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Abstract: While it is anticipated that there would be some similarities amongst spectral Vegetation Indices 

(VIs) because the majority of the indices use the red and NIR bands, it is also expected that there would be 

some variances. The NDVI, derived earlier by Rouse (1973), and is the commonly used VI, there have meagre 

understanding of the relationship between the NDVI and another VIs. Similarly, investigations on the 

correlation between LST and other VIs (other than NDVI) in both dry and raining seasons have not been 

adequately explored. This motivated the study to determine the seasonal correlation of some spectral VIs 

against the NDVI and LST over the forest reserve area. The study investigated two categories of VIs: slope-

based and distance-based. It derived spectral VIs from Landsat 8 images for dry (January) and raining (August) 

seasons; and estimated LST from MODIS. The findings showed that the ARVI, GNDVI and TVI not only 

showed resemblance in appearance with the NDVI in both seasons, but also had a high coefficient of 

correlation: ARVI = 0.973, 0.964; GNDVI = 0.919, 0.879; TVI = 0.779, 0.716. Based on this finding, the 

ARVI, GNDVI and TVI can be used to supplant the NDVI for biomass related studies in the study area. The 

study further revealed that the LST-VIs relationship was negative for both dry and rainy seasons, except for 

the distance-based VIs (DVI, SAVI, MSAVI) that specifically had a positive correlation with the LST. The LST 

was strongly correlated with the GNDVI, TVI, NDVI, ARVI (0.664 ≥ r ≥ 0.598). However, the strength of 

the correlation for the LST-VIs in the raining season was very weak (0.003 ≤ r ≤ 0.245). The study concluded 

that the correlation of the LST versus the ARVI, GNDVI, NDVI, and TVI can be used for climate related 

studies. 
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INTRODUCTION 

As the major producer in ecosystems, vegetation plays an essential role in earth systems and 

global change science (She et al., 2015). Vegetation is a term generally for a region's plant life; it 

refers to plant-provided soil cover and is the most ubiquitous biotic element in the biosphere (Chu, 

2019). Some vegetation is permanent, i.e. it lasts or stands for months or years, such as forest 

reserves; others, such as seasonal crops, are only cultivated for a few months at a time (Chandra, 

2011). In remote sensing, the reflectance of vegetation in the electromagnetic spectrum (spectral 

reflectance or emission characteristics of vegetation) is governed by the chemical and 

morphological properties of the organs or leaves on the surface (Zhang & Kovacs, 2012). The 

theory behind this is the significant absorption of green healthy vegetation in the red channel owing 

to leaf pigments such as chlorophyll and strong reflection of vegetation in the Near Infrared (NIR) 

channel of the electromagnetic spectrum due to interior leaf structure. Healthy vegetation, on the 
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other hand, reflects more in the red wavelength than diseased or sparse vegetation. Barren terrain 

and soil reflect moderately in both the red and NIR spectrums (Holme et al., 1987).  

Vegetation can efficaciously impact Land Surface Temperature (LST) by selectively absorbing 

and reflecting solar radiation energy and regulating latent and sensible heat exchange (Yuan et al., 

2017). Areas where vegetation is high, like in central Africa, tend to retain LST due to high 

absorption (due to low albedo) and storage of solar energy by plants throughout the day. In the 

Sahara Desert, where vegetation is limited, absorption is lower (due to high albedo) and the LST 

varies considerably (Preveldello et al., 2019) from one location to another. LST is a critical 

parameter in studying surface matter exchange, surface energy balance, and surface physical and 

chemical processes, and it is now widely utilized in soil studies, hydrology, biology, geochemistry, 

and other fields (Tomlinson et al., 2011; Hao et al., 2016), which is important to the study of 

environmental change (Deng et al., 2018). LST can be defined as the skin temperature of the surface, 

which refers to soil surface temperature for bare soil, canopy surface temperature of vegetation for 

densely vegetated ground (Khandelwal et al., 2017).  LST measures the ground temperature of the 

earth surface. LST can be thought of as what one would feel when one places his hand on the 

ground at a particular location. LST on the contrary, is not air temperature. 

Importantly, spectral vegetation indices (VIs) are important algorithms for the extraction of 

information of vegetation condition (Salas & Henebry, 2014). Zhou et al. (2014) stated that various 

vegetation indices derived from remotely sensed satellite data have been developed and are widely 

utilized for assessing changes in the physiological state and biophysical characteristics of plants (She 

et al., 2015). The basic purpose of VIs is to extract as much information as possible from spectral 

reflectance data by removing variability caused by vegetation features (e.g. LAI, vegetation cover) 

and to reduce the effects of soil, atmospheric, and sun-target-sensor geometry (Moulin, 1999). VIs 

are related to vegetation type (trees, bushes, grass, etc.); precisely, type of leaves, their shape, 

inclination angle; crop architecture; plant growth stage (senescence); leaf pigment content: 

chlorophyll and other pigments like carotene, xanthophyll etc. (their composition and distribution 

in leaves); and water content of plants, and many other (Jensen, 2007; Liang, 2005; Purkis & 

Klemas, 2011, Yengoh et al., 2015). 

Although a significant number of spectral VIs have been proposed, yet the Normalized 

Difference Vegetation Index (NDVI), introduced by Rouse (1974) is the most well-known and 

frequently utilized in remote sensing applications linked to various researches such as: global 

vegetation studies (Huete et al., 1997; Zhang et al., 2016); agricultural crop growth and yield 

prediction (Panda et al., 2010; Lopresti et al., 2015); land degradation (Xu et al., 2009; 

Higginbottom & Symeonakis, 2014). 

