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Abstract
The aim of this study was to model the relationship between Land Surface Temperature (LST), Normalized Difference 
Vegetation Index (NDVI), Vegetation Condition Index (VCI), Temperature Condition Index (TCI), Vegetation Health Index 
(VHI), and Standardized Precipitation Index (SPI) at 3-month timescale in Raya and its environs, Northern Ethiopia. This 
study answered how NDVI and LST, VCI and TCI, SPI and VHI are related. It also explained better drought indices for 
meteorological and agricultural drought monitoring. MOD11A2 LST Terra, eMODIS NDVI, and monthly rainfall data of 
the tropical applications of meteorology using satellite and ground-based observations (TAMSAT) were used. The data were 
analyzed using a simple linear regression model. The results revealed that the mean LST was high (i.e., between 39.6 and 
41.29 °C), while NDVI was poor and unhealthy (i.e., below 0.27) in the lowland area due to unfavorable moisture condi-
tion than the mid and highland areas. The regression result indicated that NDVI and LST have a relatively strong negative 
and significant relationship (R2/P = 0.40/0.01 to R2/P = 0.62/0.00) in all districts of the study area. This study also reported 
that there is a positive and significant relationship between VCI and TCI (R2/P = 0.38/0.02 to R2/P = 0.63/0.00) in all dis-
tricts of the study area. Furthermore, this study found that the relationship between SPI and VHI is positive and significant 
(R2/P = 0.36/0.02 to R2/P = 0.60/0.00) in all districts of the study area. The SPI and VHI indices are suitable for monitoring 
the incidence of meteorological and agricultural drought. This study may help to improve the understanding of both mete-
orological and agricultural drought indices relationships.
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1  Introduction

Drought is mainly triggered by the El Niño phenomena 
(Sholihah et al. 2016) in the majority of southern and eastern 
African countries. This causes an increase in the surface tem-
perature (Wolde-Georgis 1997) and a stress in soil moisture. 
As a result, the incidence of meteorological and agricultural 
droughts intensified in the majority part of the continent (e.g., 
Ethiopia, Somalia, South Sudan, Kenya, Tanzania, Zimba-
bwe, South Africa and others). Both meteorological and agri-
cultural drought are among the four types of drought: mete-
orological, agricultural, hydrological, and socio-economic. 
Meteorological drought is caused by the seasonal or annual 
precipitation reduction over an extended period of time, usu-
ally a season or more in length, while agricultural drought 
is due to a shortage of soil moisture in the crop root zone 
and it significantly affects vegetation as well as crop growth 
(Zhang et al. 2017; Zhang and Jia 2013; Choi et al. 2013; 
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Wilhite 2000). Hydrological drought is caused by the decline 
in the amount of surface and subsurface water supplies such 
as stream flow, inflow to lakes, ponds, and reservoirs (Wilhite 
2000). Zhang and Jia (2013) reported that socio-economic 
drought is largely associated with the supply to meet the 
demand of economic goods. Kogan et al. (2013) showed that 
the climatic phenomenon depresses vegetation greenness and 
vigor due to the diminution in chlorophyll and water content 
and rising of temperature. The Land Surface Temperature 
(LST) represents the interface between the incoming radia-
tion fluxes and other terms of the energy balance such as 
the ground heat fluxes (Frey et al. 2012; Sruthi and Aslam 
2015). Drought is a reality that many governments in Sub-
Saharan Africa (SSA) have to deal with on a regular basis. 
Often, many governments fail to prepare for and respond 
appropriately to mitigate negative consequences of drought. 
Choi et al. (2013) reported that geo-spatial technologies (e.g., 
remote sensing and GIS) provide an alternative approach to 
effectively monitor drought based on vegetation stress as 
well as moisture status over large areas. Currently, we have 
a number of drought indices based on remote sensing data 
with various time scales, application, and methods of estima-
tion. Each of these indices reflects diverse drought condi-
tions, characteristics or severity and has their own strength 
and weaknesses (Marufah et al. 2017; Zhang et al. 2017).

This study considered only six important drought indices 
such as Normalized Difference Vegetation Index (NDVI), 
Vegetation Condition Index (VCI), Land Surface Tempera-
ture (LST), Temperature Condition Index (TCI), Standardized 
Precipitation Index (SPI), and Vegetation Health Index (VHI) 
based on their applications, characteristics, and data avail-
ability. Studying drought phenomena using various drought 
indices can help us not only to understand the drought event 
better, but also to comprehensively analyze their relationships 
(Zhang et al. 2017). For instance, the World Meteorological 
Organization (WMO) approved the Standardized Precipita-
tion Index (SPI) developed by McKee et al. (1993) to use for 
monitoring meteorological drought conditions at any loca-
tion in a different time scales (e.g., 1, 3, 6, 12, or 24 months). 
The index requires only time-series precipitation data. Simi-
larly, the Vegetation Health Condition (VHI) developed 
by Kogan (2001) has been universally used in agricultural 
drought assessment based on the remote sensing (satellite) 
data because the index incorporates both the Vegetation Con-
dition Index (VCI) and Temperature Condition Index (TCI) to 
measure the stress of crops. The VCI and TCI are estimated 
from the multi-temporal Normalized Difference Vegetation 
Index (NDVI) and Land Surface Temperature (LST). Drought 
monitoring based on vegetation condition indices only (e.g., 
NDVI and VCI) has certain limitations. However, this limi-
tation can be resolved by incorporating surface temperature 
(LST). Therefore, VHI would be a better choice in agricultural 
drought monitoring if only NDVI and LST data are available 

