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 The rapid rate of urbanization in third world countries leads to rapid land-use land cover change. Thus, 
managing the land-use land cover change of the town is important for the proper urbanization process. To 
analyze the land-use land cover (LULC) change, multi-temporal and high-resolution aerial, geospatial 
techniques of GIS, remote sensing and satellite imagery methods were used.  Results of this study revealed 
that the LULC coverage of forest, grasslands, and agricultural areas of the town rapidly decreased and 
converted to built-up areas. To control the rapid LULC change of the town, greenbelt principles have to be 
promoted. Hence, accordingly, findings of this research conclude that the town administration has to plan to 
acquire aerial photography of the town every three years to sustain the sustainable development.  
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1. INTRODUCTION 

Urbanization is the process of a large number of people becomes 
continually dwelling in specific areas and forming cities (Britannica, 
2019). Even though it is a worldwide phenomenon, the rate of 
urbanization is very speedy in third-world countries. So, the high rate of 
urbanization exposed land-use change (Ibrahim et al., 2015). According to 
the UN estimation in 2017, 4.1 billion people (55% of the world 
population) were living in urban areas. It occurs mainly because people 
move from rural areas to urban areas and it results in growth in the size of 
the urban population and leads to land-use change (Hannah et al., 2015).  

Most of the users wrongly used and described the terms “land use” and 
“land cover” interchangeably. Nevertheless, each term has a very specific 
meaning. “Land use is commonly defined as a series of operations on land, 
carried out by humans, intending to obtain products and/or benefits 
through using land resources” (Coffey and Ryan, 2015). Whereas “land 
cover” defines the specific land cover on the ground, it could be vegetation, 
built-up infrastructure, water, grassland, or others. For that matter, the 
use of land may be different for lands with the same cover type. Hence; 
land-use change is the conversion of a piece of land used by people, from 
one purpose to another. This means the land can be converted from 
farmland to grassland or from vacant areas to urban development (FCRN, 
2018). Therefore, land-use changes result in two major processes. The 
first process is due to the expansion of human activities changing the land 
cover and the second practice is a change of management type on existing 
land cover, this land-use change, can occur without shifting the land covers 
(Kyle et al., 2019). 

Subsequently, detecting land use land cover is one of the most essential 
and common uses of remote sensing image analysis. Change detections can 
execute by visual interpretation of two images by a qualified interpreter 
or with GIS software and tools (Karen et al., 2018). To understand change 
over time, a high spatial and temporal resolution for several different 

years is required. The temporal resolution increases the detect-ability and 
assessment of land-use change in the past, present, and future. It can be 
possible to analyze the change using either satellite or aerial images 
(Source medium.com). Change detection techniques are useful to identify 
different land-use land cover changes over time. It is also common in 
Ethiopia to use low and medium-spatial resolution satellite and aerial 
imagery for detecting land-use changes (Terfa et al., 2020; Burayu, 2018; 
Alemu et al., 2008; Congedo, et al., 2012,). 

According to a study higher spatial resolution imagery enhanced the 
accuracy of land-use land cover (LULC) classification and better analysis 
(Haregeweyn et al., 2012). In addition, the higher resolution images would 
provide more detailed information than the lower resolution images. 
Thus, the more pixels an image has allows remarkably identifying the 
small features, narrow streets on the ground. However, even though the 
medium-resolution images lack differencing features with the shadow, 
they argue the high-resolution images are a recent phenomenon. 
Consequently, the use of low and medium-resolution is mandatory to 
address the trends of the early years.  

Therefore, to manage the rapid LULC change and associated 
consequences; analyzing LULC change over time is vital for the urban 
planner and decision-makers of the town Administration. Thus, this study 
attempts to address and analyze the major land-use land cover (LULC) 
changes of Burayu town from 1986 to 2020 using geospatial techniques 
and high-resolution aerial and satellite imagery. Besides, the study 
forecasts the LULC change trends of the town by 2030 and suggests 
potential points for the decision-makers and researchers. 

2. STUDY AREA, DATA AND METHODS 

2.1   Study Area 

Before the development of early settlements, the area of Burayu town was  
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covered with dense forest. The town is found in Oromia National Regional 
State, under the Oromia special zone administration (Figure-1) and 
spatially connected with the city of Addis Ababa (Burayu Town 
Administration, 2018).As the census report of the Central statistics 

agency, the total population of Burayu town in 1984 was 4,138, and in 
1994, and 2007 was 10,027 and 63,873 respectively. According to the 
2007 census, the population projection in 2020 estimated 111,222 (CSA, 
2013). 