While it is anticipated that there would be some similarities amongst VIs due to the fact that 

the bulk of the indices utilize the NIR band, it is also expected that there will be some variances 

(Vogelmann, 1990). The NDVI, derived earlier by Rouse (1973), and is the commonly used VI. 

There are rarely studies that compared the NDVI with other VIs. Rather, what is available in 

literature is the relationship between NDVI with some sort of climatic or biophysical variables such 

as Leaf Area Index (LAI), which can be found in Wang & Huang (2010);  precipitation in Wang et 

al., (2020); temperature in Sun & Kafatos, (2007); evapotranspiration in Xiong & Qiu, (2011); and 

albedo in Kafer et al., (2020). Similarly, Lawrence & Ripple (1998) carried out a study on 

correlation of vegetation cover with some vegetation indices (NDVI, SAVI, OSAVI, MSAVI, Green 

Vegetation Index). Again, Panek et al. (2020) evaluated within-field relationships between satellite-

derived VIs Vegetation indices [Normalized Difference Vegetation Index (NDVI), Soil-Adjusted 

Vegetation Index (SAVI), modified SAVI (mSAVI), modified SAVI 2 (mSAVI2), Infrared Percentage 

Vegetation Index (IPVI), Global Environmental Monitoring Index (GEMI), and Ratio Vegetation 

Index (RVI)] and grain yield  (winter wheat and triticale). 

Previous studies on the correlation between LST and NDVI were primarily concerned with 

examining the influence of urbanization on anomalous heat (Urban Heat Island) in cities. Some of 

these studies can be found in Deng et al. (2018), Guechi et al. (2021), and Koko et al. (2021). 

Furthermore, Macarof et al. (2018) investigated the correlation between LST and NDVI, MSAVI, 
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and EVI only in the warmth season. Similarly, Alademomi et al. (2020) assessed the association of 

LST, NDVI and EVI with land cover changes in dry season. These studies used the simple linear 

regression analysis to determine the relationship between LST and the studied VIs. Although, Tariq 

et al. (2020) studied the relationship between LST and land cover indices: NDVI, Normalized 

Difference Water Index (NDWI), Normalized Difference Surface Index (NDSI), Normalized 

Difference Built-up Index (NDBI), and Built-up Index (BI), yet studies on the relationship between 

LST and other VIs (apart from NDVI, MSAVI, EVI) in both dry and rainy seasons have not been 

sufficiently addressed or reported. 

Thus, there is meagre information on the relationships between VIs against the NDVI and 

VIs against the LST in forested areas at different atmospheric conditions (weather). Also, little is 

known as to which VI is suitable for the study area. As a result, this study aimed at assessing seasonal 

relationship between certain satellite-derived spectral VIs against the NDVI and LST over the forest 

reserve in parts of Kamuku game reserve and Kwianbana national park of Birnin Gwari and Maru 

Local Government Areas of Kaduna and Zamfara states, Nigeria. The rationale for this study was 

to evaluate the performance of the VIs against the NDVI and LST based on the vegetation condition, 

and to ascertain the most appropriate vegetation index for the study area. 

The scope of the study was to derive VIs for the dry and rainy seasons; computing LST for 

dry and rainy seasons; and evaluating the relationships between the VIs with the NDVI and LST as 

reference variables. The study is descriptive and explorative. The study area was chosen because of 

its dense vegetation and being part of Nigeria's forest reserves. The derived spectral VIs are: (1) 

Slope-based indices: the Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation 

Index (EVI), Green Vegetation Index or Green Normalized Vegetation Index (GNDVI), 

Transformed Vegetation Index (TVI), and Atmospherically Resistant Vegetation Index (ARVI), 

Normalized Difference Greenness Index (NDGI). (2) Distance-based indices: Distance Vegetation 

Index (DVI), Soil Adjusted Vegetation Index (SAVI), and Modified Soil Adjusted Vegetation Index 

(MSAVI). However, this study did not consider other distance-based VIs such as: Perpendicular 

Vegetation Index (PVI) and Transformed Soil Adjusted Vegetation Index (TSAVI) that make use of 

soil line parameters (slope and intercept), which can be got from two-dimensional graph (or bi-

spectral plot) of NIR versus red (Silleos et al., 2006). 

STUDY AREA  

The study area is a forest reserve that is part of the Kamuku game reserve and the 

Kwianbana national park. It is located within Longitude 6° 8' 8.65" E and 6° 38' 24.42" E of the 

Central Meridian, and Latitude 10° 39' 55.02" N and 11° 16' 15.84" N of the Equator as shown in 

Figure 1. It has a land area of 271,584.763 hectares. The Kamuku Park is located in the Birnin Gwari 

Local Government Area, which is located west of Kaduna State, and is near to the Kwiambana 

Game Reserve to the north-east. Kwiambana Game Reserve is located in Maru Local Government 

Area, Zamfara state. Both Kaduna and Zamfara states are located in north-west geopolitical zone 

of Nigeria. Kamuku was established in 1936 as the Native Authority Forest Reserve of Birnin Gwari 

under the then Northern Nigeria Government (Kamuku National Park, 2022), whereas 

Kwiambana was submitted to the United Nations Educational, Scientific, and Cultural Organization 

(UNESCO) in November 1995 as a potential World Heritage Center (UNESCO, 2022). The study 

area is densely forested trees and shrubs. It experiences two seasons: dry season (November to 

April) and raining season (May to October). Its minimum and maximum altitudes are 407 and 409 

metres above mean sea level, respectively. The study area has served as shelter for bandits currently 

scourging, especially northern region of the country. 