(Mu et al. 2006; Zhang et al. 2017). However, the major chal-
lenge in studying drought is developing statistically tested 
and proven methods and techniques to acquire timely drought 
information (e.g., meteorological and agricultural) for improv-
ing the existing drought preparedness and response (Panu and 
Sharma 2002; Brown et al. 2008).

Wang et al. (2003) reported that the relationship among 
NDVI, precipitation, and temperature require detailed analy-
ses to comprehend the temporal variation of precipitation and 
temperature as they influence vegetation growth. Most schol-
ars have focused on the relationship between precipitation, 
NDVI and soil water (Zhou et al. 2012). The relationships 
between vegetation vigor and available soil moisture, espe-
cially in arid and semiarid areas, NDVI and LST data sets 
have been used to monitor drought conditions (Sun and Kafa-
tos 2007). Zhou et al. (2010) reported that the relationship 
between vegetation condition and precipitation is complex and 
not adequately examined with LST, VHI, TCI, and SPI. This 
affects the ability to recognize the strengths of each drought 
index. Raghavendra (2012) stated that understanding the rela-
tionship among the TCI, VCI, and terrain factors (e.g., eleva-
tion, slope, and aspect) is significant to conserve natural and 
environmental resources. For example, few scholars determine 
the relationships between SPI and VHI (Marufah et al. 2017) 
in Indonesia, VCI and TCI (Singh et al. 2003; Raghavendra 
2012) in India. However, in Ethiopia, there are no known 
studies dealing with the relationships among NDVI and LST, 
VCI and TCI, SPI and VHI at a 3-month time scale. There-
fore, there is a need to conduct in-depth empirical analysis on 
each index (Karnieli et al. 2010). The novelty of this study is 
that for the first time we are able to determine the statistical 
relationships of six major drought indices (i.e., both mete-
orological and agricultural drought) in Africa in general and 
Ethiopia in particular. This study, therefore, aims to examine 
the relationships among NDVI and LST, VCI and TCI, SPI 
and VHI at 3-month timescale from the year 2001–2015. The 
relationships were determined using the seasonal mean val-
ues of each index. This study is a useful addition to advance 
the existing drought monitoring, early warning systems and 
mitigation carried out in Ethiopia in general and the study 
area particular. Further, the study conducted a pairwise matrix 
correlation analysis among all drought indices for verification 
and/or validation of the relationships.

2 � Materials and Methods

2.1 � Study Area

This study was conducted in Raya and its environs (Northern 
Ethiopia) which is an intermountain plain area located at 
39°24′40″ and 40°25′20″ longitude East and 12°7′20″ and 
13°8′0″ latitude North (Fig. 1) (Gidey et al. 2017). It consists 
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of 11 districts, namely, Megale, Yalo, Gulina, Gidan, Kobo, 
Alaje, Alamata, Hintalo Wejirat, Ofla, Endamehoni, and 
Raya Azebo. The total area coverage of the study area is esti-
mated 14,532 km2 of which 48% fall in the southern Tigray 
region, 22% in Amhara and 30% in the Afar region (Gidey 
et al. 2017). The study area receives up to 558 mm of rainfall 
annually (Gidey et al. 2017). Rainfall is erratic and bimodal 
(Ayenew et al. 2013) in the area. During the last 33 years, 
the maximum (Tmax) and minimum temperatures (Tmin) were 
30.5 and 15.9 °C, respectively. The study area consists of 
four river basins such as Danakil Basin, which covers about 
10,265.8 km2 (70.64%), Lake Ashinge 16.0 km2 (0.11%), 
Abay (Blue Nile) 13.2 km2 (0.09%), and Tekeze 4237.0 km2 
(29.16%) (Gidey et al. 2017). The mean elevation value of 
the area is 1762 meters above sea level (m.a.s.l). Similarly, 
the slope of the study area ranged from 0% (flat) to 395.3% 
(very steep slope). In the study area; eutric cambisols are 
the predominant soil type covering about 4667.1 km2 or 
32.1%, while dystric gleysols cover only a small portion, 
i.e., 1.1 km2 (0.001%), respectively (Gidey et al. 2017).