 

Figure 1: Map of the study area 
Source: Computed using the town administration boundary shape file overlay with Ethio-GIS data, 2020 

2.2   Data Sources 

Both primary and secondary data sources are used. Primary data was 
collected through a field and personal observation, and interviews. As this 
study-applied geospatial techniques to assess the land-use land cover 
change (LULC) detection, comprehensively secondary data from aerial and 
satellite images were used. Thus, 15cm (2014) and 25cm (2017) 
resolution aerial image, 5m (2006) resolution SPOT-5 images, and 
additionally 30m Landsat-5 (1986 & 1996) and Landsat-8 (2020) spatial 
and temporal resolution historical images were used to show the trends 
expressively. Additionally, books, journals, websites, and reports are used 
to associate and verify the findings (NOAA, 2018; NOAA, 2019). 

2.2.1   Methods of Data Extraction and Analysis  

Mainly the GIS and remote sensing software of Arc Map, ERDAS Imagine, 
and Microsoft office (Word, Excel, etc.), and other software programs used 
to extract, organize and analyze information’s from the aerial and satellite 
imagery as well as field survey data. Furthermore, the quantitative data is 
presented through statistical tools (chart, table, figure, and map) and   
qualitative data were examined in the content analysis approach. 

2.2.2   Data Processing 

For LULC studies, multi-temporal images require to adjust to a similar 
coordinate system, spatial resolution, and spectral resolution (Lingli et al., 
2008). As multi-temporal and spatial resolution aerial and satellite images 
are used, spatial, radiometric, and spectral enhancements are applied. 
Hence, to maintain the data consistency; the image coordinate system 
transformed to a local datum, the spatial resolutions of the image re-
sampled to 5m resolution, and used similar spectral bands (red, green, and 
blue). 

2.3   Methods 

2.3.1   The Role of Geospatial Techniques  

Remote sensing and GIS are the most fundamental and commonly used 
geospatial techniques to identify the LULC changes of the cities. It helps to 
detect the changes by visually interpreting the two different images and 
using trained GIS software. For the analysis of the urban pattern and 
process, remote sensing data are commonly used, but it is not enough to 
analyze the causes or consequences of the expansion (Bhatta, 2010).  

According to recent study, the spatial resolution of images is classified into 
three categories; low resolution - over 60m, medium resolution- 10 to 
30m, and high to very high resolution - 30cm to 5m (Earth Observing 
System, 2019). To map, the horizontal expansion of cities widely used 

remote sensing data and techniques. Lands at images are capable of 
detecting horizontal and vertical urban growth. 

2.3.2   Land Use Land Covers Change Detection 

In the context of remote sensing, change detection refers to the process of 
recognizing changes in land features by observing them at different times. 
This process can be executed both manually and/or automatically by 
interpreting the satellite images or aerial photos for a given area of 
interest and comparing them between images from two dates (Jason et al., 
2019). Moreover, change detection can be computed by using multi-
temporal images of the area and is commonly used for the study of water 
resources and forest coverage studies (Jain et al., 2003). 

2.3.3   Land Use Land Cover Classification Technique 

Image classification technique is the process of organizing pixels into a 
predetermined number of individual categories of data, based on their 
values. This means, when the pixel achieves a certain set of parameters, 
then the pixel is assigned to the class according to the defined parameters. 
Regarding this, unsupervised and supervised classifications techniques 
are the two most common image classification techniques in remote 
sensing (Humboldt State University, 2014).  

Unsupervised classification is a form of pixel-based classification and is 
fully computer automated classification. The role of the user is limited. 
Almost the mainstream of the classification process of the spectral classes 
was created exclusively based on the pixel values of the bands of the 
images by the computer. Further ERDAS imagine software used the 
iterative self-organizing data-analysis technique algorithm (ISODATA) to 
perform an unsupervised classification. It is iterative in that it repeatedly 
performs an entire classification and recalculates statistics. The ISODATA 
method repeats the clustering of the image until either a maximum 
number of iterations are performed, or a maximum percentage of 
unchanged pixels reached between two iterations (ERDAS, 2016).  

