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Abstract: Analysis of the nexus between vegetation dynamics and climatic parameters like surface temperature is
essential in environmental and ecological studies and for monitoring of the natural resources. This study explored
the spatio-temporal distribution of land surface temperature (LST) and Normalized Difference Vegetation Index
(NDVI) and the relationship between them in the Andassa watershed from 1986 to 2016 periods using Landsat data.
Monthly average air temperature data of three meteorological sites were used for validating the results. The findings of the study showed that the LST of the Andassa watershed has increased during the study periods. Overall,
average LST has been rising with an increasing rate of 0.081C per year. Other results of this study also showed
that there has been a dynamic change in vegetation cover of the watershed in all seasons. There was also a negative correlation between LST and NDVI in all the studied years. From this study we can understand that there has
been degradation of vegetation and intensification of LST from 1986 to 2016.
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1

Introduction

The world is currently experiencing different environmental
changes which are caused by both nature-induced and anthropogenic activities. Ethiopia, like other parts of the world,
is highly vulnerable to the impacts of these environmental
changes (Gedif et al., 2016). The country faces various
problems in managing natural resources (Tilahun, 2015).
From these, long term degradation of vegetation is one of
the major environmental challenges in various parts of the
country. Serious vegetation degradation is highly influenced
by human activities such as conversion of vegetated and
wetland into agricultural, as well as residential and commercial areas (Chen et al., 2008; Pal and C. Akoma, 2009;
Kinthada et al., 2014; Waseem et al., 2015).
Vegetation cover change contributes to the earth-atmosphere interaction (Jesus and Santana, 2017) through not only
plant transpiration (Jiang et al., 2006) but also photosynthesis,

and it is the main factor that causes surface temperature
changes on all spatial and temporal scales (Fathian et al.,
2015). Land surface temperature (LST), considered as the
skin temperature of the land (Jeevalakshmi, 2017; Khandelwal et al., 2017), is a significant parameter in exploring
surface-atmosphere interactions and energy fluxes between
the atmosphere and the ground (Bonafoni et al., 2017;
Khandelwal et al., 2017; Orhan et al., 2014; Rozenstein et
al., 2014; Srivastava et al., 2009; Tomlinson et al., 2011).
LST is calculated from emitted radiation measured by either ground or satellite based instruments. Generally, remote
sensing techniques require less time and cheaper cost than
field methods to investigate numerous phenomena on the
land surface. Because of the repetitive nature and increasing
spatial resolution, satellite imagery is becoming more and
more a viable and preferred alternative to ground based
measurements of land surface characteristics. Thermal
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infrared (TIR) remote sensing provides a method for finding
LST information at the regional and global scales since most
of the energy detected by the sensor in this spectral region is
directly emitted by the surface (Sobrino, 2008). In addition
to providing measurements of radiant surface temperature,
remote sensing instruments collect measurements of reflecting energy in the red and near-infrared portions of the electromagnetic spectrum that can be used to quantify the extent
and changing conditions of vegetation (Gorgani et al., 2013).
There are numerous vegetation indices developed to estimate vegetation cover with remotely sensed imagery. The
most common spectral index used to evaluate vegetation
cover is the Normalized Difference Vegetation Index (NDVI)
(Chen et al., 2008; Karnieli et al., 2009; Valor and Caselles,
1996). NDVI is a good indicator for identifying long-term
changes in the vegetation covers and their status (Chander et
al., 2009; Fu and Burgher, 2015; Orhan and Yakar, 2016). It
provides information about the spatial and temporal distribution of vegetation, vegetation biomass, extent of land
degradation in various ecosystems (Chen et al., 2008) and
ecological effects of climate disasters (Pettorelli et al.,
2005).
Analysis of spatial variability of NDVI, surface temperature and the relationship between these parameters is essential in environmental and ecological studies (Zareie et al.,
2016) as well as for spatial decision making and for monitoring of the natural resources. Moreover, the analysis of
NDVI and LST of different times can be used to detect land
use changes, which were formed because of forest fires,
deforestation, urban expansion, mining activities and grass
land regeneration (Mimbrero et al., 2014). The study area,
Andassa watershed, is known to be the productive area in
the country and the head stream of the Blue Nile River.
Though it has both national and international significance,
recent events have shown that the region is under pressure
and is experiencing serious environmental changes (Gashaw
et al., 2018). There is an enormous decrease in the natural
vegetation of the watershed (Gashaw et al., 2017). Despite
these events, only few studies have been carried out in the
watershed to investigate the nexus between climatic parameters like surface temperature and vegetation dynamics.
Therefore, the main objective of this study is to analyze
the relationships between multi-temporal land surface temperature and Normalized Difference Vegetation Index
changes of Andassa watershed, Blue Nile Basin in Ethiopia
using remotely sensed data. The specific objectives of this
study are:To estimate the land surface temperature of the study
area from Landsat imagery.
To examine relationship between LST and NDVI in the
study area.
To determine the amount of mean temperature increased from the selected time frame (1986 to 2016) in
the study area.
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2
2.1