2.2 � Data Acquisition

The Moderate Resolution Imaging Spectroradiometer 
(MODIS) instrument has been developed to enhance the 

studies on land, ocean, and atmosphere (Justice et al. 1998). 
Bisht et al. (2005) reported that the MODIS product has 36 
spectral bands ranging from 0.405 to 14.385 μm. The sensor 
gives near-daily imaging capability globally, complementing 
the spectral, spatial, and temporal coverage (Justice et al. 
1998). The spatial resolution of the product ranges from 
250 to 1000 m. Tucker et al. (2005) reported that vegetation 
indices derived from the MODIS or SPOT (Satellite Pour 
l’Observation de la Terre) instruments represent improved 
measurements of surface vegetation conditions, spatially, 
spectrally, and radiometrically. In this study, moderate spec-
tral and spatial resolution monthly LST Terra (MOD11A2), 
and eMODIS NDVI data were obtained from the National 
Aeronautics and Space Administration (NASA) and United 
States Geological Survey (USGS) Land Process Distributed 
Active Archive Center (LP DAAC) and Famine Early Warn-
ing System Network (FEWS-NET) from the year 2001 to 
2015. The spatial resolutions of the images were 1 km by 
1 km (LST) and 250 m by 250 m (eMODIS NDVI). How-
ever, the resolutions of all images were adjusted to 250 m 
to correspond with the entire images using the MODIS 
Re-projection Tool (MRT) v 4.1. Mu et al. (2006) reported 
that observation data alone are not enough for monitoring 
of different drought (e.g., meteorological, agricultural and/
or hydrological) because there is a difference between the 

Fig. 1   Map of the study area. Source: Gidey et al. (2017)
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result and the fact since the distribution of station is a lack 
of rationality. However, in this study hybrid monthly rain-
fall, i.e., the Tropical Applications of Meteorology using 
Satellite data and ground-based observations (TAMSAT) 
rainfall data were collected from 19 existing rain gauge sta-
tions from the National Meteorological Agency of Ethio-
pia (NMA) for the period 2001–2015. These data sets were 
used to estimate the seasonal precipitation deficit using the 
SPI 3-month timescale and correlate with the other drought 
indices. The MOD11A2 LST Terra, eMODIS NDVI, and 
TAMSAT are distinct datasets and are an important input in 
real-time drought monitoring. For instance, the MOD11A2 
LST Terra provides information about surface temperature 
or moisture status, eMODIS NDVI shows the overall vegeta-
tion health status, and TAMSAT gives satellite-based rainfall 
estimates at high resolution.

2.3 � Data Processing and Analysis

2.3.1 � eMODIS NDVI

NDVI is a very good parameter for studying vegetation 
greenness or health status, and mapping vegetation cover 
dynamics. This index consists of two important components 
(i.e., ecology and weather) (Singh et al. 2003). However, it is 
not effective to characterize drought or non-drought epochs. 
In this study, NDVI was applied to evaluate the impacts of 
weather on vegetation from the eMODIS products. The row 
eMODIS NDVI data were rescaled to find out the real NDVI 
value in ArcGIS 10.4.1 as follows (Eqs. 1, 2):

where NIR = near-infrared reflectance and RED = visible-
red reflectance

The value of eMODIS NDVI ranges from − 1.0 to + 1.0. 
The standard unit of eMODIS NDVI is NDVI ratio. The 
negative NDVI ratio shows less vigorous or unhealthy vege-
tation cover mainly occurred in a barren rock (rock outcrop), 
and sand, while the positive NDVI value depicts the healthy 
vegetation cover. High NDVI values depend on the density, 
canopy architecture, and vegetation moisture (Zhang and Jia 
2013). Studies showed that in arid and semi-arid regions the 
values of NDVI are low due to moisture stress. In this study, 
the eMODIS NDVI value was interpreted based on Table 1.

The eMODIS NDVI data were used as input to compute 
VCI. This index is highly applicable for assessing the veg-
etation stress and/or to examine the response of vegetation. 
In this study, VCI was estimated as follows (Eq. 3):

(1)NDVI = (NIR − RED)∕(NIR + RED)

(2)
eMODIS NDVI = Float (eMODIS NDVIi − 100)∕100.

(3)
VCI = 100 × (NDVIi − NDVImin)∕(NDVImax − NDVImin),

where NDVIi = the current smoothed NDVI value of ith 
month, NDVImin, and NDVImax, is a multi-year (2001–2015) 
absolute minimum and maximum NDVI value for every 
pixel at a particular period.

VCI is measured in percentile ranged from 0 to 100. The 
value shows how much the vegetation has advanced or dete-
riorated in response to weather. A high value of VCI signifies 
healthy and/or unstressed vegetation condition. VCI value of 
50–100% shows above normal or wet condition. This means 
that there is no drought, while values between 35 and 50% 
show areas under the incidence of moderate drought (MD) 
and VCI value between 20 and 35% shows severe drought 
(SD) prevalence. Furthermore, the seasonal and/or annual 
VCI value 0–20% is showing very severe agricultural drought 
event (VSD). Studies indicated that VCI model based on 
NDVI alone is not sufficient for agricultural drought monitor-
ing (Kogan 1995; Sholihah et al. 2016). The combination of 
TCI derived from MOD11A2 LST Terra is good to assess 
agricultural droughts effectively.

