ghana is located in the district. With the exception of the lake which has an outer ridge that maintains a constant distance of 10 km from the center of the lake and stands at an elevation of 500 to 1500 m, the rest of the district has other varying unique topographical features. The drainage pattern of rivers and streams draining the Bosomtwe District is dendritic and centripetal in outlook. Around Lake Bosomtwe, there is an internal drainage where the streams flow from surrounding highlands into the lake in a centripetal fashion. The streams form a dense network due to the double maxima rainfall regime. Notable rivers in the district are rivers Oda, Butu, Siso, Supan and Adanbanwe.



The district falls within the equatorial zone of climate with a rainfall regime typical of the moist semi-deciduous forest zone of the country. There are two well-defined rainfall seasons. The main season occurs from March to July and September to November with mean annual rainfall of about 1900 mm. The mean monthly temperature is about 36 °C with a relative humidity of between 60 and 85%.



The district falls within the Moist Semi-Deciduous Forest zone where different species of tropical hard woods with high economic value can be found. Species of trees found in the district include Wawa (Triplochiton scleroxylon), Mahogany (Khaya ivorensis), and Onyina (Ceiba pentandra) among others. In certain parts of the district, however, the original forest cover has been turned into secondary forest and grassland through indiscriminate exploitation of timber and inappropriate farming practices such as the slash and burn system and illegal gold mining activities.



The physical growth of settlements in the district is influenced by distance between the settlement and the Kumasi Metropolis. Further, the presence of infrastructure, socio-economic activities, the tourism sector improvements are all value additions to various land uses and cover. These make the district one of the potentially boisterous in the Ashanti Region.




7.2. Data and Software


The classification and analysis of the various LULC classes were done using three Landsat satellite images covering the Landsat 5 TM for 1986 acquired on the 29th December 1986, Landsat 7 ETM+ for 2010 acquired on 6th February and Landsat 8 OLI/TIS for 2014 was acquired on the 8th January, respectively (Table 8 and Figure 7 a–c). The choice for the selection of the three dates was influenced by the image quality in terms of those with limited or low cloud cover. The years with considerable evidence of vegetation regeneration after the 1980s forest fires due to prolonged drought conditions; and the need to ascertain the LULC trends over the 24 year period was considered long enough to generate adequate changes. The Garmin Global Position System (GPS) receiver was used to pick some 58 coordinates of selected land use land covers as ground control points from the field. The locations of these reference data were determined at random by identifying and locating the land use classes of interest in the field and their GPS points and coordinates picked and recorded. The instrument accuracy was determined at ±3m. The field surveys were conduction in early part of February 2013. The accuracy of the 1986 image was determined to form expert knowledge of the study district. The 2010 accuracy were determined using co-ordinate points of land uses obtained from the Google Earth image. The 2014 classification was assessed using the GPS points of selected land uses and land cover types collected in the field. These were used in the accuracy assessment procedure.





[image: Ijgi 04 01265 g007a 1024][image: Ijgi 04 01265 g007b 1024] 





Figure 7. The Landsat ETM/ETM+ Satellite Images for (a) 1986, (b) 2010 and OLI/TIS Image of (c) 2014 respectively, used in the classification of the LULC types. 
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Table 8. Satellite images characteristics.
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Year

	
Satellite Sensor

	
Date Acquired

	
Spatial Resolution

	
Bands Used

	
Solar Elevation






	
1986

	
Landsat 5 TM

	
1st of November

	
30m × 30m

	
1, 2, 3, 4, 5 & 7

	
45.06




	
2010

	
Landsat 7 ETM+

	
6th of February

	
30m × 30m

	
1, 2, 3, 4, 5 & 7

	
2010




	
2014

	
Landsat 8 OLI/TIS

	
8th of January

	
30m × 30m

	
1, 2, 3, 4, 5 & 7

	
2014









The image analytical software used and detailed in the methodological flow diagram, were Hexagone Geospatial’s ERDAS Imagine13 and ESRI’s ArcGIS v.10.1 (Figure 8). Based on the field experience and familiarity of the study area as well as the spectral characteristics of the images, the land use and cover classes identified were: Dense Forest cover (DF), Low Forest cover (LF), Built up/Bare lands and Concretes (BBC), Open Woodland and Farm lands (OWLF), Water Body (WB). Other phenomena such as cloud cover and line strips on the images were classified but were not used in the land use matrix analysis (Table 9).
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Table 9. LULC classification scheme.
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LULC Classes

	
Descriptions of Land Use Land Cover Classes






	
Dense Forest (DF)

	
Deciduous and semi-deciduous forest tree cover with canopies typical of the tropical rainforest biome. Mostly restricted to the upper elevations of mountains ranges of the area including along the rims of Lake Bosomtwe.




