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Abstract 

Drought is a phenomenon caused by insufficient soil moisture resulting from prolonged periods of low rainfall 

and the absence of proper irrigation systems. Its impact on crops, agricultural productivity, and the overall 

environment is significant. The use of multispectral satellite remote sensing data greatly facilitates the 

identification of agricultural drought. This study outlines a practical approach for assessing drought using 

multispectral satellite data. The main objective of this research is to estimate drought indicators and their 

relationship with ground conditions by analyzing remote sensing datasets through vegetation health index 

(VHI) analysis. The study is conducted at Erap, which is situated on the northern bank of the Markam River. 

Spectral bands, like near-infrared, red, and thermal bands of the Landsat 8 satellite are used to produce the 

VHI database. Multispectral data from the Landsat 8 satellite is the key dataset used to calculate the normalized 

differential vegetation index (NDVI) and land surface temperature (LST). The vegetation condition index (VCI) 

and temperature condition index (TCI) are derived from NDVI and LST, respectively. Ultimately, the VHI is 

calculated by combining VCI and TCI. The resulting VHI varies from 8 to 87, where the lower VHI values refer 

to extreme drought conditions and higher values denote normal conditions. Mild to moderate drought 

conditions were observed in the central and some areas in the western part of the research area. The R2 between 

NDVI and VHI is calculated higher (0.72) compared to LST and VHI (0.40). The research indicates that 

multispectral satellite data is highly beneficial in predicting agricultural drought in any region based on 

temperature and vegetation conditions. VHI has the potential to be utilized in scientific contexts across different 

fields, particularly in agriculture and land use planning. 
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1. Introduction 

The fluctuation of moisture levels in the topsoil or 

underlying soil is attributed to minimal or absent 

precipitation and elevated temperatures over a 

specific timeframe [1]. Drought can be defined as a 

deficiency in soil moisture compared to its typical 

state [2]. The agricultural industry relies heavily on 

weather patterns, climate, and soil conditions. 

Agricultural drought adversely affects crop yield due 

to unfavorable soil moisture conditions caused by 

erratic rainfall and rising surface temperatures in 

non-irrigated regions [3]. The Asia-Pacific region 

experiences an average annual loss of US$404 billion 

due to vegetation drought, which corresponds to 

around 1.4% of the gross domestic product of this 

region [4]. The rise in meteoritical drought 

frequency, duration, and intensity is largely attributed 

to rapid anthropogenic activities and global warming 

trends [5]. As a result, the establishment of a regular 

and continuous drought monitoring system is 

imperative for sustainable growth in the agricultural 

domain. Traditionally, drought monitoring relied on 

in situ measurements of parameters responsible for 

drought [6]. Different conventional methods like the 

standardized precipitation index and Palmer drought 

severity index are used for assessing meteorological 

drought, which relies on imprecise station data rather 

than considering factors such as heat stress on 

vegetation growth, land use, and land cover, or 

vegetation characteristics [7] [8] and [9]. However, 

the advent of remote sensing has revolutionized the 

field, enabling the observation and estimation of 

critical drought-related parameters on a broader 

spatial and temporal scale [2] and [10]. 

 

https://doi.org/10.52939/ijg.v20i11.3691


 

International Journal of Geoinformatics, Vol. 20, No. 11, November, 2024 

ISSN: 1686-6576 (Printed)  |  ISSN  2673-0014 (Online) | © Geoinformatics International 

107 

It is much more difficult to observe the drought 

conditions on foot in larger plantation areas. The eye 

on the sky is an alternative in this case, which can 

save time and reach the blind area on a vast farm area. 

Multispectral satellite data acquired through a remote 

sensing process are very helpful in identifying the 

drought conditions in an agriculture-dominated area. 

Researchers have utilized various comprehensive 

monitoring indicators to evaluate drought conditions 

through satellite remote sensing data, such as the 

precipitation condition index [11], optimized 

meteorological drought index [12], soil moisture 

condition index [13], vegetation health index [14], 

etc. The vegetation health index (VHI) is a widely 

used method that effectively captures drought 

characteristics by considering both temperature and 

vegetation information [15]. The calculation of VHI 

depends on two factors, namely the vegetation 

condition index [16] and the temperature condition 

index [17]. These factors can be derived from the 

normalized differential vegetation index (NDVI) [18] 

and land surface temperature (LST) [19]. The 

fundamental concept behind VHI is to indicate 

inadequate vegetation health through a combination 

of low NDVI and high LST values, while conversely, 

optimal vegetation health is represented by higher 

NDVI values and lower LST values [20]. The major 

three objectives of this study are to (a) carry out TCI 

analysis based on thermal satellite-driven land 

surface temperature, (b) perform VCI analysis based 

on NDVI, and finally (c) conduct the VHI analysis to 

identify and monitor the health and growth condition 

of the plantation. 

 

2. Methodology 

2.1 Study Location 

Erap and its surrounding area, which is situated on 

the northern bank of the Markham River is selected 

to conduct agricultural drought assessment. It spans 

from 146º 35′ 05″ E to 146º 42′ 15″ E longitude and 

6º 31′ 50″ S to 6º 38′ 15″ S latitude, bordered by the 

Rumu River to the west and the Erap River to the east 

(Figure 1) within the Morobe province of Papua New 

Guinea. The primary land use and land cover in this 

region is agriculture, with a focus on Palm oil 

plantations, rice cultivation, and sparse vegetation. 