2.3.2 � Temperature Condition Index (TCI)

2.3.2.1  Land Surface Temperature (LST)  LST is a good indi-
cator of the energy balance at the Earth’s surface because it 
is one of the key parameters in the physics of land surface 
process on regional and global scales (Parviz 2016). The 
Terra MODIS collection 005-based temperature product 
(i.e., MOD11A2) LST measures the ground temperature of 
the Earth’s surface. The Terra-based MOD11A2 LST data 
were computed by averaging all the valid pixels under clear-
sky and it was rescaled by 0.02 to get the correct LST value 
in Kelvin unit. In this study, the values of LST were rescaled 
and converted into degree celsius (°C) unit to measure TCI. 
TCI is a thermal stress indicator used to determine tem-
perature-related drought situations. This satellite-derived 
index assumes that during the drought event soil moisture 
diminished significantly and cause high vegetation stress. 
The TCI assumed that higher temperature has a tendency to 
cause deterioration or drought during the vegetative growth 
period, while low temperatures are largely favorable for veg-
etation during its development. Both the LST and TCI were 
estimated as follows (Eqs. 4, 5):

Table 1   Vegetation health and density value interpretation

http://endel​eo.vgt.vito.be/datap​roduc​ts.html#ndvi

Vegetation health and density status NDVI value

Very good 0.72 to 1.00
Good 0.42 to 0.72
Normal 0.22 to 0.42
Poor 0.12 to 0.22
Very poor − 0.10 to 0.12

http://endeleo.vgt.vito.be/dataproducts.html%23ndvi
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where LST = land surface temperature in degree celsius (°C), 
� = row scientific data (SDS)

where LSTi = LST value of ith month, LSTmax and LSTmin 
are the smoothed multi-year maximum and minimum land 
surface temperature (LST).

2.3.3 � Vegetation Health Index (VHI)

The Vegetation Health Index (VHI) consist both the VCI 
and TCI and it shows the availability of moisture and tem-
perature in the vegetation. In this study, the VHI was ana-
lyzed by computing both VCI and TCI derived from the 
eMODIS NDVI and MOD11A2 Terra 8-day LST data as 
follows (Eq. 6):

where VHI = Vegetation Health Index, a = 0.5 (contribu-
tion of VCI and TCI), VCI = Vegetation Condition Index, 
TCI = Temperature Condition Index.

The lower VHI value indicated that the high incidence of 
agricultural drought whereas a higher VHI value show wet 
or non-drought conditions (Table 2).

2.3.4 � Standardized Precipitation Index (SPI)

In this study, the SPI 3-month timescale was computed based 
on McKee et al. (1993) algorithm to evaluate the condition 
of meteorological drought as follows (Eq. 7):

where pi = seasonal precipitation, p̄ = long-term mean, 
� = standard deviation of the long-term rainfall record.

Meteorological drought event begins any time when 
the SPI value is negative and reaches close to − 1 or less 
(Table 3). The negative SPI value shows periods of drought, 
while the positive value is wet or non-drought conditions.

(4)LST = (� × 0.02) − 273.15,

(5)
TCI = 100 × (LSTmax − LSTi)∕(LSTmax − LSTmin),

(6)VHI = a × VCI + (1 − a) × TCI,

(7)SPI = (pi − p̄)∕𝜎,

2.3.5 � Regression Analysis

A simple linear regression model was applied to examine 
how the LST–NDVI, VCI–TCI and VHI–SPI relate to each 
other to ascertain drought. Besides, the Pearson correlation 
matrix was applied to evaluate the relationships of each 
index. Minitab v. 17 advanced statistical software package 
was used to assess the strengths of the relationships and level 
of significance. The linear regression model was computed 
as follows (Eq. 8):

where Yi = VCI, NDVI, VHI for the ith period, Xi = LST, 
SPI, TCI, b0 + b1Xi = linear relationships between Yi and Xi , 
b0 = mean of Yi when X = 0 (intercept), b1 = change in mean 
of Y when X increases by 1 (slope), ei = random error term.

The results of simple linear regression or Pearson correla-
tion can be positive or negative. This ranges between 0 and 
+ 1 (Table 1). Regression or Pearson correlation values close 
to zero indicate no relationship between the indices. How-
ever, if one index (e.g., LST) increases as the other index 
(e.g., NDVI) decreases, then the relationship is negative. The 
Evans standard (1996) was adopted to determine the level of 
Pearson correlation matrix and coefficient of determination 
(R2) strengths (Table 4).