 

METHODS 

This section describes the datasets used, techniques used for the data processing and analysis 

are summarized in the workflow diagram in Figure 2. 
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Figure 1. Inset map of the study area. 

 
 

 
Figure 2. Workflow diagram of the study. 

 

Datasets and source 

The VIs were derived using Landsat OLI and TIRS data from 2018, which were obtained 

from the United States Geological Survey (USGS) website (http://www.earthexplorer). The 

attributes of the datasets are listed in Table 1. Landsat 8 images were obtained during the dry season 

in January (2018) and the rainy season in October (2018). The Landsat 8 bands came in a Digital 

Number (DN) scale, the bands that were used are: band 2 (blue), band 3 (green), band 4 (red), 

http://www.earthexplorer/
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band 5 (NIR), band 6 (SWIR 1), and band 7 (SWIR 2), in that order. The LST was retrieved from 

the Moderate Imaging Spectrometer (MODIS) LST and emissivity 8-day version 6 level 3 data in 

sinusoidal projection format. MODIS LST data includes both LST and emissivity. The MOD11A2 is 

composite of the Terra (day) and Aqua (night) LSTs and is in Kelvin. It was obtained from the 

website of the National Aeronautics and Space Administration (NASA) (http://www.earthdata.org) 

(See Table 1). Figure 2 depicts the method for retrieving the LST.  

Table 1. Attributes of the datasets used 

S/N Data Type Year Cell Size Path/Row Purpose Source 

1 Landsat 8 07 Jan., 2018 30m 190/52 Indices derivation USGS 

2 Landsat 8 22 Oct., 2018 30m 190/52 Indices derivation USGS 

3 MOD11A2 

01 Jan., 2018 

1000m h18: v7 LST retrieval NASA 09 Jan., 2018 

17 Jan., 2018 

4 MOD11A2 

08 Oct., 2018 

1000m h18: v7 LST retrieval NASA 16 Oct., 2018 

24 Oct., 2018 

Radiometric Correction 

From Figure 2, each Landsat image was radiometrically calibrated, which entails going from 

DN to Top-of-Atmosphere (TOA) radiance, and then to surface reflectance. The surface reflectance 

measurement is essential because the majority of indices use it as input, and because surface 

reflectance more accurately portrays the difference in land covers than other remotely sensed image 

measures (digital number and radiance). The radiometric calibration takes into account the 

following factors: earth-sun distance or geometry; atmospheric scattering and absorption; band 

width (the spectrum at which radiation is received); and sun illumination at the time of acquisition. 

The algorithms for the radiometric corrections are shown in equations 1, 2 and 3. 

1. Conversion of DN to radiance (for TM and ETM+) 

 

   L=
(LMAX− LMIN)

(Qcalmax − Qcalmin)
(QCAL − QCALMIN ) +  LMIN                                          (1) 

 

2. Conversion of DN to TOA Radiance (for OLI and TIRS) 

 L = ML Qcal + AL                                                               (2) 

 

3. Conversion of TOA radiance to TOA reflectance  

 =
  𝐿  𝑑2

ESUN𝐸𝑆𝑈𝑁  COSS𝐶𝑂𝑆𝑠𝑧
       (3) 

 

Where:  

Lλ = spectral radiance at the sensor’s aperture; QCAL = Quantized calibrated pixel value (DN);  

Qcalmin = Maximum quantized pixel value (corresponding to LMAX) in DN = 255;  

LMIN = spectral radiance that is scaled to QCAL max (W. m-1. ster-1. μm-1);  

LMAX = Spectral radiance that is scale to QCAL min (W. m-1. ster-1. μm-1);  

ML = Band-specific multiplicative rescaling factor from the metadata (RADIANCE_MULT_BAND_x, 

where x is the band number).  

AL = Band-specific additive rescaling factor from the metadata (RADIANCE_MULT_BAND_x, where 

x is the band number);  

 = unitless TOA or planetary reflectance; 

Lλ = spectral radiance at the sensor’s aperture;  

http://www.earthdata.org/
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d = Earth-Sun distance in astronomical units from nautical handbook or interpolated values from 

Julian day calendar and day of the year (DOY) in excel file;  

ESUNλ = mean solar exoatmospheric spectral irradiance. To be found in Landsat 5 handbook;  

COSSZ = solar zenith angle in degrees. (SZ = 90º - ѲSE), where SE = sun elevation [(Chander & 

Markham, 2003), (Lathrop, 2004), (Yale, 2013)].  

The radiometric corrections were carried out using the Fast Line Atmospheric Analysis of Spectral 

Hypercube (FLAASH) tool in ENVI v5.2. 

Thereafter, to convert the images to surface reflectance, the Dark Object Subtraction (DOS) 

method, which is an atmospheric correction technique was applied to the TOA reflectance in 

equation (3). The basic premise of this approach is that certain pixels in the Landsat image are dark 

or completely in shadow (which are not intended to reflect radiation), and their outgoing radiances 

(known as path radiance) are sensed at the sensor owing to atmospheric scattering (Chavez, 1988; 

Amidon, 2014; O’neil-Dunne, 2014; Gilmore et al., 2015; GSP, 2019). As a result, the darkest pixel 

(with the lowest radiance value) was subtracted from each pixel value. ENVI v5.2 and ArcGIS v10.5 

were used for the radiometric corrections. 

Surface Reflectance =  −  𝐷𝑎𝑟𝑘 𝑂𝑏𝑗𝑒𝑐𝑡                      (4) 

Where 𝐷𝑎𝑟𝑘 𝑂𝑏𝑗𝑒𝑐𝑡 is the darkest pixel in the image and the least reflectance value. 