	
Low Forest (LF)

	
Vegetative communities dominated by evergreen trees, with mean heights usually between 6 and 15 m. Also included in this class is the plantation agriculture such as oil palm and citrus.




	
Built Up/Bare Land/Concrete (BBC)

	
This is a land-use dominated by urban, peri-urban to rural settlements including bare, tarred and un-tarred roads as well as other concrete surfaces.




	
Open Woodlands/Farm Lands (OWFL)

	
Actively cultivated and fallow lands and prepared lands for cultivation. Vegetative communities dominated by perennial and annual grasses with occasional herbaceous species presence.




	
Water Body (WB)

	
The only water body classified is the Part of the lake Bosomtwe which falls in the study area.




	
Other Uses

	
These refer to the other uses identified as image noise such as cloud cover and shadows.








Adapted from Kepner et al. [33].
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Figure 8. Methodological work flow in ERDAS Imagine and ArcGIS. 
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7.3. Jeffries-Matusita Distance Separability and Accuracy Assessment


A spectral separability was also done to ascertain the degree of separation of each of the six (one, two, three, four, five and seven) bands from the other. This was also to appreciate the relative separability performance of each band according to the land use classes and to show the performance of the user in assigning certain pixel to a land use and land cover class. The separability criteria were assessed using Jeffries-Matusita index and compared with the divergent index [33]. In combination with the classification accuracy assessment, the quality of the results was checked. As reported in the appropriate sections, the results accuracy ranged from moderate to almost perfect agreement.



7.3.1. Spectral Separabilty


A spectral separability was done after classification, to ascertain the degree of separation of each of the six (one, two, three, four, five and seven) bands, from the other. This was also to appreciate the relative separability performance of each band according to the land use classes they reflected. This was to show the performance of the user in assigning certain pixel to a land use and land cover class. The separability criteria were assessed using Jefferies-Matusita and compared with the divergent indices [34]. The separability listing also contains the average divergence and the minimum divergence for the band set. These numbers can be compared to other separability listing (for other band combinations), to determine which set of bands is the most useful for classification.



The Jeffries-Matusita distance has upper and lower bounds (JM is between zero and 1414). If the calculated divergence is equal to the appropriate upper bound, then the signatures can be said to be totally separable in the bands being studied. A calculated divergence of zero means that the signatures are inseparable. That is, the JM values that ERDAS Imagine reports are those resulting from multiplying the values in the formula times 1000. A separability listing is a report of the computed divergence for every class pair and one band combination (Figure 1, Figure 2, Figure 3, Figure 4 and Figure 5).




7.3.2. Classification Accuracy Assessment


Classifying LULC maps from satellite images, require a quality check on the acceptability of the results of the classes that have been trained and assigned to each pixel in the image. The use of aerial photographs and previous LULC classes as well as the use of Global Position System (GPS) shows identified ground control points (GCPs), which are, in most instances land use types. The area of interest has invariably been used to corroborate the accuracy of LULC classification [32]. In the absence of base maps and aerial photographs of the study area, GPS points of 58 LULC types were selected as ground controls points (GCPs) to ascertain the accuracy of the classification. This was done using the Kappa hat statistical analysis.





7.4. Image Classification and Change Detection


The LULC classes were assigned with the help of the classifier based on the user defined classification schema [33]. This scheme was based on the visual interpretation of the images coupled with the user’s familiarity of the study area. In view of the relatively low spatial resolution of 30m × 30m, some of the classes have been combined for interpretation convenience. The scheme adopted is, described in Table 9. This scheme formed the basis for the creation of the training areas which also contained the sampled LULC types from the field as GCPs in the image for the picking up of spectral signatures for the various LULC classes.



