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Abstract: Ethiopia has lost sizable forest resources due to rapid population growth and subsequent increase in the
demand for agricultural land and fuel woods. In this study, GIS and remote sensing techniques were used to detect
forest cover changes in relation to climate variability in the Kafa zone, southwest Ethiopia. Landsat Thematic Mapper
(TM) images of 1986 and 1990, Enhanced Thematic Mapper plus (ETM+) image of 2010 and Landsat-8 Operational
Land Imager (OLI-8) image of 2018 were acquired at a resolution of 30 m to investigate spatial-temporal forest cover
and land use changes. A supervised image classification was made using a maximum likelihood method in ERDAS
imagine V9.2 to identify the various land use and land cover classes. Both spectral (normalised difference vegetation
index - NDVI) and post classification change detection methods were used to determine the forest cover changes. To
examine the extent and rate of forest cover changes, post classification comparisons were made using ArcGIS V 10.4.1.
A net forest cover change of 1168.65 ha (12%) was detected during the study period from 1986 to 2018. The drop in the
NDVTI from 0.06-0.64 in 1986 to (-0.08)-0.12 in 2018 indicated a marked forest cover change in the study area. The
correlation of NDVT values with climate data indicated the forest was not in a stable condition. The declining of the
forest cover was most likely caused by climate variability in the study area.

Keywords: change detection, climate variability, forest cover change, GIS, Kafa zone, land use and land cover (LULC),

remote sensing

INTRODUCTION

About 30% of global land surface is covered with forests which
are the most important providers of ecosystem services and
human wellbeing [KipkemBor et al. 2019; Zawapzki et al. 2005].
Forests also play an important role in climate change regulation
and carbon sequestration [NEGAssa et al. 2020]. Ethiopia’s forest
resources have been seriously depleted as a result of rapid
population growth and subsequent rising demand for farm and
grazing land and fuel woods [AYELE et al. 2019]. Although data are
limited, about 35-40% of Ethiopia’s landmass was covered by
high forests just before the turn of the 19™ century [CHENG et al.
1998; OtHOW et al. 2017]. The country lost much of its natural
forests before the turn of 20" century [OLjIRRA 2019; TADESSE et al.

2014]. Nearly 2.8 mln ha of natural forests disappeared between
1990 and 2010, which translates into an annual loss of 1.4 mln ha
[NEGassa et al. 2020]. Unprecedented changes occurred to the
forest cover as a result of the pressure from economic
development [ATTrI et al. 2015] Unsustainable consumption of
forests and forest products also resulted in the degradation of
forest resources of Ethiopia [ENGDAWORK, Bork 2014]. The lack of
a sustainable forest management policy also contributed to high
deforestation rates in Ethiopia [DanaNo et al. 2018]. Around 95%
of Ethiopia’s remaining natural forests are located in the
southwest region [TADEsSE et al. 2014]. Deforestation has
significant impacts, including extensive soil erosion, loss of
biodiversity, water quality degradation, forest product loss,
drought and flooding and low agricultural productivity [ATTRI
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et al. 2015; TADESSE et al. 2014]. It also contributes to enhanced
greenhouse effects by the decreasing of the carbon stock in forest
biomass [GeBrU 2016].

Various efforts have been made to conserve the unique
natural forest of the Kafa zone. One such effort is the establish-
ment of Biosphere Reserves (BR) as a forest management strategy
to integrate resource conservation and sustainability [FERREIRA
et al. 2020; Austrian MAB Committee 2011]. BR seems very
crucial for countries like Ethiopia, where a large proportion of the
population depend on natural resources. This is why Ethiopia has
already dedicated five of its important biodiversity areas (Lake
Tana and Kafa, Sheka, Yayu and Majang forests) to biosphere
reserves [Austrian MAB Committee 2011]. The designation of BR
is based on appropriate zoning of different resource use and
participatory governance to promote conservation, sustainable
development, logistic support to research and environmental
education, and the contribution to climate change mitigation and
adaptation [FERREIRA ef al. 2020].