Derivation of VIs for dry and wet seasons 

Having calibrated the Landsat bands to reflectance scale, the VIs were then computed using 

the Raster Calculator tool in ArcMap v10.5 by applying their respective mathematical expressions. 

This is shown in Table 2. 

Table 2. Mathematical expressions for VIs and their sources 

No Expression Reference 

1 

𝐷𝑉𝐼 = 𝑁𝐼𝑅 −  𝑅𝐸𝐷 

Richardson & Wiegand (1977), 

Tucker (1979) 

2 

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 − 𝑅𝐸𝐷

𝑁𝐼𝑅 + 𝑅𝐸𝐷
 

Rouse et al. (1973),  

Carlson et al. (1997) 

3 

𝑇𝑉𝐼 = √𝑁𝐷𝑉𝐼 + 0.5 

Rouse (1974),  

Deering et al. (1975) 

4 

𝐺𝑉𝐼 𝑜𝑟 𝐺𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 −  𝐺𝑅𝐸𝐸𝑁

𝑁𝐼𝑅 + 𝐺𝑅𝐸𝐸𝑁
 

Gitelson et al. (1996),  

Panda et al. (2010) 

5 

𝑁𝐷𝐺𝐼 =
𝐺𝑅𝐸𝐸𝑁 −  𝑅𝐸𝐷

𝐺𝑅𝐸𝐸𝑁 +  𝑅𝐸𝐷
 

Baret & Guyot (1991),  

Gitelson et al. (2002) 

6 

𝑆𝐴𝑉𝐼 =
𝑁𝐼𝑅 − 𝑅𝐸𝐷

𝑁𝐼𝑅 + 𝑅𝐸𝐷 + 𝐿
∗ (1 + 𝐿) 

Huete (1988),  

Haboudane et al. (2004) 

7 

𝐴𝑅𝑉𝐼 =
[𝑁𝐼𝑅 − (2𝑅𝐸𝐷 −  𝐵𝐿𝑈𝐸)]

[𝑁𝐼𝑅 + (2𝑅𝐸𝐷 −  𝐵𝐿𝑈𝐸)]
 

Kaufman & Tanre (1992)  

Pinty & Verstraete (1992)  

Falk et al. (2004) 

8 

𝐸𝑉𝐼 =
𝑁𝐼𝑅 − 𝑅𝐸𝐷

𝑁𝐼𝑅 + 𝐶1 ∗ 𝑅𝐸𝐷 − 𝐶2 ∗ 𝐵𝐿𝑈𝐸 + 𝐿
(1 + 𝐿) 

Gao et al. (2000)  

Huete et al. (2002) 
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No Expression Reference 

9 

𝑀𝑆𝐴𝑉𝐼 =
2NIR + 1 − √(2𝑁𝐼𝑅 = 1)2 − 8(NIR − R)

2
 

Qi et al. (1994)  

1L = soil brightness correction factor (taken as 0.5). 

2C1, C2 = coefficients of aerosol resistance term (C1 = 6.0, C2 = 7.5) (Huete et al., 2002). 

 

The feature space of NIR and red bands represented on a scatter plot for dry season is 

shown in Figure 3. 

 

 

 

Figure 3. (a) NIR-RED scatter plot of pixel values of dry season image (Authors’ Lab  work); (b) 

Schematic diagram of the features of the scatter plot (after Maas & Rajan, 2010). 

 

From Figure 3, the diagonal of the triangle in the scatter plot is termed as a soil line (Baig 

et al., 2014). The center of the plot, which is in red color represents a partial canopy (Maas & Rajan, 

2010) or sparse vegetation (Njomo, 2008). The region of the dense green vegetation implies that 

the NDVI has a great pixel value, because of high abundance of chlorophyll leadig to a low 

reflectance in the red channel together with plentiful stacking of leaves (Njomo, 2008). 

Land Surface Temperature Retrieval 

The decision to retrieve LST from MODIS was made because the MOD11A2 version 6 data 

has improvements over version 2 and 3 in that cloud contaminated values have been removed, 

the Look-up table (LUT) for the split-window LST retrieval algorithm has been updated, and the 

classification of emissivity values (bare soil/rocks) has been adjusted (Wan, 2013). Figure 2 depicts 

the method for retrieving LSTs. Because the MOD11A2 data is a composite of day and night LST, 

the daytime component was used and exported as a separate data set. The study employed 

daytime LST because vegetation has a stronger cooling effect on LST during the day than at night 

(Sun & Kafatos, 2007). The exported LST file originally in sinusoidal projection, which is a pseudo-

cylindrical equal area projection that depicts the complete parallels of the Earth's surface as straight 

lines that are uniformly spaced and at their real distances (LP DAAC, 2017). This was projected to 

the Geographic Coordinate System (GCS) 1984 datum of the World Geodetic System (WGS). Then, 

as stated in equation 5, it was scaled with a scale factor of 0.02 (LP DAAC, 2017) and converted 

to degrees Celsius. 
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LST °C =  (MODIS data × 0.02)  −  273.15     (5) 

As a result, the LST was then clipped to the study area and re-projected to WGS 1984 datum, 

UTM zone 31. This was required to ensure an overlay with the Landsat 8 derivatives and the 

extraction of their values into sample points. 