Materials and methods
Study area

Andassa watershed is a part of the Blue Nile Basin of Ethiopia (Fig. 1). The watershed occupies an area of 60 968 ha.
It is situated in a close proximity to Bahir Dar (the capital
city of the Amhara Regional State). Geographically, the watershed extends between 1109N1132N and 3715E
3730E. The topography is hilly and elevation ranges from
1688–3197 m above sea level. Andassa River, one of the
tributaries of the Blue Nile River, is the major river of the
studied watershed. Agriculture is the main source of livelihood for the population.

2.2

Data sources

Landsat data (Landsat-5 TM 1986, Landsat-5 TM 2000 and
Landsat-8 OLI-TIRS 2016) have been obtained free of charge
from US Geological Survey (USGS) (http://earthexplorer.
usgs.gov/). Details of image characteristics are presented in
Table 1. A 30 m resolution ASTER GDEM, obtained from

Fig. 1 Location map of the study area
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Table 1
study

Characteristics of satellite imagery used in this

Satellite
image

Path/row

Sensor

Resolution
(m)

No. of
bands

Date of
acquisition

Landsat-5

170/52

TM

30

7

04-02-1986

sidering it as being made up of bare soil and vegetation
based on the following simplified equation (Sobrino et al.,
2004):

    v  Pv   s 1  Pv   C

(2)

Landsat-5

170/52

TM

30

7

11-02-2000

where  v and  s are band emissivity values for vegeta-

Landsat-8

170/52

OLI–TIRS

30

11

07-02-2016

tion and bare soil, respectively, C is the surface roughness
taken as a constant value of 0.005 (Avdan and Jovanovska,
2016; Sobrino and Raissouni, 2000) and Pv is proportional
vegetation that shows the amount and nature of vegetation
cover(Weng et al., 2004) and is derived from NDVI using
the formula

ASTER Global Digital Elevation Map (http://gdex.cr.usgs.
gov/gdex/) was used in this study.

2.3

Methods

For the present study, the methodology involves preparation
of NDVI and Land surface temperature maps and correlation
analysis between LST and NDVI. The general workflow is
shown in Fig. 2 and the details are presented in the next
sections.
2.3.1 Normalized Difference Vegetation Index (NDVI)
The Normalized Difference Vegetation Index (NDVI) is essential to estimate the amount of the aboveground green
vegetation cover. It is calculated from measurements of red
and near-infrared reflectance using the formula
NDVI 

NIR  RED
NIR  RED

(1)

where NIR and RED are the near infrared and red band
pixel values respectively. The value of NDVI ranges between 1.0 and 1.0. The value of NDVI for continuous vegetation cover mostly lies between 0.2 and 0.9 (Bustos and
Meza, 2015). Values less than 0.1 indicate no vegetation
such as rock, water, ice, snow and barren surfaces (Fu and
Burgher, 2015).
2.3.2 Land surface emissivity
The land surface emissivity (  ) is the ratio of energy emitted from a natural material to that of a perfect emitter
(blackbody) at the same temperature (Jiménez-muñoz et al.,
2006). The emissivity for a surface can be obtained using a
theoretical approach, which models a given surface by con-