This type of classification is relatively fast, simple to run, and does not 
require extensive prior knowledge of the area. However, in unclassified 
classification technique has a drawback; the mismatching of spectral 
classes with the corresponding class information, and the limited 
interaction of the user to interpret the classification (Humboldt State 
University, 2014). Furthermore, according to Naif et al. unsupervised 
classification faced a problem associated with very high-resolution 
images. Because of the clustering classes categorized without training data 
and the complexity of the spectral attributes within each land cover class 
and between different classes (Naif et al., 2011). 
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 In supervised classification, the user trains the machine using various 
pixels values or spectral signatures for each identified class. This process 
executes by selecting illustrative sample sites of known LULC areas. Then 
the computer algorithm uses the spectral signatures of the training areas 
to classify the entire image of the study area. When compare with 
unsupervised classification, it is more accurate and demands great effort, 
requires more time and money. However, it is highly dependent on the 
specified training data (Kassa et al., 2014; Wihbey et al., 2017). 

2.3.4   Land Use Land Cover Classification Systems 

Generally, there are three common landuse land cover classification 
systems, those are USGS (Anderson) classification, Coordination of 
Information on the Environment (CORINE) classification, and FAO 
classification (Christiane et al., 2011). The  USGS classification classifies 
basically into nine categories; urban or built-up land, agricultural land, 
rangeland, forest land, water, wetland, barren land, tundra, and perennial 
snow or ice (James et al., 1976). Whereas, the CORINE classification which 
is developed by the European Environment Agency, classifies into five 
major categories; artificial surface, agricultural areas, forest and sim-
natural areas, wetlands, and water bodies (European Environment 
Agency, 1985). 

On the other hand, the FAO classification system categorizes the LULC 
classification in different ways primarily vegetated area and primarily 
non-vegetated area and further they classify into four different categories. 
However, there is no defined and internationally accepted landuse land 
cover classification system. Rather the researcher and institutions define 
the LULC classification system according to the objectives of their studies 
and goals. 

2.3.5   Accuracy Assessment 

Accuracy assessment is a significant tool and a critical step for assessing 
the quality of the image classification derived from aerial and satellite 
images. The accuracy assessment process is used to evaluate the accuracy 
of the classification with the ground fact (Jambally et al., 2013). It is used 
to compute the reliability of a classified image and to construct an error 
matrix. The classified LULC images represent in rows and columns in a 
square matrix. The error matrix calculates according to the number of 
rows and columns. It is determined using a higher resolution usually called 
"reference data" to verify the checkpoints sample area and the "ground 
truth". The checkpoint sample areas are used to fill the error matrix 
(Andarge et al., 2017). 

The accuracy of the LULC classification was assessed using the accuracy 
matrix tools computed the overall accuracy(Eq-1), errors of 
commission(Eq-2), errors of omission(Eq-3), user’s accuracy(Eq-4), 
producer’s accuracy(Eq-5), and kappa coefficient(Eq-6). 

 Overall Accuracy  = 

Number of correctly classified 
points 

(1) 
Total number of sample reference 
points 

Errors of Commission = 

Incorrectly classified reference 
points (included) 

(2) 
Total number of sample reference 
points 

Errors of Omission = 

Incorrectly classified reference 
points (omitted) 

(3) 
Total number of sample reference 
points 

User’s Accuracy  = 100% - Commission Error (4) 

Producer’s accuracy  = 100% - Omission Error (5) 

Kappa coefficient (K^) 
(n * Sum Xii) - Sum (Xi+ * X+i)  

(6) 
n2 - Sum (Xi+ * X+i) 

 
Where, SUM = sum across all rows in matrix, Xii = diagonal, Xi+ = marginal 
row total (row i), X+i = marginal column total (column i) and n = # of 
observations. 

2.3.6   Land Use Land Covers Classification Categories and Techniques 

Forthis study, the USGS (Anderson) classification method was adopted, 
and the LULC of Burayu town was categorized into five major classes. The 
details are described below; 

Table 1: Landuse Land Cover (LULC) Classification Catagories 

LULC Class Description 

Agricultural 
Areas 

Includes cultivated lands, areas along the Gefersa 
dam, and rivers that are used for irrigation and 

agricultural purposes. 

Built-up Areas 

Includes features with all types of artificial surfaces 
and development activities, including houses, roads, 

ongoing constructions, industrial areas, 
infrastructures, transportation. 

Forest Areas 

Includes areas with dense vegetation cover, such as 
those covered with shrubs forming closed canopies 

and trees. It also included scattered trees and 
forests. 