Land use and land cover change (LULCC), the modification
of the Earth’s surface as a results of human activity, becomes
recognised as the main driving force behind unprecedented
changes to forest cover and environmental processes [ALQURASHI,
KuMAR 2014; HassaN et al. 2016].

Several studies indicate that a number of efforts have been
made to map, monitor, identify and model LULCC at the local,
regional and global scales [MamNA et al. 2020]. Remote sensing
(RS) and geographic information system (GIS) are the funda-
mental methods to quantify, map and detect LULCC for advanced
ecosystem management [FICHERA et al. 2012; WENG 2001] because
of their accurate geo-referencing procedures, suitability for
computer processing and repetitive data acquisition [HassaN et al.
2016]. Also GIS and RS methods provide a significant potential to
analyse urban and pre-urban environment with a higher degree of
accuracy and precision [AppiaH et al. 2015].

Landsat data have been commonly used in the RS for
quantification, mapping and detection of LULCC because of their
accurate geo-referencing procedures, digital format suitable for
computer processing and repetitive data acquisition [HassaN et al.
2016; Lu et al. 2016]. RS data provide detail, accurate, cost
effective and up-to-date information in data-poor regions where
up-to-date and reliable spatial information is scarce [DoNG et al.
1997]. Advancement in digital image processing offers unprece-
dented opportunities to detect LULCC more accurately over
increasingly large areas with minimum costs and shortest possible
time [ATTRI et al. 2015; CorpIN et al. 2004]. The temporal
resolution at which remotely sensed images are acquired is also
suitable for the monitoring of land cover changes [CALDEIRA 2012;
OtHow et al. 2017; PoNgraTz, YisMAaw 2014]. The LULCC study
using RS and GIS methods provide credible policy recommenda-
tions to manage natural resources and monitor environmental
changes [ALawamy et al. 2020; WANG et al. 2020].

A lot of techniques have been devised to detect attributable
earth surface changes [HassaN et al. 2016; ZHu, Woobcock 2014].
Change detection uses multi-temporal datasets to identify
differences in the status of earth attributes by observing them at
different dates [GanpHI et al. 2015; SingH 1989]. The digital
change detection process has been used to determine LULCC
based on multi-temporal remotely sensed data [CoppIN et al. 2004;
KEeNNEDY et al. 2009]. Numerous change detection techniques,
such as image differencing, post-classification comparison (PCC),

vegetation index differencing (VID) and principle components
analysis (PCA), have been used to monitor LULCC using
remotely sensed data [Hassan et al. 2016; Lu et al. 2016]. Of
these, PCC is the most widely used procedure as it minimises
errors associated with multi-temporal images recorded under
different conditions [ZiBooN et al. 2013]. PCC compares
classifications of images independently produced at different
dates without any adjustment needed [AL-Doski et al. 2013;
HassaN et al. 2016]. On the other hand, the normalised difference
vegetation index (NDVI) employs the multi-spectral remote
sensing data technique to find the vegetation index with few
electromagnetic spectrum band combinations [CoppPIN et al. 2004;
GanpHI et al. 2015]. The NDVI is based on the threshold values
(e.g., 0.1, 0.15, 0.2, 0.25, 0.3, 0.35, 0.4 and 0.6) [GaNDHI et al. 2015;
NEGAssa et al. 2020]. Satellite images must be processed prior to
the actual change detection to establish direct link between
remote sensed data and biophysical Earth attributes [CoppiN,
BAUER 1996]. No study has been conducted to integrate geo-
information tools with RS data and techniques to detect forest
cover changes in the study area. The lack of reliable data to
monitor the extent and pattern of forest cover change, high
deforestation rate and significant impacts of deforestation on
local, regional and global climates were the main reasons to
conduct the study.