Fig. 2 General workflow of the methodology

 NDVI  NDVI s 
Pv  

 NDVI v  NDVI s 

2

(3)

where NDVIv and NDVI s are the NDVI values of full
vegetation cover and bare soil and their values are suggested
to be 0.5 and 0.2 respectively (Sobrino et al., 2004).
2.3.3 Conversion of Digital Number (DN) to spectral
radiance ( L )
Digital Number (DN) of a pixel in an image is a numerical
value which represents the brightness of that pixel in the
image. In this step, each pixel of the Landsat images was
converted from Digital Numbers ( DN ) to Spectral radiance (L) using the following formula (Fathian et al., 2015;
Wang et al., 2015)
 Lmax  Lmin 
L  
  Qcal  Qcalmin   Lmin
 Qcalmax  Qcalmin 

(4)

where Qcal is the quantized calibrated pixel value in DN,
Lmin is the spectral radiance that is scaled to Qcalmin, Lmax is
the spectral radiance scaled to Qcalmax, Qcalmin is the minimum quantized calibrated pixel value in DN and Qcalmax is
the maximum quantized calibrated pixel value in DN. The
values are presented in Table 2.
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Table 2 Values of parameters of Landsat images from metadata
Variable

Value

Description

K1

(Landsat-5 TM)

(Landsat-8 OLI-TIRS)

Thermal constant

607.76

774.8853

K2

Thermal constant

1260.56

1321.0789

Lmin

Minimum value of Radiance

1.238

0.10033

Lmax

Maximum value of Radiance

15.303

22.00180

Qcalmin

Minimum Quantize Calibration

1

1

Qcalmax

Maximum Quantize Calibration

255

65535

2.3.4

Conversion of spectral radiance to an effective
brightness temperature
Thermal radiance values were converted from spectral radiance to brightness temperature using the thermal constants
with the following equation (Sobrino et al., 2004):
TB 

K2

(5)

K

ln  1  1
L
 


where TB is satellite brightness temperature (Kelvin), L is
Top of Atmosphere spectral radiance, K1 and K2 are calibration constants obtained from the metadata.
2.3.5 Land surface temperature from brightness
temperature
The emissivity corrected land surface temperature (LST) in
degree Celsius is computed using the formula(Avdan and
Jovanovska, 2016; Ding and Elmore, 2015)
LST 

TB
  TB 
 
1  
  ln  
   
 

 273.15

(6)

where LST is the land surface temperature in degree Celsius,

 is the wavelength of emitted radiance in meters,  = hC 1,
 = 1.381023 JK1 (Boltzmanconstant), h = 6.6261034 Js

(Planck’s constant), C=2.998108 ms1 (Speed of light) and
 is emissivity.
2.3.6 Validation of the results
This step is aimed to validate the results of LST obtained
from Landsat data following the methodology. Due to the
lack of measured LST data, three meteorological site temperature data were used to validate the results. Monthly average air temperature data of three meteorological sites in
the vicinity of the study area (Adet, Bahir Dar and Merawi)
in the month of February (the same month of image acquisition) of the years 1986, 2000 and 2016 were used for verifying the results.

3

Results and discussion

3.1

The spatial distribution of NDVI values from the Landsat
TM and Landsat OLI images can be seen in Fig. 3 a-c. The
1986 NDVI values ranged from 0.32 to 0.66, having a
mean value of 0.20, and the 2000 NDVI values were in the
range of 0.35 to 0.62, having a mean value of 0.12 whereas
the NDVI values of the year 2016 ranged from 0.16 to

Fig. 3 NDVI maps of the Andassa watershed for three different years
Note: (a) NDVI map in 1986, (b) NDVI map in 2000 and (c) NDVI map in 2016.