 

Relationship between NDVI against other VIs and LST against the VIs 

The relationship between the NDVI and other VIs, as well as the LST and other VIs, was 

determined using simple linear regression analysis. The NDVI was considered as the dependent 

variable in the first linear regression analysis, whereas the other VIs were treated as independent 

variables. Subsequently, the LST was designated as the dependent variable and the VIs as the 

independent variables. To accomplish this, the derived VIs from Landsat 8 in 30m cell size and the 

retrieved LSTs from MODIS in 1000m cell size were resampled to 1000m such that the centroid of 

the cells of the indices coincided with the centroid of the LSTs. This also allowed for the creation 

of sample points that were common to both datasets. A systematic simple random sampling 

technique was used to generate sample points having a dimension of 2000m-by-2000m. This was 

accomplished by using fishnet tool in ArcGIS v10.5 to create rectangular cells that perfectly suit the 

study area. The fishnet tool generated 668 sample points based on a 2000m-by-2000m dimension 

as shown in Figure 4. The pixel values of each VI and LST were then extracted onto the 668 sample 

points using  "extract values to points" tool in ArcMap v10.5. Thus, the simple linear regression 

analysis was carried out in Microsoft Excel utilizing the XLSAT add-in. The coefficient of 

determination (R
2
) and the coefficient of correlation (r) were calculated. As a result, the coefficient 

of correlation was used to make conclusions and generalizations. 

 

 
Figure 4. Generated systematic random sample points. 

 

RESULTS AND DISCUSSION 

Derived Vegetation Indices in Dry and Rainy Seasons 

Descriptive statistics 

The VIs are described using descriptive statistics (minimum, maximum, mean, standard 

deviation, and coefficient of variation, CV). The CV is used to illustrate how the VIs spread or 

dispersed throughout the study area. CV < 1 denotes low spread, whereas CV >= 1 denotes high 

spread. The spread of the VIs in dry season is ranked as follows: ARVI > NDGI > MSAVI > EVI > 

SAVI > NDVI > GNDVI > TVI respectively as shown in Table 3. Similarly, the spread of the VIs in 

raining season is ranked as follows: NDGI > DVI > MSAVI > ARVI > EVI > SAVI/NDVI > GNDVI 
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> TVI respectively. The VIs have a low spread in both the dry and raining seasons, but only the 

NDGI has a large spread (CV >= 1) in the raining season, as shown by the spike in Figure 5. 

Furthermore, in both seasons, the NDGI and MSAVI have a wider distribution than other VIs. As 

demonstrated in Figure 5, the VIs in dry season have a larger dispersion than the VIs in raining 

season in the study area. 

 

Table 3. Simple statistics of VIs for both dry and rainy season 

S/N VI Dry Season (January) Rainy Season (October) 

Min Max Mean SD CV Min Max Mean SD CV 

1 DVI -0.06 0.21 0.09 0.03 0.33 -0.08 0.42 0.15 0.03 0.2 

2 NDVI -1 1 0.49 0.12 0.24 -1 0.94 0.70 0.09 0.13 

3 TVI 0.13 1.22 0.99 0.06 0.06 0.01 1.20 1.09 0.04 0.04 

4 GNDVI -1 0.91 0.60 0.08 0.13 -1 0.91 0.72 0.07 0.1 

5 NDGI -0.36 1 0.17 0.06 0.35 -0.39 0.29 0.05 0.05 1 

6 SAVI -0.15 0.42 0.20 0.05 0.25 -0.21 0.65 0.32 0.04 0.13 

7 ARVI -1 1.82 0.33 0.16 0.48 -1 0.95 0.63 0.11 0.17 

8 EVI -0.13 0.42 0.19 0.05 0.26 -0.17 0.75 0.32 0.05 0.16 

9 MSAVI -0.11 0.39 0.17 0.05 0.29 -0.15 0.71 0.27 0.05 0.19 

 

NOTE: Coefficient of Variation: 𝐶𝑉 =
𝑆𝐷

𝑀𝑒𝑎𝑛
.  CV < 1 = low dispersion or variance. CV ≥ 1 = high 

dispersion. SD = Standard Deviation. 

 

 

 
Figure 5. A plot of CV of the VIs for dry and rainy season 

 

Visual inspection 

The derived VIs both in dry and raining seasons are shown in Figures 6 and 7. Vegetation 

is represented in green color while bare ground is shown in deep purple color. Areas with minimal 

vegetation are shown in light purple color (Figures 6 and 7). By visual inspection, bare ground can 

be observed to be exposed along the margins of the four cardinal points (N, S, E, W) in the ARVI, 

NDGI, NDVI, and TVI for the dry season (Figure 6). However, bare ground was seldom exposed 

inside the study area for the DVI, EVI, GNDVI, MSAVI, and SAVI. The DVI, SAVI, and MSAVI are 

most suited for usage in dry regions with sparse vegetation and pixels that include a combination 

of green plant and soil background (Silleos et al., 2006). The NDGI (Figure 6f) revealed more bare 

ground than other VIs in the dry season. In this study, the VIs in dry season showed low vitality in 
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vegetation, as it was in the month of January when rainfall had ceased. Similarly, the VIs of the 

raining season showed strong vitality in plants, as it occurred in August when rainfall is usually at 

its peak in the study area. The aforestated is in conformity with the weather conditions of the study 

area. Furthermore, for the VIs in raining season, bare ground can be found to be exposed within 

the study area as revealed by DVI, EVI, MSAVI, NDGI, and SAVI (Figure 7b, c, e, f, h).  

 

 

Figure 6. Derived Spectral VIs for dry season. (a) ARVI; (b) DVI; (c) EVI; (d); GNDVI; (e) MSAVI;            

(f) NDGI; (g) NDVI; (h); SAVI; (i) TVI. 