(8)Yi = b0 + b1Xi + ei,

Table 2   Agricultural drought 
classes by VHI. Source: Kogan 
(2001)

Level of severity VHI values

Extreme drought < 10
Severe drought 10–20
Moderate drought 20–30
Mild drought 30–40
No drought > 40

Table 3   Meteorological drought characteristics by SPI. Source: 
McKee et al. (1993)

SPI values Drought category

Severity Symbol

SPI < − 2.0 Extreme drought ED
− 1.5 < SPI < − 1.99 Severe drought SD
− 1.0 < SPI < − 1.49 Moderate drought MD
− 0.99 < SPI < 0 Mild drought MiD

Table 4   Strengths of Pearson correlation matrix and linear regression 
model (R2). Improved: Evans (1996)

Level of statistical strength (s) Pearson correla-
tion matrix (r)

Coefficient of 
determination 
(R2)

Very strong (perfect) 0.80–1.00 0.64–1.00
Strong 0.60–0.79 0.36–0.63
Moderate 0.40–0.59 0.16–0.35
Weak 0.20–0.39 0.04–0.15
Very weak 0.00–0.19 0.00–0.036
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Fig. 2   Spatio-temporal analysis of NDVI, LST, TCI, VCI, SPI and VHI over Raya and its environs for the period 2001–2015
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Fig. 2   (continued)
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3 � Results and Discussion

3.1 � Analysis of Major Drought Indices

This study analyzed the spatio-temporal meteorological and 
agricultural drought indices such as NDVI, LST, TCI, VCI, 
SPI and VHI to assess the relationships of each drought 
index (Fig. 2) during the main rainy seasons. The results 
indicated that the long-term (2001–2015) mean NDVI 
values in the lowland area (e.g., Yalo, Megale, and Gulina 
districts) were below 0.27, while LST value was between 
39.6 and 41.29 °C. LST was high in the lowland area, while 
NDVI was poor and unhealthy vegetation greenness due to 
unfavorable moisture condition. Singh et al. (2003) reported 
that NDVI is largely controlled by weather parameters (e.g., 
rainfall, and temperature among others) to reflect the vegeta-
tion greenness. For example, Cunha et al. (2015) stated that 
during the dry season, the values of NDVI are becoming 
low, whilst during the rainy seasons the values are largely 
higher due to optimal soil water moisture. However, in the 
lowland of the study area, NDVI was continuously low even 
during the main rainy seasons due to poor moisture resulting 
from the unfavorable climate conditions. Besides, the VCI 
values of the same area were between 37.18 and 44.48. This 
identifies areas where vegetation is more or less dense than 
usual condition (Choi et al. 2013). The TCI value of the 
lowland area was between 38.54 and 39.58. This determines 
the temperature-related vegetation stress due to moisture 
stress (Singh et al. 2003; Choi et al. 2013). Furthermore, 
the VHI value was from 38.35 to 43.58, while the SPI value 
was less than 0.19. In the midland area (e.g., Raya Azebo, 
Alamata, Hintalo Wejirat, and Kobo), NDVI was relatively 
better and the mean value was between 0.44 and 0.57, while 
LST ranged from 30.30 to 34.97. Similarly, the VCI ranged 

between 58.45 and 62.65, while TCI was between 52.57 and 
64.40. Singh et al. (2003) reported that both VCI and TCI 
are found to be dependent on weather and ecological con-
ditions. Moreover, VHI ranged between 53.17 and 60.89, 
while the SPI was less than 0.19. In the highland area (e.g., 
Endmehoni, Ofla, Alaje, and Gidan districts), good NDVI 
or vegetation greenness was observed. In this area, the long-
term mean NDVI value was between 0.53 and 0.57, while 
LST value ranged between 23.58 and 24.60. Low LST and 
high NDVI values were observed in the area. Besides, the 
VCI value was between 63.94 and 67.87, while TCI was 
66.09–68.88. Furthermore, VHI value ranged between 66.47 
and 69.85, while SPI was less than 0.23. Choi et al. (2013) 
stated that VHI reflects both vegetation cover and tempera-
ture anomalies. The statistical relationship of each index is 
presented in Figs. 3, 4 and 5.

3.2 � NDVI and LST Relationships

Figure  3 and Table  5 show the statistical relation-
ships between NDVI and LST. The result revealed that 
LST is negatively related to NDVI (R2/P = 0.40/0.01 to 
R2/P = 0.62/0.00) and statistically significant across all dis-
tricts of the study area (such as Yalo, Megale, Gulina, Raya 
Azebo, Alamata, Kobo, Hintalo Wejirat, Endamehoni, Ofla, 
Alaje, and Gidan). Zhang and Jia (2013) and Karnieli et al. 
(2006) also reported similar findings (i.e., an inverse rela-
tionship) between NDVI and LST in the Brazilian semi-arid 
region and Mongolia. In this study, higher regression results 
were observed in the district of Kobo (Fig. 3f) and were rel-
atively lower in Alaje (Fig. 3j). This relationship exploited 
as an indicator of spatial–temporal characteristics of water 
stress conditions (Abbas et al. 2014). The NDVI and LST 
relationship results show that when the LST increases at 