MATERIALS AND METHODS

DESCRIPTION OF THE STUDY AREA

The study was conducted in the Kafa Biosphere Reserve (KBR) in
South Nation, Nationalities and Peoples Regional State, in the
Kafa zone (Fig. 1). The Kafa Biosphere Reserve is situated in
Southwest Ethiopia (latitude: from 35°29°50.55” to 36°47°33.78”
N; longitude: from 35°48°50.57” to 35°44’34.30” E). The aim of
a Biosphere Reserve is to manage resources in an integrated
manner through resource conservation, planning and sustainable
uses by dividing into three areas or zones [FERREIRA et al. 2020].
The total area of the KBR, including candidate core zones
(currently it lacks statutory conservation status) is 760,144 ha.
The KBR harbours 41,319 ha of core zones, 161,427 ha of buffer
zones and 337,885 ha of transition zones [NABU 2017]. The
southern boundary of the KBR follows partly the Bonga National
Forest Priority Area (NFPA), whilst the eastern boundary follows
the Adiyo district. The Gojeb River and Gewata-Yeba NFPA
forms the northern boundary of the KBR [BENDER, TEKLE 2019].
The area contains more than 50% of the remaining Ethiopian
mountain forests and genetically diverse wild Coffea arabica
[NABU 2017]. The area receives average annual rainfall of
1500 mm at lowlands and 2000 mm at the high elevations.
Agriculture is the dominant economic activity of the Kafa zone.
Other sectors, such as services, tourism, trade and manufacturing,
are strongly dependent on the backward and forward linkages of
agricultural activities [NABU 2017].

DATA COLLECTION

Combination of GIS and RS techniques were used to detect
spatial-temporal forest cover change in the Kafa zone. Field visits
were made to collect primary data, identify various land use land
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Fig. 1. Map of the study area; source: own elaboration

cover types and forest cover features, and to take GPS readings for
all the land-cover boundaries. The data were used for the final
image classification, sampling sites verification and the validation
of the land use land cover map. Cloud free remotely sensed
satellite images (Landsat 7 TM of 1986 and 1990, Landsat 7 ETM+
of 2010 and Landsat 8 OLI of 2016 and 2018) were downloaded
from the United States Geological survey site (https://earth-
explorer.usgs.gov/) at spatial resolution of 30 x 30 m for the study
area. An area equals to the KBR (5406.31 km?) was delineated and
sliced out from the full scene of four year satellites images. For the
climate variability study, temperature and rainfall data were
obtained from the national meteorological agency. Data were also
collected from the Kafa Zone Department of Forest and
Environmental Protection and other stakeholders. The various
land-cover types were identified through satellite image manipula-
tion and by observing the available land cover types. Photographs
were taken from the four land use and land cover areas using
a digital camera for mapping and quantify forest cover change.
ERDAS and ArcGIS v 10.4.1 were used throughout the forest cover
change detection analysis. Bonga and the surrounding areas were
selected as the study site due to easy access, metrological data
limitations and high deforestation and settlement rates.

DATA PROCESSING AND ANALYSIS

Remote sensing data were used to detect forest cover and other
land cover changes in the Kafa zone from 1986 to 2018. Landsat
TM images of 1986 and 1990, Landsat ETM" image of 2010 and

Landsat 8 OLI images of 2018 were rectified, geometrically
corrected and geo-referenced to the Universal Transverse
Mercator (UTM) WGS 1984 [GanpHI et al. 2015; NEGAssA et al.
2020]. Supervised classification was employed on the Earth
Resource Data Analysis System (ERDAS) IMAGINE version 9.2
and ArcGIS 10.4.1 to classify land use land cover using the
decision rule of a maximum likelihood classifier algorithm. The
various land cover classes and ground control points recorded
during fieldwork were used as representative signatures for the
various land cover types identified in the study area. Post image
classification comparison change detection procedure was used to
examine area and rate of forest cover changes. Four aspects of
forest cover change detection characteristics were identified, such
as detecting the changes, identifying the nature of changes,
measuring temporal and area changes and assessing the spatial
pattern of the change.