The classification algorithm used in the ERDAS Imagine software was supervised maximum likelihood classifier (MLC). Image differencing was performed in ArcGIS to ascertain the levels of change from one land use type to the other and by how much in terms of area in hectare. The rate of change (r) was calculated using the formula:


   r   =   1   −      [  1   −    (     A 2    −    A 1     A 1     )   ]    1 / t     



(1)




where, A1, A2, and t are the LULC map of previous year, the current year and the time in years as duration between the two years respectively [35].




7.5. Land Use Land Cover Change Transition


The analysis of the results from the image years between 1986 and 2002 and 2002 and 2007, LULC types were cross-tabulated for their transitional matrix shows that the land use classes transited from one type to another according some degree of proportions. Using the Markov transition matrix approach, we determined the transition rates from one land use type to another under certain intrinsic conditions. This was executed in ArcGIS cross-tabulation tool functionality.



This is because land use transitions follow rules that determine the change of a cell’s state during a subsequent iteration, according to Samat et al. [36]. These have cellular automata (CA) tendencies, which are based on the cell conversion probability, also called the likely rate of transition from one cell state (i,j) to another after a time t. These five land use classes represent main land use activities in the district as per the classification. The transition of cells from time t to t+1 is determined by a function of its state, cell suitability and its transition probability rule.



This is given by equation below:


       t   +   1   L U   =   f  (     t   (  L U  )    x    t   (   S  i ,   j    )    x    t   (   P  x ,   y ;   i ,   j    )     )    



(2)




where,

	
t+1LUi,j = the potential of cell i,j to change at time t+1,



	
tLUi,j = current land use type of cell i,j at time t,



	
tSi,j = states of cell i,j at time t,



	
tPx,y,i,j = probability of cell i,j to change from state x to state y at time t+1.








The diagonals of the matrix, in Table 4 and Table 6, indicate, for instance, the land use types in area per hectare that was remained without any conversions of LULC class over the time period [7,37].





8. Conclusions and Recommendations


The LULC trends from 1986 through to the years 2010 and 2014 are consistently in favour of built up/bare land and concrete surfaces, as well as the open woodland and farmlands, to an appreciable extent. These trends are certainly the characteristics of peri-urbanization and a possible urbanization, consequently. This result largely implies that the Bosomtwe district is rapidly peri-urbanizing as the study conjectured, based on the earlier increasing urbanizing trend from the 1980s to the early 2000s.



In any case, the general observations from the field work, coupled with the classified images, show that plantation agriculture and food subsistent crop farming, dominate the landscape in terms of land use and cover in the District from 1986 to 2014. However, the pointers show that the land is put more to the use of residential and commercial purposes than agriculture and forest land uses (AFOLU).



In general terms, however, the probability of other land use types changing into other LULC types is highly in favour of built up and concrete land uses. According to the Markov chain transition reaction of proportions, the land use activities could lead to the general reduction in the vegetation cover in the district consequently over the next 24 years projected into the future. In comparing the vegetation and non-vegetation covers of the district, it can be observed that LULCs other than built up areas (which rapidly increased) are slightly increasing at the expense of forest covers. As low forest and dense forests reduce in size, particularly from 1986 to 2010, it is an indication of the reduction in agriculture and forest land use activities in the district. Conservation and protection of forest land use and cover are still imperative to ensure that forest based carbon emissions are controlled from unsustainable land use practices at the local scale [38,39].



The study findings have shown important changes in the land use and land cover patterns in the district. After an urbanization process, coupled with farmland abandonment between 1986 and 2010, substantial increments in peri-urban to urban land uses and clear increments in farmland coverage were found between 2010 and 2014. This suggests that major changes in the socio-ecological driving forces affecting landscape dynamics have occurred in the last two decades or so. In addition, this Landsat data-based study has provided insight into the dynamics of peri-urban landscapes, within the context of urban planning science.







Acknowledgments


The authors are grateful to the West African Science and Service Centre of Climate Change and Adapted Land Use, for the financial support for this study. We also thank the Department of Photogrammetry and Geoinformatics, Stuttgart University of Applied Sciences immensely, for the use of their Remote Sensing and GIS laboratory to get access to the current software for this study. We thank Stella Adiaba formerly of the Keel University, United Kingdom and Jemimah Abena Nyamekye for proof-reading the manuscript for language and grammatical coherence. We finally thank the anonymous reviewers for their constructive critique of this paper.