Fig. 2   (continued)
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a certain value, NDVI tends to decrease because LST is 
stronger during the day time than night time. This causes 
a higher level of vegetation stress that can lead to the inci-
dence of drought (Zhang and Jia 2013). Another important 
reason, the increases in evaporation along with a decrease 
in soil moisture caused by higher temperatures affect the 

NDVI (Karnieli et al. 2006). Therefore, this study noted that 
there is a strong negative relationship between NDVI and 
LST and is corroborated by the study conducted by Sun and 
Kafatos (2007) in North America. A few unusual severe and 
frequent droughts that covered a large area have occurred 
during the warmest period after the year 2000 (Kogan et al. 
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Fig. 3   NDVI and LST relationships over Raya and its environs for the period 2001–2015. a Yalo, b Megale, c Gulina, d Raya Azebo, e Alamata, 
f Kobo, g Hintalo Wejirat, h Endamehoni, i Ofla, j Alaje, k Gidan
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2013). Sruthi and Aslam (2015) reported that when the LST 
correlated with the NDVI, the agricultural drought could 
be monitored effectively by integrating additional drought 
indicators (e.g., VCI, TCI, and VHI). Anbazhagan and Par-
amasivam (2016) investigated the relationships between 
NDVI and LST and found a correlation of − 0.21, − 0.14 
and − 0.19 using the Landsat Thematic Mapper (TM) prod-
ucts for the periods of 1992, 2001 and 2010, respectively, in 

Egypt. The correlations are largely weak and are not statisti-
cally significant. Hence, it is difficult to draw a conclusion 
on the cause–effect relationship of the two indices, but the 
results can only show us how much the two indices were 
related to each other. Similarly, Sruthi and Aslam (2015) 
also examined the relationships of NDVI and LST in Kar-
nataka, India, and found a relatively better correlation (r) 
− 0.64, and − 0.59 for the year 2002 and 2012. However, this 
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Fig. 4   VCI and TCI relationships over Raya and its environs for the period 2001–2015
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study found better regression results using the MOD11A2 
Terra 8-days LST and eMODIS NDVI data sets (Fig. 3). 
Furthermore, Sruthi and Aslam (2015) reported that NDVI 
and LST increase during the event of drought. This study, 
however, found out that during drought, only LST increased 
while NDVI significantly decreased due to poor moisture 
availability and rising surface temperature. This is a result 

of low precipitation in the area. Some scholars (e.g., Kumar 
and Shekhar 2015) suggested that the statistical relation-
ship between NDVI and LST during drought is negative. 
However, in low-temperature areas the relationship between 
NDVI and LST might be positive (Karnieli et al. 2010). For 
example, during the winter or cold season, the regression 
between NDVI and LST is positive (Sun and Kafatos 2007). 
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Fig. 5   SPI and VHI relationships over Raya and its environs for the period 2001–2015
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On the other hand, a strong negative relationship between 
NDVI and LST was only observed in the warm periods 
(Sun and Kafatos 2007). In this section, we are interested 
in depicting the cause–effect relationships between NDVI 
and LST in each part of the study area (Fig. 3).

3.3 � VCI and TCI Relationships

Both the VCI and TCI were successfully used in recent 
years to detect drought and vegetation stress because they 
are highly dependent on weather and ecological conditions 

(Singh et al. 2003). It is, therefore, imperative to verify 
the relationship between these two prominent agricultural 
drought indicators. Raghavendra (2012) reported that VCI 
has a high positive correlation with elevation (0.78), low 
positive correlation with a slope (0.39) and no correlation 
with terrain aspect (− 0.13). The same author noted that 
TCI has no significant relationship with elevation (− 0.04), 
slope (− 0.06) and aspect (− 0.03). Furthermore, Singh 
et al. (2003) reported that there is no direct relationship 
between VCI and TCI. However, this study has proven that 
there is a positive, relatively strong relationship between 

Table 5   Pearson correlation matrix between meteorological and agricultural drought indices based on remote sensing and gauge observation 
data over Raya and its environs for the period 2001–2015

District Indices NDVI LST VCI TCI SPI VHI District Indices NDVI LST VCI TCI SPI VHI

Raya Azebo NDVI 1 Endamehoni NDVI 1
LST − 0.77 1 LST − 0.70 1
VCI 1.00 − 0.78 1 VCI 0.99 − 0.67 1
TCI 0.67 − 0.87 0.67 1 TCI 0.63 − 0.92 0.65 1
SPI 0.85 − 0.79 0.85 0.69 1 SPI 0.55 − 0.44 0.55 0.47 1
VHI 0.84 − 0.83 0.84 0.95 0.77 1 VHI 0.89 − 0.95 0.87 0.87 0.54 1