The analysis of a linear regression trend was carried out
using ArcGIS V10.4.1 to simulate trends in each grid [STow et al.
2007]. ArcGIS was used to reflect vegetation cover characteristics
in different years of the study period. It was also used to get the
relative NDVT value change in every pixel point as in Equation (1):

_n Z?:l iNDVIi — Z?:l 7 Z?:l NDVIi
- n . n N2
n Z,‘,:l 2 — (Zi:l Z)

where: i is annual number; n is monitoring period (cumulative

0

(1)

number of years), NDVI is mean NDVI value of the it year; 0 is
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each pixel NDVI trend of slope (if 6 > 0 then the pixel NDVI value
in n years is increasing otherwise decreasing).

The pixel NDVI values were categorised into significant
increase, slight increase, essentially the same, slightly reduced
and a significant reduction to obtain statistics for vegetation
changes and percentage of each class of land cover area for the
study period (1986-2018). In order to remove a scan line error
from the image of ETM+, pixel values of the neighbouring stripe
were replaced by average pixel values in addition to the
elaboration of the scan line error correction algorithm in GIS
spatial tools.

CHANGE DETECTION FOR THE POST
IMAGE CLASSIFICATION

In the post classification change detection method, the 1986,
1990, 2010 and 2018 land use land cover classified images were
reclassified with ArcGIS 10.4.1 and ERDAS 9.2. The area of
changes was extracted through a direct comparison of the
individual classified imagery and the comparison was based on
statistical data derived from each individual image. In addition,
a land use land cover change detection matrix was generated to
examine trends and pattern of land use land cover change of the
area, specifically for the forest cover change detection. The rate of
forest cover change was computed as in Equation (2):

-0 0

where: r is rate of forest cover change, Q, is recent year forest
covers (ha), Q; is initial year forest cover (ha) and t is time
interval between initial and recent years. From the land use land
cover map images, the 1986, 1990, 2010 and 2018 forest cover
map of the study area were generated.

SPECTRAL CHANGE DETECTION

There are a large number of techniques in the spectral change
identification category [Xiuwan 2002]. Spectral change detection
techniques rely on the principle that land cover changes result in
persistent changes in the spectral signature of the affected land
surface. Spectral change detection methods are numerical
indicators which use the visible and near infrared electromagnetic
spectrum for the analysis of remotely sensed satellite images to
assess the presence or absence of green vegetation [VERBESSELT
et al. 2012]. The NDVI is the most common and widely used
index for the forest cover change detection [HUETE et al. 2002].
The NDVT process needs to separate each and every band to find
vegetation cover in a multi spectral satellite image. The NDVI
value depends on the absorption of red light by plant chlorophyll
and the reflection of infrared radiation by water-filled leaf cells to
identify the level of vegetation in an area [GanpI et al. 2015]. The
NDVI value is calculated from reflectance measurements in the
red and near infrared (NIR) portion of the electromagnetic
spectrum [NEGAssA ef al. 2020]. It takes the (NIR-RED) difference
and normalised to balance out the effects of uneven illumination,
such as shadows of clouds or hills [GanpHI ef al. 2015]. The
empirical NDVI (red NDVI - RNDVI and green NDVI - GNDVI)
values can be computed as in Equations (3) and (4).

155
NIR — RED
RNDVI = R RED ®)
NIR — GREEN
anpyy = NIRZ GREEN (4)

NIR+ GREEN

where: RED is visible red reflectance (band wavelength range of
600-700 nm) and NIR is near infrared reflectance (band
wavelength range 750-1300 nm). GREEN is electromagnetic
spectrum (band wavelength of 550 nm).

The vegetation condition can be explained by NDVI values
which range between -1 and +1. Very low NDVI values (<0.1)
correspond to a barren area (no vegetation cover); moderate
NDVIT values (0.2-0.3) represent shrub and grassland areas, while
green healthy high vegetation cover areas, e.g. rainforests have
NDVT values of 0.6-0.8. The NDVI value close to 0 represents
bare soil, while negative NDVI values correspond to water bodies
[ManciNO et al. 2014]. In this study, the NDVI analysis was
conducted using Arc GIS 10.4.1 which automatically computed
the maximum, minimum, mean and standard deviation NDVI
values for the forest cover change trend analysis.