Grass Lands Includes grazing areas and community open spaces. 

Water Bodies Includes dames, streams, and waterways. 

Source; Adapted from USGS (Anderson) classification method, 2020 

 
Image classification technique is the process of organizing pixels into a 
predetermined number of individual categories of data, based on their 
values. This means, when the pixel achieves a certain set of parameters, 
then the pixel is assigned to the defined parameters. Regarding this, 
unsupervised and supervised classifications techniques are the two most 
common image classification techniques in remote sensing (Fisher et al., 
2017). However, according to previous research, unsupervised 
classification faced a problem associated with very high-resolution (VHR) 
images and cannot accurately classify high-resolution images. On the other 
hand, the supervised classification is a more accurate technique and 
demands great efforts, requiring more time and money (Setyawan et al., 
2019). Therefore, to attain the required objectives of the study, a 
supervised classification technique is applied. As accuracy assessment is 
the last step in the analysis of remote sensing data, it helps to confirm how 
accurate the classification results are (Anupam et al., 2017). Hence, 100 
user-defined and evenly distributed quality checkpoints were used for 
checking the accuracy and the quality of the image classification.  

Regarding the LULC change (Eq-7) and annual change rates (Eq-8); it has 
computed for each successive years; 1986 & 1996, 1996 & 2006, 2006 & 
2014, 2014 & 2017, 2017 & 2020 and LULC categories 

LULC change = 
Area of year 2 - Area of 
year 1 

 (7) 

     

LULC Annual Change Rate = 
LULC change  

*100 (8) 
Total Area 

 
Moreover, the exponential growth (Eq-9) and decay function (Eq-10) 
function are used to project the LULC changes of the year 2030. In equation 
9 and 10 (y), (a) represents the initial LULC class coverage area, (r) 
denotes growth rate or decay rate, and (t) is the time intervals between 
the initial and projected year (Donna et al., 2012).  

y = a*(1+ r) t (9) 

y = a*(1- r) t (10) 

3. RESULTS  

3.1   Land Use Land Cover Changes 

Results indicate that the land use land cover of Burayu town is categorized 
into five categories; agricultural areas, built-up areas, forest areas, 
grasslands, and water bodies. The LULC classification was done for six 
different periods of 1986, 1996, 2006, 2014, 2017, and 2020 using high 
and medium-resolution aerial and satellite images (Mark et al., 2014). 
Therefore, the results of each year’s land use land cover are described in 
Figure 2 and table 3 as follow. 

As table-2 andfigure-2 described, the coverage of forest areas from 1986 
to 2020, was decreased by 29% (2,728.76 ha) which assures more than 
half of the forest area coverage’s are changed. In addition, the agricultural 
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areas increased from 1996 and 2006 but, later on gradually decreased. 
Similarly, the grasslands have a relatively similar trend with agricultural 
areas; there was higher grassland coverage (28%) in 1996 but gradually 

decreased to 12 % in 2020. This implies that the grasslands coverage of 
the town changed by 16% (1,474.73 ha) from 1996 to 2020 (UN, 2019; Yao 
et al., 2018; Dinsa et al., 2016). 

 

Figure 2: Landuse land cover (LULC) map from 1986 to 2020 
Source: Computed from aerial and satellite image, 1986 to 2020 

Table 2: Land Use Land Cover (LULC) Ratio From 1986 to 2020 
Land use land cover (LULC) chart Description 

 

In 1986, 46% of the total area was covered by forest areas, whereas 28% 
and 22% of the total areas were covered with agricultural areas and 
grasslands respectively. Built-up area and water bodies cover the 
remaining 4% of the whole area. 

 

In 1996, 35% of the total area was covered by forest areas. Whereas, 30% 
and 28% of the total areas were covered with agricultural areas and 
grasslands respectively. In addition, the remaining built-up areas covered 
5%, and water bodies covered 2% of the town. 

 

In2006, the highest coverage of the total area (31%) was covered with 
agricultural areas, and forest areas and grasslands covered 29% and 27% of 
the total areas respectively. While 11% of the town is covered by a built-up 
area, the remaining 2% of the town is covered with water bodies. 