Ofla NDVI 1 Hintalo Wejirat NDVI 1
LST − 0.74 1 LST − 0.69 1
VCI 1.00 − 0.72 1 VCI 1.00 − 0.69 1
TCI 0.68 − 0.93 0.69 1 TCI 0.68 − 0.99 0.69 1
SPI 0.50 − 0.46 0.52 0.50 1 SPI 0.73 − 0.49 0.74 0.49 1
VHI 0.90 − 0.95 0.90 0.89 0.52 1 VHI 0.90 − 0.93 0.90 0.92 0.66 1

Alamata NDVI 1 Alaje NDVI 1
LST − 0.73 1 LST − 0.64 1
VCI 1.00 − 0.74 1 VCI 1.00 − 0.63 1
TCI 0.73 − 1.00 0.75 1 TCI 0.63 − 1.00 0.63 1
SPI 0.69 − 0.69 0.68 0.68 1 SPI 0.57 − 0.34 0.58 0.337 1
VHI 0.91 − 0.95 0.92 0.95 0.73 1 VHI 0.86 − 0.94 0.86 0.938 0.48 1

Kobo NDVI 1 Gidan NDVI 1
LST − 0.77 1 LST − 0.62 1
VCI 0.99 − 0.80 1 VCI 1.00 − 0.65 1
TCI 0.79 − 1.00 0.79 1 TCI 0.65 − 1.00 0.65 1
SPI 0.64 − 0.60 0.64 0.60 1 SPI 0.38 − 0.42 0.38 0.42 1
VHI 0.93 −0.96 0.93 0.96 0.65 1 VHI 0.88 − 0.93 0.88 0.93 0.44 1

Gulina NDVI 1 Yalo NDVI 1
LST − 0.78 1 LST − 0.71 1
VCI 1.00 − 0.76 1 VCI 1.00 − 0.76 1
TCI 0.75 − 1.00 0.78 1 TCI 0.76 − 0.92 0.78 1
SPI 0.63 − 0.57 0.64 0.57 1 SPI 0.73 − 0.59 0.72 0.66 1
VHI 0.93 − 0.94 0.93 0.94 0.65 1 VHI 0.94 − 0.86 0.93 0.94 0.74 1

Megale NDVI 1
LST − 0.75 1
VCI 1.00 − 0.73 1
TCI 0.75 − 1.00 0.73 1
SPI 0.81 − 0.57 0.81 0.57 1
VHI 0.93 − 0.94 0.93 0.94 0.74 1
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VCI and TCI (R2/P = 0.38/0.02 to R2/P = 0.63/0.00) and 
statistically significant across all districts of the study area 
(Fig. 4 and Table 5). When the TCI increases, VCI also 
tends to increase. Better regression coefficient ranged from 
(R2/P = 0.53/0.00 to R2/P = 0.57/0.00) and significance 
level observed in the lowland area (Fig. 4a–c). The high-
est regression coefficient was observed in Gulina district 
(R2 = 0.57) and comparatively lower regression coefficient 
(R2/P = 0.53/0.00 and R2/P = 0.56/0.00) found in the dis-
trict of Megale and Yalo. In the midland area (Fig. 4d–g), 
the regression result ranges from (R2/P = 0.45/0.01 to 
R2/P = 0.63/0.00). The highest regression coefficient 
(R2 = 0.63) was observed in the district of Kobo, while 
in other districts such as Raya Azebo, Hintalo Wejirat, 
and Alamata, the relationships between VCI and TCI were 
(R2 = 0.45, R2 = 0.47 and R2 = 0.55), respectively. Further, 
in the highland area (Fig. 4h–k), the regression coefficient 
was largely between (R2 = 0.38 and R2 = 0.46). In this agro-
ecology, the highest regression value was observed in the 
district of Ofla (R2/P = 0.46/0.01). However, in the dis-
tricts of Endamehoni, Alaje, and Gidan, the coefficient 
was (R2 = 0.42, R2 = 0.40 and R2 = 0.38), respectively. This 
study, therefore, found that the relationship between VCI 
and TCI is positive, relatively strong and statistically sig-
nificant in all agro-ecological zones as well as districts of 
the study area.

3.4 � SPI and VHI Relationships

The statistical relationship between SPI and VHI depicted 
how the agricultural drought monitored by VHI associ-
ate with the meteorological drought measured by SPI. 
The regression analysis result shows that the relationship 
between SPI and VHI in the 3-month timescale is positive, 
strong (R2/P = 0.36/0.02 to R2/P = 0.60/0.00) and statistically 
significant at in all districts of the study area (such as Yalo, 
Megale, Gulina, Raya Azebo, Alamata, Kobo, HintaloWe-
jirat, Endamehoni, Ofla, Alaje, and Gidan) (Fig. 5 and 
Table 5). The results indicated that when the SPI increases, 
VHI also tends to increase. This may lead to more frequent 
and intense droughts incidence (Kogan et al. 2013). Yan 
et al. (2016) and Wang et al. (2014) reported the statistical 
relationship between SPI and VHI has strong correlation 
during a drought period in Southwest China. This study has 
also observed similar findings in Raya, Northern Ethiopia.