Analysis of NDVI
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0.54 with a mean value of 0.12. Relatively, high values of
NDVI were observed on the southwestern and northeastern
parts of the study area following the drainage areas and low
values of NDVI were observed on the southeastern part of
the study area. By comparing NDVI of three different periods (1986, 2000 and 2016), it is observed that maximum
NDVI values decreased over the studied period of time. Table 3 shows different NDVI classes for the years 1986, 2000
and 2016. The comparison of each class of the different
years showed that there has been a marked vegetation cover
change during the study period of 30 years. As can be seen
from Table 3, 43.47% of the study area in 1986 and 43.84%
of the study area in 2000 were covered by NDVI values between 0 and 0.1. But in the year 2016, only 5.4% of the
study area was covered by the same NDVI class. These confirmed that there has been a dynamic vegetation cover
change from one class to the other in the study area.

3.2

Analysis of LST

Fig. 4 a-c show spatial pattern of LST for the years 1986,
2000 and 2016 of the study area respectively. The summary
statistics of LST for the indicated years is presented in Table 4.
In the year 1986, LST ranged from 13.78C to 39.16C with

mean 30.58C. From the total area, 25% area represented
temperature from 13.78C to 28.77C and the remaining
75% area represented temperature between 28.77C and
39.16C. In the year 2000, LST varied from 14.25C to
39.16C having mean value of 30.77C and 25% of the
study area possessed temperature between 14.25C and
29.18C. The remaining 75% of the area possessed temperature between 29.18C and 39.16C. Slight increment
was observed in both the minimum and the mean LST values as compared to the year 1986. LST in 2016 ranged from
17.39C to 40.64C with mean 32.88C and more than 75%
of spatial extent possessed temperature between 31.20C
and 40.64C.
F test was used as the significance examination of variability of LST for pairwise comparison of the years 1986,
2000 and 2016 in the study area. Each pair passed the significance test at the level P < 0.01. Boxplots in Fig. 5 show
the variability of LST in the study area for the years 1986,
2000 and 2016. The highest variability in LST was observed
in the year 1986 with standard deviation 3.06 followed by
year 2016 with standard deviation 2.86. As depicted in the
boxplots, average LST increased with positive rates. It

Table 3 The NDVI distributions in different classes of years 1986, 2000 and 2016
NDVI
<0

1986

2000
Area (ha)

2016

Area (ha)

Percent (%)

Percent (%)

120.33

0.20

72.72

0.12

Area (ha)
13.86

Percent (%)
0.02

00.1

26505.09

43.47

26728.11

43.84

3292.65

5.40

0.10.2

26319.42

43.17

24039.99

39.43

40717.98

66.79

0.20.3

6464.16

10.61

7447.95

12.22

14968.26

24.55

0.30.4

1367.91

2.24

2197.08

3.60

1838.52

3.02

>0.4

190.98

0.31

482.04

0.79

136.62

0.22

Fig. 4 LST maps of the Andassa watershed for three different years: (a) 1986, (b) 2000 and (c) 2016
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Table 4 Summary statistics of LST of the study area for different years.
Year

Min

Q1

Mean

Q2

Q3

Max

Sd

1986

13.78

28.77

30.58

30.42

32.46

39.16

3.06

2000

14.25

29.18

30.77

31.24

32.86

39.16

2.79

2016

17.39

31.20

32.88

33.08

34.88

40.64

2.86

Fig. 5 Boxplots of LST for the years 1986, 2000 and 2016

showed that within 30 years (from 1986–2016) of the study
period, minimum temperature level has raised 3.61C with
an average of 0.12C per year and average temperature has
raised 2.42C with an increasing rate of 0.081C yr–1 in the
specified period.
Fig. 6 shows the distribution of the percentage change in
LST between the years 1986 and 2016. Maximum percentage change (61.5%) of LST was observed on the northern
part of the study area.