RELATING SPECTRAL CHANGE
WITH CLIMATE VARIABILITY

There is a close relationship between geographic features and
related degree of mutual geographical elements. Average monthly
temperature and precipitation data are processed from four
metrological stations (Bonga, Wushwush, Shebe and Chida)
located very close to the study area. Most of the data available
encompass the entire time span of the study period, with the
exception of a new monthly record. Missing data were artificially
extrapolated using data available from the neighbouring station.
NDVI values were correlated with year to year average annual
temperature and precipitation using the pixel spatial correlation.
Correlation coefficients were used to reflect the sequence of
climate variability and degree of the NDVI correlation. The range
of correlation coefficient varies from -1 to 1 and the graphical
representation shows the relation of annual temperature and
precipitation with the NDVT value.

RESULTS AND DISCUSSIONS

LAND USE LAND COVER CLASSIFICATION (1986-2018)

Image classification is the process of sorting pixels into a finite
number of individual classes based on their data file values. If
a pixel satisfies certain set of criteria, it is assigned to the class that
corresponds to those criteria. In this study, land use land cover was
classified as settlement, farm land, forest cover and wetland. The
land use land cover classification of 1986, 1990, 2010 and 2018 are
shown in Figure 2. In this study, land use land cover was classified
as settlement, farm land, forest cover and wetland. All data sets of
1986 image, reflect forest and farmland cover larger areas;
settlement covers smaller areas while wetland covers minimal
areas. The middle region has quite a large area of settlement.
The LULC classification based on1986 and 1990 images
indicate that the difference was insignificant. There was
resettlement in different kebele (smallest administrative unit) in
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Fig. 2. Land use and land cover (LULC) classification image of 1986, 1990, 2010 and 2018; source: own study

1990. The resulting settlement area was quite smaller compared to
that of 1986. In 1990, forest occupied larger areas and it was
followed by farmland. The supervised image classification of
2010, forest and farmland occupied the largest area while
settlement and wetland the smallest area. In the LULC
classification of 2010 image, settlement disturbs the forest cover
areas (green colour). In the same manner, in 2018, forest covers
most areas whereas settlement and wetland occupied the
remaining area.

LAND USE LAND COVER CHANGE MAPPING IN 1986-2010

The major land cover changes observed during the study period
occurred due to the reduction in both forest and wetland areas.
A considerable increase in the overall area of settlement and

farmland has been observed. LULC change between 1986 and
2010 was computed using ArcGIS, ERDAS and Microsoft Excel
and presented as a matrix (Tab. 1, Fig. 2).

LAND USE LAND COVER CHANGE MAPPING
IN 2010-2018

Major changes detected during this period show that there was
a decrease in the overall area of forest cover, with the net change
of -322.2 ha. Additionally, the overall area of farmland and
wetland decreased with the net change of -138.42 ha and
-353.7 ha respectively. Settlement area increased by 814.32 ha.
The overall land use land cover change detected in 2010-2018 is
shown in Table 2 and Figure 3.

Table 1. Land use and land cover (LULC) change confusion matrix of 1986-2010

Year 2010
LULC type wetland farmland forest settlement grand total loss
wetland 255.15 537.57 471.87 315.27 1 579.86 13247
farmland 271.89 1 803.69 642.42 775.62 3 493.62 1 689.9
settlement 332.64 792.90 314.19 637.56 2 077.29 1439.7
forest 366.75 1192.86 7 723.20 715.32 9 998.10 22749
1986 summary 10 419.57
grand total 1226.43 4 327.02 9 151.70 2 443.77 17 148.87
gain 971.28 2 523.33 1 428.50 1 806.21
net change -353.43 833.40 -846.50 366.48
net persist -1.38519 0.462053 -0.11 0.574816

Source: own study.
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Table 2. Land use and land cover (LULC) change confusion matrix of 2010-2018