28%

2%

46%

22%

2%
LULC in 1986

Agricultural Areas

Builtup Areas

Forest Areas

Grass Lands

Water Bodies

30%

5%

35%

28%
2%

LULC in 1996

Agricultural Areas

Builtup Areas

Forest Areas

Grass Lands

Water Bodies

31%

11%
29%

27%
2%

LULC in 2006

Agricultural Areas

Builtup Areas

Forest Areas

Grass Lands

Water Bodies
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In 2014, 28% of the total area was covered with forest areas, agricultural 
areas, and grasslands covered 52% of the total areas equally. Whereas, the 
built-up areas and water bodies covered 18% and 2% of the town 
respectively. 

 

In 2017, forest areas, agricultural areas, and grasslands covered 26%, 25%, 
and 24% of the total areas respectively. Whereas, the built-up area covered 
23% of the town and the remaining 2% of the town was covered with water 
bodies. 

 

In 2020, 52% of the total area covered with built-up areas. Whereas, the 
remaining 48% of the town is covered by agricultural areas (17%) and 
forest areas (17%), grasslands (12%), and water bodies (2%). 

Source: Computed from aerial and satellite image, 1986 to 2020 
 

Unlike, forest area, the coverage of built-up areas rapidly increased from 
1986 to 2020. Moreover, when the built-up areas coverage of 2020 
compared with 1986 and 2017, it was increased additionally by 50% 
(4,634.3 ha) and 29% (2,674.45 ha) respectively (see Table 3). This boldly 

expresses the LULC of Burayu town is rapidly and dramatically converted 
and changed to built-up areas. On the other hand, the coverage of water 
bodies had no significant change from 1986 to 2020 (Bekele et al., 2010; 
Yass et al., 2017). 

Table 3: Burayu Town Land Use Land Cover (LULC) Area Coverage, 1986 to 2020 

LULC type 
1986 1996 2006 2014 2017 2020 

Area/ ha Area/ ha Area/ ha Area/ ha Area/ ha Area/ ha 

Agricultural 2,555.43 2,761.84 2,851.32 2,432.79 2,282.26 1,589.67 

Built-up Areas 169.41 433.70 1,013.76 1,654.73 2,129.26 4,803.71 

Forest Areas 4,258.94 3,253.25 2,646.70 2,543.19 2,418.30 1,530.18 

Grass Lands 2065.23 2,599.95 2,536.98 2,418.33 2,218.80 1,125.22 

Water Bodies 170.49 170.80 170.73 170.5 170.9 170.71 

Total 9,219.5 9,219.5 9,219.5 9,219.5 9,219.5 9,219.5 

Source: Computed from aerial and satellite images, 1986 to 2020 
 

 
As Table 4 indicates, the best overall accuracy assess in 2014 (99%) and 
the lowers overall accuracy was assessed in 1986 and 1996 (94%). 
Further, the best user and producer accuracy was assessed in 
2014(99.05% and 98.75% respectively). Whereas relatively the worst 
user accuracy was assessed in 1996 (94.91%), and producer accuracy was 
assessed in 1986 (87.7%). On the other hand, the greater average error of 
omission was computed in 1986 (12.3%) and the lower average omission 
error in 2014 (1.25%). Also, the higher and lower average commission 
error is 5.09% (1996) and 5.09% (2014). Similarly, the average error of 
omission and commission was also lower in 2014, 2017, and 2006 as 
compared with others (Mark et al., 2016; Gemechu et al., 2018). The kappa 
coefficient values of classification shows also close to positive ones, which 
means the classification is done with higher quality. 

As indicated in Table-5 and figure-3 the negative values of the change 
indicate that the specific LULC coverage decreased between the specified 
years. But the positive value shows the increments of the LULC. Thus, the 
forest area was decreased rapidly and the greater forest area change was 
detected from 1986 to 1996 (-1,005.7 ha), 2017 to 2020 (-888.1 ha), and 
1996 to 2006 (-606.6 ha). Even though the agricultural areas increased 
from 1986 to 1996 (206.4 ha), and 1996 to 2006 (89.5 ha), it gradually 
decreased. Moreover, a larger agricultural area change was detected from 
2017 to 2020 (-418.5 ha), 2006 to 2014 (-150.5 ha), and 2014 to 2017 (-
92.6 ha). Similarly, the grassland areas coverage increased from 1986 to 
1996 (534.7 ha), but like agricultural areas, its coverage decreased 
progressively and the larger grassland change detected from 2017 to 2020 
(-1,093.6), and from 2014 to 2017 (-199.5 ha), 2006 to 2014 (-118.7 ha), 