Author Contributions


The scheme of work was performed according to task-sharing among co-authors. Divine Odame Appiah first conceptualized the paper and was fine-tuned in accordance with the data by Dietrich Schröder and John Tiah Bugri, Eric Kwabena Forkuo and Divine Odame Appiah designed the study, and performed the classification and statistical analysis. Divine Odame Appiah and Dietrich Schröder wrote the first draft of the manuscript. Divine Odame Appiah, John Tiah Bugri, and Eric Kwabena Forkuo conducted the literature survey. All four authors managed the analyses and discussions of the data. All contributing authors read, corrected and approved the final manuscript before submission. Divine Odame Appiah served as the lead and corresponding author.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Vizzari, M. Peri-urban transformations in agricultural landscapes of Perugia, Italy. J. Geogr. Inf. Syst. 2011, 3, 145–152. [Google Scholar]

	



Van Asselen, S.; Verburg, P.H. Land cover change or land-use intensification: simulating land system change with a global-scale land change model. Glob. Chang. Biol. 2013, 19, 3648–3667. [Google Scholar]

	



Deng, J.S.; Wang, K.; Hong, Y.; Qi, J.G. Spatio-temporal dynamics and evolution of land use change and landscape pattern in response to rapid urbanization. Landsc. Urban Plan. 2009, 92, 187–198. [Google Scholar] [CrossRef]

	



Regos, A.; Ninyerola, M.; Moré, G.; Pons, X. Linking land cover dynamics with driving forces in mountain landscape of the Northwestern Iberian Peninsula. Int. J. Appl. Earth Obs. Geoinf. 2015, 38, 1–14. [Google Scholar] [CrossRef]

	



Rimal, B. Application of Remote Sensing and GIS, Land Use/Land Cover Change in Kathmandu Metropolitan City, Nepal. J. Theoret. Appl. Inf. Technol. 2011, 23, 80–86. [Google Scholar]

	



Mallupattu, P.K.; Reddy, J.R.S. Analysis of Land Use/Land Cover Changes Using Remote Sensing Data and GIS at an Urban Area, Tirupati, India. Sci. World J. 2013. [Google Scholar] [CrossRef] [PubMed]

	



Al-Bakri, J.T.; Duqqah, M.; Brewer, T. Application of remote sensing and GIS for modeling and assessment of land use/cover change in Amman/Jordan. J. Geogr. Inf. Syst. 2013, 5, 509–519. [Google Scholar] [CrossRef]

	



Uchegbulam, O.; Ayolabi, E.A. Satellite image analysis using remote sensing data in parts of Western Niger Delta, Nigeria. J. Emerg. Trends Eng. Appl. Sci. 2013, 4, 612–617. [Google Scholar]

	



Zhou, Q.; Li, B.; Chen, Y. Remote sensing change detection and process analysis of long-term land use change and human impacts. Ambio 2011, 40, 807–818. [Google Scholar] [CrossRef] [PubMed]

	



Abbas, I.I.; Muazu, K.M.; Ukoje, J.A. Mapping land use-land cover and change detection in Kafur local government, Katsina, Nigeria (1995–2008) using remote sensing and GIS. Res. J. Environ. Earth Sci. 2010, 2, 6–12. [Google Scholar]

	



Lambin, E.F.; Geist, H.J.; Lepers, E. Dynamics of land-use and land-cover change in Tropical Regions. Annu. Rev. Environ. Res. 2003, 28, 205–241. [Google Scholar] [CrossRef]

	



Addo, K.A. Urban and Peri-urban agriculture in developing countries studied using remote sensing and in situ methods. Remote Sens. 2010, 2, 497–513. [Google Scholar] [CrossRef][Green Version]

	



Prenzel, B.G. Remote sensing-based quantification of land-cover and land-use change for planning. Prog. Plan. 2004, 61, 281–299. [Google Scholar] [CrossRef]

	