The regression results in the lowland area (Fig. 5a–c) 
range from (R2/P = 0.46/0.01 to R2/P = 0.58/0.01). A high 
regression result (R2) was observed in the district of Megale 
(R2 = 0.58), while in the areas of Yalo and Gulina, the regres-
sion value was (R2 = 0.53 and R2 = 0.46), respectively. Simi-
larly, in the midland area (Fig. 5d–g) such as Raya Azebo, 
Alamata, Kobo and Hintalo Wejirat, an R2 = 0.58, R2 = 0.54, 

R2 = 0.48 and R2 = 0.60 was examined. Furthermore, in the 
highland area (Fig. 5h–k) the relationship between SPI and 
VHI ranges from (R2/P = 0.36/0.02 to R2/P = 0.41/0.01). 
Therefore, this study found a higher degree of regression 
result, which is statistically significant. Owrangi et al. (2011) 
reported that the spatial correlation through visual compari-
son gives more meaningful information than quantitative 
correlation. However, this study argues the idea suggested 
by Owrangi et al. (2011) because regression results provide 
more statistical information on how the VHI (derived from 
the multi-temporal mean VCI, TCI) and the SPI measured 
from the long-term precipitation relate each other. In addi-
tion, it helps to measure the strength of the relationship 
between VHI and SPI. Therefore, the relationships between 
the two indices cannot prove through visual comparison. Fur-
ther, SPI and VHI clearly explain the relationship between 
meteorological and agricultural drought (Marufah et  al. 
2017). Hence, these two indices are suitable for monitoring 
the incidence of agricultural and meteorological drought.

3.5 � Pearson Correlation Analysis of the Major 
Drought Indices

Pearson correlation analysis was applied to summarize the 
statistical relationships of NDVI and LST, VCI and TCI, SPI 
and VHI (Table 5). Zhang and Jia (2013) applied Pearson 
correlation analysis between the major meteorological and 
agricultural drought indices for the period 2003–2010 over 
northern China. The same authors reported that VCI had a 
lower correlation with SPI, but TCI showed relatively better 
correlation with SPI during the vegetation growing period. 
In the present study, the Pearson correlation matrix result 
revealed that LSI and NDVI was negatively correlated and 
ranged between (r = − 0.62 and r = − 0.78). The highest and 
lowest correlation were also observed in the district of Gulina 
and Gidan. The relationships between VCI and TCI were 
positive and it ranges between (r = 0.63 and r = 0.79). Fur-
thermore, SPI and VHI were positively correlated (r = 0.44 
to r = 0.77). The highest correlation was observed in Raya 
Azebo and lowest in Gidan (Table 5). Table 5 provides a 
detailed summary of each drought index relationships.

4 � Conclusions

This study determines the statistical relationships among 
the NDVI and LST, VCI and TCI, SPI and VHI at 3-month 
timescale in Raya and its environs, Northern Ethiopia. The 
analysis revealed that the mean LST is high (i.e., between 39.6 
and 41.29 °C) in the lowland areas (e.g., Yalo, Megale, and 
Gulina districts), while NDVI is poor with unhealthy vegeta-
tion greenness (i.e., below 0.27) due to unfavorable moisture 
condition than the mid (e.g., Raya Azebo, Alamata, Hintalo 
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Wejirat, and Kobo) and highland areas (e.g., Endmehoni, Ofla, 
Alaje, and Gidan districts). The study found a better regres-
sion and Pearson correlation results using the MOD11A2 
Terra 8-days LST, eMODIS NDVI and hybrid TAMSAT 
data sets. The statistical relationship between NDVI and LST 
turned out negative and ranged from (R2/P = 0.40/0.01 to 
R2/P = 0.62/0.00) and statistically significant across all dis-
tricts of the study area. The results reveal that when the LST 
increases, NDVI tends to decrease because LST is stronger 
during day time than night time. The study also showed that 
there is a positive, relatively strong relationship between VCI 
and TCI (R2/P = 0.38/0.02 to R2/P = 0.63/0.00) and statisti-
cally significant across all districts of the study area. When 
the TCI increases, VCI also tends to increase. Likewise, 
the relationship between SPI and VHI (R2/P = 0.36/0.02 to 
R2/P = 0.60/0.00) is found to be positive, relatively strong and 
statistically significant in all agro-ecologies as well as districts 
of the study area. This regression result signifies that when 
SPI increases, VHI also tends to increase. Therefore, the study 
noted that the main factor that causes drought in the study area 
is due to rising of LST because of poor rainfall, moisture and 
less vegetation cover availability in the area.
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