Year 2018
LULC type wetland farmland forest settlement grand total loss
wetland 127.80 334.53 290.25 473.40 1 225.98 1 098.18
farmland 398.79 2 141.10 462.51 1322.73 4 325.13 2 184.03
forest 168.57 886.50 7 739.37 348.75 9 143.19 1 403.82
settlement 177.12 824.58 328.86 111231 2 442.87 1 330.56
2010
summary 11 120.58
grand total 872.28 4186.71 8 820.99 3 257.19 17 137.17
gain 744.48 2 045.61 1 081.62 2 144.88
net change -353.70 -138.42 -322.20 814.32
net persist -2.76761 -0.06465 -0.04163 0.73209807

Source: own study.

THE NET LAND USE LAND COVER CHANGES DETECTED
IN THE STUDY AREA IN 1986-2018

Data sources from the preceding sections were used to detect the
net land use land cover changes in Kafa zone. The net land use
land cover changes detected are shown in Table 3 and Figure 3.
The area of farmland was 3496.23, 5881.5, 4325.13 and 4193.91 ha
in 1986, 1990, 2010 and 2018 respectively. The farmland area
increased during the period of 1986-1990. It decreased in 2010
but only a little change was observed in 2018. During the first
period of 1986 to 2010, the net farmland increased to 833.4 ha but
between 2010 and 2018 it was reduced to 138.42 ha. The area of
farmland increased proportionally at rate of 696.96 ha during the
study period between 1986 and 2018. Besides the increasing
trend, farmland was converted to other land cover types.

The total land area under wetland was the smallest among
land cover types in the study area. It was about 1580.76, 1225.98
and 873 ha in 1986, 2010 and 2018, respectively. The net change
from 1986 to 2010 shows that the area of wetland was reduced by
353.43 ha. Between 2010 and 2018, a value similar to the one in
the period between 1986 and 2010 was detected. During the

period between 1986 and 2018, the net change decreased to
707.13. This might be due to the fact that most wetland area was
converted to other land cover types.

The settlement area was 2077.83, 2442.87 and 3260.16 ha in
1986, 2010 and 2018, respectively. The settlement area was
increased by 365.04 ha between 1986 and 2010. It was increased
by 814.32 ha between 2010 and 2018. The main focus of this study
was to detect the spatial and temporal distribution, historical
pattern, past and current deforestation process of natural forest in
the Kafa zone. Different data types and sources were integrated
using different methodological approaches and various applica-
tion tools to describe the magnitude of forest cover change, as
well as to obtain a tangible picture of past and present forest
covers in the study area. This was based on maps as well as
quantitative and qualitative statistical responses.

The land use land cover change matrix shows that the
pattern of forest cover area decreased from 9998.1 ha to 9151.7 ha
from 1986 to 2010. It further reduced to 8820.99 ha during the
period between 2010 and 2018. This indicates that net forest cover
change has been declined by 846.45 ha and 322.2 ha in the
intervals between 1986 and 2010 and 2010 and 2018 respectively.

Table 3. Land use and land cover change confusion matrix of 1986-2018

Year 2018
LULC type wetland farmland settlement forest grand total loss
wetland 151.11 423.27 476.10 529.29 1579.77 1 428.66
farmland 243.36 1679.13 976.86 595.17 3 494.52 1815.39
settlement 145.35 557.10 998.55 376.47 2 077.47 1078.92
forest 332.82 1531.98 808.02 7 337.70 10 010.52 2 672.82
1986 summary 10 166.49
grand total 872.64 419148 3 259.53 8 838.63 17 162.28 10 166.49
gain 721.53 2 512.35 2 260.98 1 500.93
net change -707.13 696.96 1 182.06 -1171.89
net persist -4.67957 0.415072 1.183776476 -0.15971

Source: own study.
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Fig. 3. Net land use land-cover change (1986-2018); source: own study

Area of forest cover was reduced by 1171.89 ha in the study area
between 1986 and 2018. This might be due to the fact that the
forest cover might be converted to other land cover types.