Prenzel, B.G. Remote Sensing and GIS for Thematic Land Surface Analysis and Monitoring: A Case Study of the Tondano Study Area, Sulawesi, Indonesia. Master’s Thesis, Department of Geography, York University, Toronto, ON, Canada, 2002; p. 163. [Google Scholar]

	



Nagarajan, N.; Poongothai, S. Trend in land use/land cover change detection by RS and GIS application. Int. J. Eng. Technol. 2011, 3, 263–269. [Google Scholar]

	



Ometto, J.P.; Sampaio, G.; Marengo, J.; Assis, T.; Tejada, G.; Aguiar, A.P. Climate Change and Land Use Change in Amazonia. Report for Global Canopy Programme and International Center for Tropical Agriculture as part of the Amazonia Security Agenda project. 2013. Available online: http://segamazonia.org/sites/default/files/press_releases/climate_change_and_land_use_change_in_amazonia.pdf (accessed on 18 November 2014).

	



Shalaby, A.; Gad, A. Urban. Sprawl Impact Assessment on the Fertile Agricultural Land of Egypt Using Remote Sensing and Digital Soil Database, Case Study: Qalubiya Governorate; US-Egypt Workshop on Space Technology and Geo-information for Sustainable Development: Cairo, Egypt, 2010. [Google Scholar]

	



Weerakoon, K.G.P.K. GIS assisted suitability analysis For urban agriculture; as a strategy for improving green spaces in Colombo urban area. Int. J. Remote Sens. Geosci. 2013, 2, 56–62. [Google Scholar]

	



Rounsevell, M.D.A.; Reginster, I.; Arau´jo, M.B.; Carter, T.R.; Dendoncker, N.; Ewert, F.; House, J.I.; Kankaanpa, S.; Leemans, R.; Metzger, M.J.; et al. A coherent set of future land use change scenarios for Europe. Agric. Ecosyst. Environ. 2006, 114, 57–68. [Google Scholar] [CrossRef]

	



Dutta, V. Land use dynamics and Peri-urban growth characteristics reflections on master plan and urban suitability from a sprawling North Indian city. Environ. Urban. 2012, 3, 277–301. [Google Scholar] [CrossRef]

	



Suresh, Y.; Balachandar, D.; Murthy, K.R.; Muruganandam, R.; Kumaraswamy, K. Land use/land cover change detection through using remote sensing and GIS technology—A case study of St. Thomas Mount Block, Kancheepuram District, Tamil Nadu. Int. J. Curr. Res. 2011, 3, 501–504. [Google Scholar]

	



Sreenivasulu, V.; Bhaskar, P.U. Change detection in land use and land cover using remote sensing and GIS techniques. Int. J. Eng. Sci. Technol. 2010, 2, 7758–7762. [Google Scholar]

	



Manonmani, R.; Suganya, G.M.D. Remote sensing and GIS application in change detection study in urban zone using multi temporal satellite. Int. J. Geomat. Geosci. 2010, 1, 60–65. [Google Scholar]

	



Maingi, J.K.; Marsh, S.E. An Accuracy Assessment of 1992 Landsat-MSS Derived Land Cover for the Upper San Pedro Watershed (U.S./Mexico); United States Environmental Protection Agency: Washington, DC, USA, 2002; p. 29. [Google Scholar]

	



Landis, J.R.; Koch, G.G. The measurement of observer agreement for categorical data. Biometrics 1977, 33, 159–174. [Google Scholar] [CrossRef] [PubMed]

	



Ghana Statistical Service (GSS). 2010 Population and Housing Census. District Analytical Report of the Bosomtwe District; Ghana Statistical Service: Accra, Ghana, 2014; p. 96. [Google Scholar]

	



Lunetta, R.S.; Ediriwickrema, J.; Iiames, J.; Johnson, D.M.; Lyon, J.G.; McKerrow, A.; Pilant, A. A quantitative assessment of a combined spectral and GIS rule-based land-cover classification in the Neuse River Basin of North Carolina. Photogramm. Eng. Remote Sens. 2003, 69, 299–310. [Google Scholar] [CrossRef]

	



Acheampong, R.A.; Anokye, P.A. Understanding households’ residential location choices in Kumasi’s Peri-urban settlements and the implications for sustainable urban growth. Res. Humanit. Soc. Sci. 2013, 3, 60–70. [Google Scholar]