Fig. 6 Map showing percentage change in LST between the
years 1986 and 2016

3.3 Analysis of relationship between NDVI, LST and
elevation

Table 5 Correlation between LST, NDVI and elevation

In order to reduce the potential effect of autocorrelation in
the LST and NDVI data, a random sample of 10% pixels was
extracted in the study area (n = 67742) (Vlassova et al. 2014)
and correlations coefﬁcients between LST, NDVI and elevation were computed for the years 1986, 2000 and 2016. The
results are presented in Table 5. From the table it is clear
that negative correlation values were observed between LST
and NDVI in all the three years. Other studies have also
shown similar results (Pal and Ziaul, 2017; Sruthi and
Aslam, 2015; Weng et al., 2004; Zhibin et al., 2015). This
means that areas with lower vegetation cover are experiencing higher land surface temperature and vice versa.
From this it can be inferred that vegetation has a cooling
and regulating effect on the surface temperature of an area.
Studies showed that vegetated surface can contribute significantly to human comfort and better health conditions by
decreasing the land surface temperature even by 13 ℃
(Gémes et al., 2016).

Year

LST and NDVI

LST and Elevation

NDVI and Elevation

1986

0.43

0.07

0.11

2000

0.50

0.28

0.03

2016

0.46

0.40

0.06

On the other hand, the correlation between NDVI and
elevation in the study area was very weak. Almost no
correlation was observed between these two parameters for
all the three years. Moreover, in the year 1986, there was no
correlation between LST and elevation but moderately negative correlation was observed between these parameters in
the years 2000 and 2016 with correlation coefficient values
0.28 and 0.40 respectively.

3.4

Correlation of LST and air temperature

Statistical analysis showed that there was strong correlation
between LST and air temperature with correlation coefficient
R = 0.95, thereby indicating that the LST and air temperature
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were following a similar pattern.

4

Conclusions

Nowadays, satellite data are becoming important for various
applications in different fields including in environmental
and ecological studies. This study has demonstrated that the
recent advancements in remote sensing and GIS technologies provide powerful tools for mapping and detecting
changes in LST and NDVI. The study used Landsat- data and
explored the spatio-temporal distribution of LST, NDVI and
the quantitative relationship between them. The findings of
this study have shown that the LST of the Andassa watershed has increased during the study periods of 1986, 2000
and 2016. Overall, average LST has been rising with an increasing rate of 0.081C yr-1. Comparison of the 1986 and
2016 LST maps has shown a maximum percentage change
(up to 61.5%) of LST on the northern part of the study area.
The results of this study have also shown that there has been
declining vegetation cover (as indicated by NDVI) in all
seasons. Correlation analysis has also shown that there has
been negative correlation between NDVI and LST in all periods. From this study it can be inferred that degradation of
vegetation, and intensification and steady increment of LST
can disturb and harm the biosphere and ecosystem of the
watershed. As a result, conservation activities and rehabilitation of cleared and degraded areas need to be done, especially on the northern part of the study area. Moreover, as
Andassa watershed is the head stream of the Blue Nile River,
recognizing its local and global importance, different scientific land management strategies and interventions need to
be developed and effectively practiced in order to monitor
the continuous land use land cover dynamics and to check
the intensification of LST. The generated maps can thus be
used as guides for various uses such as
planning and
management of vegetation dynamics in the Andassa watershed. More comprehensive and in-depth analyses of other
influence factors, such as population growth, the effect of
land use/land cover changes on LST, are required in the future.
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埃塞俄比亚安达萨河流域地表温度和归一化植被指数时空变化分析
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摘

要：本文分析了植被动态与地表温度等气候参数之间的关系，对环境和生态研究以及自然资源监测至关重要。本文首

先利用 Landsat 数据探讨了 1986 年至 2016 年期间安达萨河流域地表温度（LST）和归一化植被指数（NDVI）的时空分布以及它
们之间的关系，三个气象站点的月平均气温数据用于验证结果。该研究的结果表明，Andassa 流域的 LST 在研究期间有所增加。
总体而言，平均 LST 一直在上升，年增长率为 0.081℃ yr-1。该研究结果还表明，所有季节的流域植被覆盖都发生了变化。在所
有研究年份中，LST 和 NDVI 之间存在负相关；从 1986 年到 2016 年，研究区植被具有退化趋势，地表温度有所升高。
关键词：陆地卫星数据；LST；NDVI；植被覆盖