THE ANALYSIS OF RAINFALL AND TEMPERATURE TRENDS
OVER THE STUDY PERIOD

Year-to-year average figures were used to filter out irregular
fluctuations between successive rainfall observations and to draw
average annual rainfall trend lines (Fig. 4). Thereafter, meteor-
ological data were subjected to a linear regression analysis to
show trends, intercepts, slopes and regression lines of rainfall
data. Although relative variability shows an increasing trend
(-0.0344 mm), absolute variability experienced a positive trend in

the Bonga sub-station.
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The period of 1986-1995 experienced a rapid fluctuation in
annual rainfall after which rainfall went up in 1996 to reach the
highest absolute variability recorded over that period. From 1996
to 2002, it showed frequent fluctuation whereas from 2003 to
2008, a relatively similar variability of annual rainfall was
detected. The highest annual rainfall was recorded in 2010 and
2011. However, it exhibited frequent ups and downs within the
study period and this trend picked up in 2014 (Fig. 5). The
rainfall showed much volatility implying that the study area
received an annual rainfall of 0.0323 mm. This had an implication
for other components of weather and climate. The fluctuation had
an adverse impact on the study area and neighbouring areas.

Maximum temperature and temperature trends
in study area

In the time series analysis procedure adopted for this study,
a simple linear regression model was applied to the corresponding
times series. As shown in Figure 6, there was a statistically
significant positive trend in the annual average temperature. The
time series slope estimate of 0.0236°C per year was observed over
the period (1986-2015).

The overall trend shows that the maximum average
temperature showed a positive trend unlike minimum tempera-
ture and rainfall. This indicated an increase in air temperature.
During the period of 1986-2015, the highest average maximum
temperature of 29.10°C was recorded in 2008 at Bonga station
and the maximum value reaches up to 38.50°C. During this
period it can be seen that there was great temperature difference
in 1987-1993. In 1986-1993, the maximum temperature was
stable and remained below 32°C, but this value increased to 34°C
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Fig. 4. Average annual rainfall data of four stations (1986-2016); source: own study
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Fig. 6. Annual maximum average temperature at three stations in 1986-2015; source: own study

in 1993. In 1994-2006, the maximum temperature was relatively
good, but in 2008, the highest maximum temperature of 38°C was
recorded. Unfortunately, the value decreased to 31.90°C in 2009,
which might be due to the beginning of the afforestation
programme in 2010. Temperature trend was up and down
throughout the period (1986-2015).

Minimum temperature and temperature trends
in the study area

The trend of monthly average minimum temperature over the
study period was obtained using linear regression best-fit lines. The
annual average of monthly minimum temperatures experienced
a decreasing trend with an annual decrease of 0.0079°C (Fig. 7).
The trend was linear with y = -0.0079x + 12.128, which indicated
that, in the study area and neighbouring stations, the annual
average minimum temperature declined by 0.0079°C between 1986
and 2015. From 1986 to 2010, there was an incremental trend that
was basically related to land use land cover change.

The annual minimum temperature recorded at the Shebe
station was 9.03°C and 8.95°C in 2000 and 2002, respectively.
Based on annual minimum temperature, the analysis of the Bonga
station showed that the temperature in the study area was not
stable in those three decades. In 1986-1996, the temperature
decreased annually by -0.2315, but from 1997 to 2005, there was
an increase in temperature by 0.143°C. However, in 2005-2009,
there was a decrease by 0.4689°C.

NORMALISED DIFFERENCE VEGETATION INDEX (NDVI)
CHANGE DETECTION

The spectral band ratio is one of the most common mathematical
operations applied to multi-spectral data. Image ratios were
calculated as the divisions of digital number values (0-255) in one
spectral band by the corresponding pixel value in another band.
After pre-processing of downloaded band 3 and band 4 images,
the NDVI range was determined at 0.06 to 0.64.

NDVT values calculated for the 1986 indicated that values
for many areas ranged from 0.40-0.60. This showed that at that
time the vegetation was quite healthy and of high forest cover.
The middle and other parts of the study area marked red had low
NDVI values ranging from 0.06-0.26. It indicated that the
area had a poor vegetation cover. The final image output of 1986
NDVTI is shown in Figure 8a.