26%

18%
28%

26% 2%

LULC in 2014
Agricultural Areas

Builtup Areas

Forest Areas

Grass Lands

Water Bodies

25%

23%26%

24%
2%

LULC in 2017

Agricultural Areas

Builtup Areas

Forest Areas

Grass Lands

Water Bodies

17%

52%

17%

12% 2%
LULC in 2020

Agricultural Areas

Builtup Areas

Forest Areas

Grass Lands

Water Bodies

Table 4: Accuracy Assessement Report of Burayu Town  

Accuracy Matrix 
LULC classification 

1986 1996 2006 2014 2017 2020 

Overall Accuracy 94% 94% 98.00% 99% 98% 97% 

Average User’s Accuracy 96.36% 94.91% 98.38% 99.05% 97.98% 96.73% 

Average Producer’s accuracy 87.70% 93.29% 97.59% 98.75% 98.67% 95.87% 

Average Errors of Commission 3.64% 5.09% 1.62% 0.95% 2.02% 3.27% 

Average Errors of Omission 12.3% 6.71% 2.41% 1.25% 1.33% 4.13% 

Kappa Coefficient 0.91 0.92 0.97% 0.99 0.97 0.96 

Source: Computed from the classified LULC aerial and satellite images, 1986 to 2020 
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and 1996 to 2006 (-62.97 ha) grasslands are changed to other LULC 
(Pengfei et al., 2016; World Bank Group, 2015). 

 Unlike the forest areas, the coverage of built-up areas continuously 
increased from 1986 to 2020. The largest land use change was detected 
from 2017 to 2020 (2,674.5 ha), and from 2006 to 2014 (641 ha), 1996 to 
2006 (580.1 ha), 2014 to 2017 (474.5ha), 1986 to 1996 (264.3 ha). 
However, the change of water bodies is not significant, which changes 
from -0.07 ha (1996 to 2006) to 0.4 ha (2014 to 2017). 

Besides, as figure-4 shows, the highest and lowest annual LULC change 
rate of built-up areas are 9.7% (2017 to 2020) and 0.3% (1996 to 1986) 
respectively. This implies that due to the rapid growth of the population of 
the town, the built-up areas raised accordingly. Moreover, the population 
growth exposed trigger unmanageable housing demand and an informal 
settlement (Nijhoff et al., 1986; Ancot et al., 1983). On the contrary, the 
annual change rate of forest areas was 3.2% (2017 to2020) and 0.14% 
(2006 to 2014). This means there was higher deforestation in the study 
area from 2017 to 2020. 

Table 5: Burayu Town LULC change/ha and Annual Change Rate From 1986 to 2020 

LULC type 
1996-1986 2006-1996 2014-2006 2017-2014 2020-2017 

*/ha **/% */ha **/% */ha **/% */ha **/% */ha **/% 

Agricultural A. 206.41 0.22 89.48 0.10 -418.53 -0.57 -150.5 -0.54 -692.59 -2.50 

Built-up Areas 264.29 0.29 580.06 0.63 640.97 0.87 474.5 1.72 2,674.45 9.67 

Forest Areas -1,005.69 -1.09 -606.55 -0.66 -103.51 -0.14 -124.9 -0.45 -888.12 -3.21 

Grass Lands 534.72 0.58 -62.97 -0.07 -118.65 -0.16 -199.5 -0.72 -1,093.58 -3.95 

Water Bodies 0.31 0.00 -0.07 0.00 -0.23 0.00 0.4 0.00 -0.19 0.00 

* Annual change/ ha     **  annual change rate 
Source: Computed from the classified LULC aerial and satellite images, 1986 to 2020 
 

 

Figure 3: LULC change/ha from 1986 to 2020 
Source: Computed from the classified LULC aerial and satellite images, 1986 to 2020 

 

 

Figure 4: LULC annual change rate from 1986 to 2020 
Source: Computed from the classified LULC aerial and satellite images, 1986 to 2020 

3.2   Trends of LULC Change of Burayu Town 

The land use land cover (LULC) change trend by 2030 is projected 
according to table-5 annual change rate. According to the projection 

depicted in figure-5, by 2030 the LULC of the town will be changed 
radically. Thus, the largest LULC of the town will be built-up areas, which 
covers 78% of the town. While, the remaining 8% of the town will be 
covered by agricultural areas, forest areas 7%, and grasslands will be 5%. 