	



Appiah, D.O.; Bugri, J.T.; Forkuo, E.K.; Boateng, P.K. Determinants of Peri-urbanization and land use change patterns in Peri-urban Ghana. J. Sustain. Dev. 2014, 7, 95–109. [Google Scholar] [CrossRef]

	



Ravetz, J.; Fertner, C.; Nielsen, T.S. Remaking Cities Contradictions of the recent urban environment. In Peri-Urban Futures: Scenarios and Models for Land Use Change in Europe; Nilsson, K., Pauliet, S., Bell, S., Aalbers, C., Nielsen, S.T., Eds.; Routledge Publications: New York, NY, USA, 2013; pp. 13–44. [Google Scholar]

	



CIFOR. Simply REDD; CIFOR’s Guide to Forests, Climate Change and Reducing Deforestation and Forest Degradation (REDD). 2012. Available online: http://www.cifor.org/publications/pdf_files/media/MediaGuide_REDD.pdf (accessed on 29 November 2014).

	



Peng, J.; Wu, J.; Yin, H.; Li, Z.; Chang, Q.; Mu, T. Rural land use change during 1986–2002 in Lijiang, China, based on remote sensing and GIS data. Sensors 2008, 8, 8201–8223. [Google Scholar] [CrossRef]

	



Kepner, W.G.; Watts, C.J.; Edmonds, C.M.; Maingi, J.K.; Marsh, S.E.; Luna, G. A Landscape approach for detecting and evaluating change in a semi-arid environment. Environ. Monit. Assess. 2000, 64, 179–195. [Google Scholar] [CrossRef]

	



Lea, C.; Curtis, A.C. Thematic Accuracy Assessment Procedures: National Park Service Vegetation Inventory, Version 2.0. Natural Resource Report NPS/2010/NRR—2010/204; National Park Service: Fort Collins, Colorado, 2010. Available online: http://www1.usgs.gov/vip/standards/NPSVI_Accuracy_Assessment_Guidelines_ver2.pdf (accessed on 21 November 2014). [Google Scholar]

	



Gambarova, Y.; Gambarov, A.; Rustamov, R.; Sefikhanly, V.; Kerimly, U.; Zeynalova, M. Rare vegetation degradation in relation to cattle grazing in Gobustan, Azerbaijan: Classification and change detection from remotely-sensed images. Int. Geoinf. Res. Dev. J. 2013, 4, 1–9. [Google Scholar]

	



Samat, N.; Hasni, R.; Abdalla, Y.; Elhadary, E. Modelling land use changes at the Peri-urban areas using geographic information systems and cellular automata model. J. Sustain. Dev. 2011, 4, 72–84. [Google Scholar] [CrossRef]

	



Mackenzie, J. Land-Use/Land Cover Transitions in delaware, 2002–2007. Ph.D. Thesis, University of Delaware, Newark, DE, USA, 2002. [Google Scholar]

	



Jackson, B.; Dudley, N.; Jackson, W.; Jeanrenaud, J.-N.; Stolton, S.; Schlaepfer, R. Assessing Forests at a Landscape Scale; Routledge: Oxford, UK, 2012; p. 192. [Google Scholar]

	



Virgilio, N.; Marshall, S. Forest Carbon Strategies in Climate Change Mitigation: Confronting Challenges Through On-the-Ground Experience; The Nature Conservancy: Arlington, VA, USA, 2009; p. 64. [Google Scholar]





© 2015 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution license (http://creativecommons.org/licenses/by/4.0/).







media/file18.png





media/file13.png
35000

Z

= || Legend !
e Towns
Streams

——— Railway line
Class 2 Roads
— Class 1 Roads
- Lake Bosomtwe
‘:] District Boundary

654000 660000 666000 72000






media/file9.png
I oense Forest +
B 5uitd upiBare landiConcrete
Open woodiand/F arm lands