The raster calculation of the NDVI value was based on band
3 and 4 images. Using these values for 2010, the recognised
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Fig. 7. Annual minimum temperature of: a) Bonga and Shebe (1986-
1996), b) Bonga, Chida and Shebe stations (1997-2015); source: own
study

minimum, maximum and mean NDVT values were 0.00, 0.77 and
0.59, respectively (Fig. 8b). These values indicated that on average
the vegetation was healthier than that of 1986. Most areas and
middle part of the area had low values reflecting poor vegetation
performance.

In the case of NDVT values calculated for the 2016 forest
cover, Landsat imagery show that NDVI values range between —
0.075 and 0.12 (Fig. 8¢). The result clearly indicated that in a large
area vegetation was not healthy. It was clear that there was almost
no healthy vegetation in the region. A very large area had NDVI
values between -0.025 and 0.074, which classified the region as
unhealthy. Moreover, a very small region, with NDVI values
ranging from 0.10-0.12, would correspond to a relatively healthy
vegetation cover.
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b) 2010, c) 2016; source: own study

STASTICAL ANALYSIS OF NDVI FOR 1986, 2010
AND 2016 IMAGES

NDVT differences for particular images provide overall informa-
tion about the health of the vegetation cover in the study area
based on NDVI values. For this study, we used ETM+ (band 4 and
band 3) to calculate NDVI values. The new version of ERDAS
imaging software automatically calculates NDVI values. The
negative threshold value indicates loss in the NDVT and a positive
threshold value indicates areas of increased NDVI. In consecutive
years, minimum, maximum and mean values fluctuated. It
generally indicated that the overall vegetation was not in a stable
condition. In 1986, the vegetation disturbance rate was higher
than that of 2010. When we compared that to 2010 and 2018
image statistical values, the minimum value of 0.06 in 2010
decreased to 0 and the maximum value decreased from 0.77 to
0.12. It indicated that there was highly unprotected destruction of

vegetation in 2016. In general, most part of the study area was
relatively disturbed when compared to previous years.

RELATIONSHIP BETWEEN 1986 NDVI VALUES
AND TEMPERATURE AND RAINFALL DATA

As NDVI increased, rainfalls become high and the temperature
was low. The year of 1986 brought a lot of rainfall in the region
and the temperatures were not high except for a small part of the
region. In 2010, the area noted a lot of rainfall and temperatures
were not high except for a small region in the area. The NDVI
values indicated healthy vegetation which was brought about by
the high rainfall and favourable temperatures. In 2016, the
temperatures were high in most of the region. This indicated that
majority of the study area was covered with unhealthy vegetation
and rainfall experienced was minimal and caused vegetation to be
unhealthy in most parts of the region (Fig. 9).
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Fig. 9. Normalised difference vegetation index (NDVI), temperature and
rainfall data for: a) 1986, b) 2010, c) 2016; source: own study
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CONCLUSIONS

In this study, an attempt has been made to use geospatial
techniques to detect spatial-temporal forest cover change in the
Kafa zone using three sets of Landsat imagery. The results
indicated that there was a clear change in the spatial extent of the
forest cover within the 30 years period. Expansion of settlements
and farmland resulted in the decline of both forest and wetland
areas. The correlation between forest cover change and climate
variability determined using ERDAS 9.2, ArcGIS v 10.4.1 and
Pivot Table in Excel 2010 showed that the overall condition of
forest cover change had ups and downs during the study period.
Normalised difference vegetation index (NDVI) and net land
cover change revealed that the forest cover changed from
10 020.33 ha to 8 851.23 ha, respectively between 1986 and
2018. The NDVT values between 0.06-0.64 in 1986 became 0.08 to
0.12 in 2018, which indicated a clear decline in forest cover within
the 30 years period. The social, economic and environmental
impacts of forest cover reduction should be studied in the future.
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