 

Figure 5: The LULC projection of Burayu town by 2030 
Source: Computed from the classified LULC aerial and satellite images, 1986 to 2020 
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Figure 6: The LULC trend of Burayu town from 1986 to 2030 
Source: Computed from the classified LULC aerial and satellite images, 1986 to 2020 

As indicated in figure-6, the coverage of agricultural and grasslands 
increased in the earlier year but later it was decreased in coverage and  the 
coverage of forest areas rapidly reduced from 1986 to 2030 by its 
coverage. This means there was a high level of deforestation from 1986 to 
2020 and will have a high level of deforestation tendency by 2030. On the 
contrary, the coverage of built-up areas rapidly increased from 1986 to 
2030. This means the coverage of grasslands, forest, and agricultural areas 
were converted and changed to human settlements and other built-up 
development activities. Whereas, the LULC change trend of water bodies 
is not significant (EEA, 1999; Richards et al., 2013).  

4. DISCUSSION  

Finding of this study and the studies conducted by Terfa et al. show that, 
the forest areas decreased from 1986 (50%) to 2019 (25%).Agricultural 
lands and grasslands increased from 1987 to 1999 and decreased in 
coverage from 1999 to 2019. While, the built-up area increased from 1987 
(1.25%) to 2020 (32.34%). On the other hand, the coverage of water 
bodies (1.06%) is similar all the time. Further, according to previous study, 
the coverage of forest areas even it was rapidly decreased in the early 
years 1990 (37.8%) to 2000 (6.7%), but it becomes slightly increased in 
the recent years from 2000 (6.7%) to 2019 (13.3%) (Amanu et al., 2019). 
Unlike forest areas, the coverage of built-up and shrub lands rise in early 
years from 1990 (25.6%, 33.3% respectively) to 2000 (27.8%, 56.7% 
respectively), and decreased in recent years from 2010 (23.3%, 42.2% 
respectively) to 2019 (21.1%, 18.9% respectively). Whereas the coverage 
of water body covers 1.1 % of the total areas in all the study period.  

5. CONCLUSION 

The aim of detecting the land use land cover (LULC) change is to manage 
the improper LULC changes. As discussed above follow-up the LULC 
change of towns is very essential for town administration and 
policymakers to manage the process of urbanization and the ecology of the 
town as well as the region. The LULC change of Burayu town was examined 
between 1986 to 2020 and projected for 2030 using geospatial techniques. 
As the study shows, by 2030, the built-up areas will cover 78% of the town, 
whereas, agricultural areas, forest areas, grasslands, and water bodies will 
cover 8%, 7%, 5%, and 2% of the town respectively. This implies that the 
coverage of grasslands, agricultural, and forest areas rapidly converted or 
changed to built-up areas.  

Therefore, for managing the rapid LULC change, the administration of the 
town and the policy-makers should formulate the right strategies to 
manage the rapid deterioration of forest areas and land invasion and 
associated issues. Unless managing the change of LULC of the town there 
will be difficulty in planning and controlling urban growth. However, the 
role of high resolution and time serious aerial and satellite imagery is very 
cost-effective and vital for urban planning practice and urban 
management. Future studies should research the socio-economic and 
ecological implications of rapid LULC change on the town and the 
surrounding environment. 

RECOMMENDATIONS 

Based on the results of this study, the following suggestions were 
forwarded: 

➢ As the study has shown, the rapid LULC change of the town was the 
effect of the rapid growth of the population. Hence, there should 
be a policy to manage the growth of the population. 

➢ Even though the town has prepared a structured plan, there is a 
proper implementation gap. Thus, the town administration 
should allocate the required resources, appropriate 
organizational structure, and supports to achieve the desired goal. 

➢ To reduce the LULC change, the town administration should 
promote the green belt principles and a mixed-use approach.  

➢ The town administration should plan to acquire aerial photography 
of the town every three years. Because of the use of high spatial 
and temporal resolution, aerial imagery has a vital role for 
certainly detecting the LULC change, and for follow-up urban 
planning implementation.  

➢ The policymakers should promote green belt principles to protect 
the forest areas and to maintain the ecology of the town and the 
surrounding area. To sustainably achieve the growth of the town 
and maintain the ecology there should be an optimal 
environmental impact assessment (EIA) practice and mitigation 
measure for those rapid LULC changes.  
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