 

This is in contrast to the notion that the study area should be lush with greenery in the 

raining season, where flora thrives. This can be based on the fact that the DVI, SAVI and MSAVI 

are distance-based VIs (they cancel out the influence of soil brightness when vegetation is sparse 

and pixels include a mixture of green vegetation and soil backdrop). For the EVI and NDGI, the 

study made no deduction on the reason. On the other hand, ARVI, GNDVI, NDVI, and TVI 

indicated the greenness of vegetation in raining season. 
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Figure 7. Derived Spectral VIs for raining season. (a) ARVI; (b) DVI; (c) EVI; (d) GNDVI;        

(e) MSAVI; (f) NDGI; (g) NDVI; (h) SAVI; (i) TVI. 

 

The NDVI, being the earlier derived VI by Rouse (1973), is the renowned VI and commonly 

used in the geospatial scientific community for vegetation related studies.  In this study, the ARVI, 

GNDVI and TVI show resemblance in appearance with the NDVI in both dry and raining season. 

Therefore, it is suggested that the ARVI, GNDVI and TVI can be used to supplant the NDVI for 

vegetation related studies in the study area. 

Retrieved LST of Dry and Raining Seasons 

Figure 8 depicts the retrieved LST for both the dry and rainy seasons (a and b). The minimum 

and maximum LSTs of dry season were 30.53°C and 36.93°C respectively, while the minimum and 

maximum LSTs of wet season are 28.58°C and 34.09°C. High LST is shown in red, while low LST 

is shown in blue. High LST can be noticed near the southern axis of the study area throughout both 

seasons (Figure 7). According to the NDVI, ARVI, NDGI, EVI, and TVI, the region with high LST 

corresponds to exposed bare ground (which has low heat absorption) (Figure 6). In both seasons, 
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high LST can be found in the northern axis; high LST can also be found in the western and eastern 

axes; and low LST can be found in the middle of the four cardinal points of the study area. It is 

obvious from the LST values that LST rises during the dry season and falls during the wet season. 

Low LST values corresponded to vegetation-rich locations in both the dry and wet seasons. The 

next section examines the degree of the correlation between the LST and the derived VIs. 

 

 
Figure 8. Retrieved LST. (a) Dry season. (b) Rainy season 

Relationship between NDVI and other VIs in Dry and Rainy Seasons 

Because of the fact that majority of the indices utilize the NIR and red bands, it is expected 

that there would be some similarities among the VIs on one hand and variances on the other hand. 

This necessitated their comparison. The scatterplots in Figures 9 and 10 show the correlation 

analysis of the relationship between NDVI and other derived VIs for dry and wet seasons, as does 

the correlation of coefficients in Table 4. The relationship between NDVI and the VIs are discussed 

in two folds: direction and strength of the correlation. The Scatterplots explain the direction of the 

correlation. The scatterplots of NDVI (dependent variable) vs VIs (independent variables) show 

that in both rainy seasons, the NDVI exhibited a positive linear correlation with the DVI, TVI, 

GNDVI, NDGI, SAVI, ARVI, EVI, and MSAVI (Table 4). This meant that in both the rainy seasons, 

the greater the NDVI, the higher the index. The reason for the positive correlation between the 

NDVI and the VIs is because the mathematical representation of the VIs comprises either an NIR or 

a red band, which is common to all the VIs. Interestingly, the DVI, SAVI, and MSAVI, which are 

distance-based vegetation indices (they cancel out the influence of soil brightness when vegetation 

is sparse and pixels include a mixture of green vegetation and soil backdrop), exhibit a positive 

correlation with the NDVI as well. Because the NDVI has a positive correlation with individual VIs, 

scatterplots of NDVI vs individual VIs revealed no surprising patterns.    

Table 4 shows the correlation of coefficient of the NDVI vs the VIs in the dry season in 

terms of the intensity of the correlation. According to Cohen et al. (2013), the linear regression 

coefficient is determined using the correlation coefficient (r), with 0.31-0.5 representing a weak 

correlation, 0.51-0.7 representing a normal correlation, 0.71- 0.90 representing a strong correlation, 

and 0.91-1.0 representing a very strong correlation. 

Importantly, all of the correlations between the NDVI and the VIs were statistically and 

highly significant (p-values < 0.01). The ARVI exhibited the most positive correlation with the 

NDVI (r=0.973), followed by the GNDVI, which also had a significant positive correlation with 

the NDVI (r=0.919). NDVI performed well with the TVI (r=0.779), NDGI (r=0.754), and EVI 
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(0.707), all of which had a positive strong correlation. Furthermore, NDVI (r=0.511), MSAVI 

(r=0.612), and SAVI (r=0.681) demonstrated a normal positive correlation. The distance-based VIs 

displayed a normal correlation with the NDVI, but the slope-based VIs had significant and very 

strong relationships with the NDVI in the dry season. 

Table 4. Linear regression between NDVI and other VIs 

S/N Dry Season Rainy Season 

 Linear Regression r Linear Regression r 

1 NDVI = 2.323 DVI + 0.262 0.561 NDVI = 1.820 DVI + 0.422 0.530 

2 NDVI = 1.301 TVI – 0.803  0.779 NDVI = 1.351 TVI – 0.291  0.716 

3 NDVI = 1.436 GNDVI – 0.387  0.919 NDVI = 1.301 GNDVI – 0.247 0.879 

4 NDVI = 1.493 NDGI + 0.735 0.754 NDVI = 0.955 NDGI + 0.752 0.612 

5 NDVI = 1.620 SAVI + 0.156 0.681 NDVI = 1.230 SAVI + 0.309 0.635 

6 NDVI = 0.766 ARVI+0.2343 0.973 NDVI = 0.797ARVI – 0.196 0.964 

7 NDVI = 1.710 EVI + 0.164  0.707 NDVI = 1.083 EVI + 0.359  0.604 

8 NDVI = 1.595 MSAVI + 0.215  0.612 NDVI = 1.043 MSAVI + 0.408  0.567 

NOTE: Generated at Confidence Interval of 99% (p-values < 0.01). r = coefficient of correlation. Sample points = 668. 