850000






media/file10.png
735000

730000

725000

720000

715000

654000
1

660000
1

678000
1

684000
1

|:| Boundary_distr.
- Low Forest
- Water Body

- Dense Forest = < < o o

- Build up/Bare land/Concrete 0 8 12 16

D Open woodland/Farm lands c-:_ _Km

| 1 1 1 1 |
654000 660000 866000 672000 678000 684000

735000

730000

725000

720000

715000






media/file5.png





media/file15.png





media/file19.png
Pre-processed and
shape of district
boundary sub-set

Visual interpretation
a

J-DM
Spectral
Separability

Landsat Satellite
Images

TM/ETM+

Data Analysis in

Scanned Map

of District

Image Classification
Supervised (Max_Like)

nd training of pixels

Image subtraction and
Cross-tabulation in
ArcMap

K_hat
Accuracy
Assessment

Map Georeferenced
and

Creation of Vector
layers by digitizing

Digital Topo
Map of

District

UTM-projected

District
Boundary

Roads/Rail





media/file14.png
672000

678000

735000

720000

715000

710000

Legend

———t

Towns

Streams
Railway line
Class 2 Roads
Class 1 Roads
Lake Bosomtwe

District Boundary

678000

715000 720000 725000 730000 735000

710000






media/file6.png
00 0000EL
1

v 000522
1

678000
1

672000
1

-

16

2
I <M

+ =
©
I_l
4
(]
¥ @
ms
© g
mL
o E
+2 &
B s B
-, v 8
w)
d_mm,mmw
W.F mlo
® m s g =
derFU
52 & =228
o © =
e 848 =239a@ 60
@
)
-l

T
678000

T
672000

no000seL






nav.xhtml


  ijgi-04-01265


  
    		
      ijgi-04-01265
    


  




  





media/file11.png
LULC Classes (ha)

14,000
12,000
10,000
8,000
6,000
4,000
2,000

0

1986

WLF

2010

Years

HBBC - OWFL

2014

LR'Y:)





media/file1.png
ik

Mean

~Open woodlan

(b)

16000

14000

=
10000

(¢)

— LowForest






media/file16.png





media/file2.png
IS






media/file20.png
Landsat Satellite

Images

TM/ETM+

g

Pre-processed and
shape of district
boundary sub-set

\

\ 4

o

Visual interpretation
and training of pixels

Data Analysis in
ERDAS Imagine

and ArcMap
Software

GPS Data

v

J

l

J-DM
Spectral
Separability

\ 4

Image Classification
Supervised (Max_Like)

K hat
Accuracy
Assessment

\ 4

Image subtraction and
Cross-tabulation in
ArcMap

~

+——

Scanned Map
of District

\ 4
— ~
N~
Map Georeferenced
and UTM-projected

s
Creation of Vector
layers by digitizing

LULC

CHANGE -

MAPS

- J

District
Boundary

Roads/Rail

Lake
Bosomtwe

Digital Topo
Map of
District






media/file7.png
Legend

[ Boundary_distr.
I vater Bogy
[] other uses (cloudine stripes)
=1 woo Farm lands

Open
n

dland/ Fay
=L

Low Forest
[ 0ense Forest
[ 5uid up/Bare land/Concrete

654000 660000






media/file12.png
LULC Classes {ha)

14,000
12,000
10,000
8,000
6,000
4,000
2,000

0

B DF

“LF

H BBC

- OWFL

1986

2010

Years

2014

mWB





media/file3.png
120

100

80

A

= K0
b

40

K

20

18000

16000

14000

12000

[
[

.
n

Layer

(b)

/

10000
EEE%%ﬁéEEEEE%%EEEEE;;;;;ig??iih____ﬂ__ﬁ_h__%hq_h
2000 [
6000
4000
1 2 3 4 4]

Layer

(¢)






media/file0.png
Mean

" — — Dense Forest
Low Forest

— Buid up/Bar

Layer

- Degraded/Far
— Water Body
— Other Uses [






media/file17.png





media/file8.png
735000

730000

725000

720000

715000

654000
1

672000
1

678000 684000
1 1

|:| Boundary_distr.
- Water Body
I:l Other uses (clo

ud/line stripes)

Open woodland/ Fa.g_m lands

- + - + +
[ 1 Low Forest
B o s 0 12 16
i B N I <7
I cuild up/Bare landiConcrete
1 1 1 1 1 1
654000 660000 666000 672000 678000 684000

735000

730000

725000

720000

715000