 

 
Figure 9. Scatterplots of NDVI versus VIs for dry season. (a) ARVI; (b) DVI; (c) EVI; (d) GNDVI;            

(e) MSAVI; (f) NDGI; (g) SAVI; (h) TVI. 
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Figure 10. Scatterplots of NDVI versus VIs for rainy season. (a) ARVI; (b) DVI; (c) EVI; (d) GNDVI;         

(e) MSAVI; (f) NDGI; (g) SAVI (h) TVI. 

 

Consequently, during the rainy season, ARVI fared best with the NDVI with a "r" value of 

0.964. TVI (r=0.716) and GNDVI (r=0.879) performed better with the NDVI, both had a 

substantial positive correlation. The DVI (r=0.549), MSAVI (r=0.567), EVI (r=0.604), NDGI 

(r=0.612), and SAVI (r=0.635) all demonstrated a normal correlation with the NDVI. Similarly, in 

the rainy season, the distance-based VIs (DVI, MSAVI) exhibited a normal correlation with the 

NDVI, with the exception of SAVI, which had a strong correlation. Meanwhile, the slope-based VIs 

continue to have a strong correlation with the NDVI during the rainy season. 

In general, the correlation between the VIs and the NDVI was positive in both the dry and 

rainy seasons. The VIs in the dry season demonstrated a larger positive correlation with the NDVI 

than the VIs in the rainy season. Importantly, the ARVI, GNDVI, and TVI are highly correlated with 

the NDVI and they also show resemblance in appearance with the NDVI in both seasons. However, 

lack of similar study on the correlation of the NDVI and other VIs in literature, the study did not 

cross-reference the results of the correlation of NDVI against other VIs with related studies. 

Relationship between LST and the VIs in dry and rainy seasons 

The scatterplots in Figures 11 and 12 show the relationship between LST and the computed 

VIs for dry and raining seasons, as does the correlation of coefficients in Table 5. The scatterplots 

of LST (dependent variable) vs VIs (independent variables) for the dry season indicated that the 

LST had a negative correlation with all the VIs: ARVI, DVI, EVI, GNDVI, MSAVI, NDGI, NDVI, 

SAVI, and TVI (Figure 11). In the raining season, only the slope-based VIs, namely: NDVI, TVI, 

NDGI, GNDVI, and ARVI with the exception of EVI, displayed a negative correlation with the LST 
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(Figure 12). This means EVI is the only slope-based VIs that demonstrated a positive correlation 

with the LST in raining season. However, in the raining season, LST had a positive linear correlation 

with the three distance-based VIs: DVI, SAVI, and MSAVI. Negative correlations between LST and 

VIs suggested that an increase in the LST corresponded to a drop in VI values during the dry season. 

Similarly, positive correlations between LST and VIs indicated that an increase in LST corresponded 

to an increase in VI values during the dry season. It is worth noting that the positive correlation 

between the LST and the distance-based VIs: SAVI, MSAVI, and DVI during the rainy season can be 

attributed to the fact that they compensate for a mix of green vegetation and soil background. 

The relationship between LST and VIs can also be interpreted by Preveldello et al. (2019), 

who explained that vegetation generally has low albedo (i.e. low surface reflectance) due to 

cragginess of the leaves, which leads to high heat absorption; compared to high albedo (high surface 

reflectance) due to smoothness of the surface, which leads to lower heat absorption. Therefore, 

negative NDVI values, for example, indicate a body of water, whereas low NDVI values (between 

0 and 0.1) suggest barren soil and values over 0.25 indicate vegetation. From the foregoing, high 

LST corresponded to bare soil (due to high albedo, i.e. lesser heat absorption) and low LST 

corresponded to vegetated area (due to low surface reflectance) in the dry season. 

The finding of a negative correlation between LST and NDVI in the dry and rainy seasons 

is consistent with the findings of Sun & Kafatos (2007), Liang et al. (2012), Ghobadi et al. (2015), 

Al-Khudhairy & Al-Timimi (2021) and Guechi et al. (2021), who revealed a negative correlation 

between LST and NDVI. Furthermore, the negative correlation between LST and SAVI in the dry 

season was consistent with the findings of Guechi et al. (2021). In addition, the negative correlation 

between LST and NDVI and EVI agrees with the findings by Alademomi et al. (2020). 

Table 5. Linear regression between LST and VIs 

S/N Dry Season Rainy Season 

 Linear Regression r  Linear Regression r  

1 LST = -5.537 NDVI + 35.43 0.638 - LST = -0.577 NDVI + 29.777 0.075 - 

2 LST = -15.282 DVI + 34.178 0.375 - LST = 3.616 DVI + 28.824 0.134 + 

3 LST = -10.709 EVI + 34.738 0.489 - LST = 0.788 EVI + 29.126 0.053 + 

4 LST = -10.819 TVI + 43.459 0.639 - LST = -2.423 TVI + 32.027 0.106 - 

5 LST = -6.815 NDGI + 31.603 0.359 - LST = -3.152 NDGI + 29.215 0.245 - 

6 LST = -9.221 GNDVI + 38.325 0.664 - LST = -0.031 GNDVI + 29.397 0.003 - 

7 LST = -4.083 ARVI + 34.08 0.598 - LST = -1.262 ARVI + 30.167 0.197 - 

8 LST = -10.411 SAVI + 34.841 0.485 - LST = 1.787 SAVI + 28.806 0.112 + 

9 LST = -10.502 MSAVI + 34.505 0.445 - LST = 2.072 MSAVI + 28.794 0.136 + 

NOTE: Generated at Confidence Interval of 99% (p-values < 0.01). r = coefficient of correlation. 

Positive values = positive correlation and negative values = negative correlation. Sample points = 668. 

 

In terms of the strength of the connection between the LST and the VIs in the dry season 

(as shown in Table 5), the correlations between the LST and the VIs were all statistically and highly 

significant (p-values 0.01). GNDVI performed best with a normal correlation coefficient (r=0.664), 

followed by TVI (r=0.639), NDVI (r=0.638), and ARVI (r=0.598). This findings implied that there 

was a significant amount of LST in the study area during dry season. The findings are supported by 

the fact that the data was collected during the scorching month of March. Furthermore, EVI 

performed less having a weak correlation coefficient of 0.489, followed by SAVI (0.485), MSAVI 

(0.445), TVI (r=0.375), and NDGI (r=0.359) respectively.  

Consequently, in terms of the strength of the correlation of the LST versus the VIs during 

the rainy season, all of the VIs performed very weakly against the LST. Their performance is listed 

in descending order as follows: ARVI (r=0.197) > MSAVI (r=0.136) > DVI (r=0.134) > SAVI 

(r=0.112) > TVI (r=0.106) > NDVI (r=0.075) > EVI (0.053) > GNDVI (r=0.245) (0.003). The 

findings indicated that the LST in the studied region was low during the rainy season. This 

conclusion can be pinned to the fact that the rainy season data was taken in August, when rainfall 
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is often at its peak. The study revealed that the correlations between LST and NDVI, as well as 

other VIs, vary depending on the season. 

 

 
Figure 11. Scatterplots of LST versus VIs for dry season. (a) ARVI; (b) DVI; (c) EVI; (d) GNDVI;               

(e) MSAVI; (f) NDGI; (g) NDVI; (h) SAVI; (i) TVI. 

 

 

However, Sun & Kafatos (2007) found a positive correlation between the NDVI and the 

LST in winter, and only during the warm seasons were there high negative correlations between 

LST and NDVI. Karnieli et al. (2006) found that positive correlations between LST and NDVI existed 

at the northern ecosystems at high latitudes. As a result, LST-VI feature space might change greatly 

depending on the season and underlying surface type. It means, each ecosystem has its own set of 

variable atmospheric conditions. Importantly, because a high LST corresponds to a low NDVI and 

vice versa, the negative correlation between LST-NDVI is relevant for urban climate research and 

other fields of science (Carlson et al., 1994; Anbazhagan et al., 2016, Macarof et al., 2018). The Vis 

other than the NDVI that have a negative correlation with LST can also be employed for climate-

related research.  
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Figure 11. Scatterplots of LST versus VIs for rainy season. (a) ARVI; (b) DVI; (c) EVI; (d) GNDVI;       (e) 

MSAVI; (f) NDGI; (g) NDVI; (h) SAVI; (i) TVI. 

 

 

CONCLUSION 

The current study used regression analysis and GIS to examine the seasonal correlation 

between spectral vegetation indices against the LST and NDVI in dry and raining season. The study 

of the forest area revealed some similarities and differences in the NDVI-VIs and LST-NDVI 

relationships. The study concluded that based on the coefficient of variation, the VIs displayed 

homogeneity in their spread or dispersion across the study area during both the dry and raining 

seasons. In both dry and rainy seasons, all VIs demonstrated a positive linear correlation with the 

NDVI. The underlying reason for the trend of the VIs versus the NDVI can be attributed to the fact 

that the mathematical expression of the VIs comprises either an NIR or a red band, which is shared 

by all VIs. Importantly, visual inspection of the derived Vis indicated that the ARVI, GNDVI, and 

TVI showed a resemblance with the NDVI. This was further corroborated by the regression analysis 

in which the ARVI, GNDVI and TVI had a strong correlation with the NDVI in both dry and raining 

seasons. It can be concluded that the ARVI, GNDVI and TVI performed well with NDVI and can 

be used to supplant NDVI for vegetation related studies in the study area. The three (3) distance-

based VIs, namely DVI, SAVI, and MSAVI showed a normal correlation with the NDVI throughout 

both the dry and rainy seasons, with the exception of the SAVI, which had a strong correlation 

with the NDVI during the rainy season. For the LST-Vis relationship, the GNDVI, TVI, NDVI, and 
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ARVI had a normal correlation coefficient with the LST in the dry season. This result further 

corroborates the performance of the ARVI, GNDVI, and TVI against the NDVI to be the 

appropriate Vis for the study area. The study further concluded that the feature space of the LST 

versus the ARVI, GNDVI, NDVI, and TVI can be used for climate related studies such as plant health, 

soil heat content, drought damage, anomalous heat fluctuation due to urbanization, and other 

surface material properties in the study area. For the raining season, the LST had a weak negative 

correlation with the slope-based VI (NDVI, ARVI, GNDVI, TVI, EVI, NDGI), while it surprisingly 

had a weak positive correlation with the distance-based VIs (DVI, SAVI, and MSAVI). The current 

study advances the knowledge on the performance of some slope-based and distance-based Vis 

versus the NDVI and LST in the study area. It is however suggested that the study should be 

conducted in other forest or similar areas to confirm this trend. 
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