The majority of soils in the area are moderately well-

drained. The climate is classified as tropical 

rainforest (Koppen climate classification: Af), with 

an average annual rainfall of 1750 mm and an 

average temperature of 22 degrees Celsius. 

December is typically warm, while July is cooler. 

The Markham Valley experiences significant climate 

variations each year due to the El Niño-Southern 

Oscillation. Furthermore, a decline in soil moisture 

levels has been noted due to decreased precipitation. 

As a result, crop productivity is significantly 

affected, requiring farmers to implement moisture-

conserving techniques in these conditions. 

 

2.2 Materials Used 

The primary reliance of the research is on the 

multispectral satellite image captured by Landsat 8. 

The Landsat 8 satellite mission offers moderate 

spatial resolution (15 m to 100 m) datasets of the 

Earth's terrestrial areas. These measurements cover 

various spectrums including visible, near-infrared, 

short-wave infrared, and thermal infrared. All nine 

spectral bands from the operational land imager 

(OLI) and two spectral bands from a thermal infrared 

sensor (TIRS) are obtained from Earth Explorer 

(https://earthexplorer.usgs.gov/). This satellite data 

was collected on a clear day (03.03.2014) and is free 

from clouds or aerosols. The multispectral image is 

formed by combining all the bands using the layer 

stack process. The data is rectified using the 

Universal Transverse Mercator (UTM) coordinate 

system. The image underwent geometric correction 

with an accuracy of ±0.25 pixels. Subsequently, the 

image is cropped with the study area boundary to fit 

the study area for further analysis. Detailed 

information about each band and their respective 

spatial resolutions can be found in Table 1. The 

spatial resolution of OLI bands is 30m. Although the 

actual spatial resolution of the TIRS bands is 100m, 

the dataset is resampled to 30m by the data providers 

for level-1 product processing. 

 

2.3 Calculation of NDVI and LST 

Drought conditions are assessed using two geospatial 

parameters, namely the NDVI and LST. These 

parameters are obtained by analyzing the near-

infrared band (5th band), red band (4t band), and 

thermal band (10th band) of Landsat 8 satellite 

imagery. The NDVI index measures the level of 

greenness in vegetation, providing valuable 

information about vegetation density and changes in 

plant health [18]. NDVI is calculated by subtracting 

the near-infrared from the red band and dividing the 

result by the sum of the NIR and Red bands. On the 

other hand, land surface temperature indicates the 

amount of heat present on the land when touched 

[21]. The temperature data is predominantly 

established by analyzing the thermal bands of the 

thermal remote sensing procedure [22].  
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Figure 1: The locality map of the study area 

(a) Provinces of Papua New Guinea with Markham watershed location  

(b) The geographical location of Markham River basin with drainage and major road network  

(c) The standard false color composite view of the study area image with river, road, and agricultural boundary 
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Table 1: Details of multispectral bands of Landsat 8 satellite image 

Band 

numbers 

Band Spectral 

bandwidth (µm) 

Spatial 

resolution (m) 

1 Coastal Aerosol 0.43 to 0.45 30 

2 Blue 0.450 to 0.51 30 

3 Green 0.53 to 0.59 30 

4 Red 0.64 to 0.67 30 

5 Near-Infrared 0.85 to 0.88 30 

6 Short-wave Infrared 1 1.57 to 1.65 30 

7 Short Wave Infrared 2 2.11 to 2.29 30 

8 Panchromatic 0.50 to 0.68 15 

9 Cirrus 1.36 to 1.38 30 

10 Thermal Infrared 1 10.6 to 11.19 30 (resampled) 

30 (resampled) 11 Thermal Infrared 2 11.5 to 12.51 

 

To derive NDVI and LST from OLI and TIRS bands, 

a series of calculations are performed, including the 

extraction of spectral radiance value (Equation 1), 

calculation of brightness temperature (Equation 2), 

calculation of NDVI (Equation 3), determination of 

vegetation proportion (Equation 4), calculation of 

land surface emissivity (Equation 5), and finally 

obtaining the land surface temperature (Equation 6) 

[18] [19] [21] and [22]. 
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Equation 6 

 

Where Lλ refers to the atmospheric (top) spectral 

radiance, 0.0003342 is the band-specific 

multiplicative rescaling factor, 0.1 is the band-

specific rescaling factor, Qcal represents the pixel 

value of band 10, BT stands for the brightness 

temperature,774.8853 and 1321.0789 are the band-

specific thermal conversion constants, Pv stands for 

the proportion of vegetation, ε represents the land 

surface emissivity and LST is land surface 

temperature. 

 

2.4 Calculation of VCI, TCI, and VHI 

The agricultural drought index is calculated using the 

VHI model, which combines the VCI and TCI 

indices [23]. Both the TCI and VCI indices are 

computed using multispectral satellite data, but they 

utilize different observation inputs. The VCI 

incorporates information from the visible and near-

infrared parts of the spectrum and is derived from the 

NDVI [24]. On the other hand, the TCI calculation 

involves the use of LST, which is obtained from 

thermal bands [25]. All the necessary data are derived 

from Landsat 8, a medium-resolution multispectral 

satellite image. The VHI is derived through three 

consecutive calculations, as presented in equations 7 

to 9 [16] [17] [23] [24] and [25]. The overall 

methodological flow chart in the estimation of 

drought conditions is presented in Figure 2. 
 

min

max min

100
NDVI NDVI

VCI
NDVI NDVI

 −
=  

− 
 

Equation 7 

 

TCI =   [
LSTmin  −  LST

LSTmax −  LSTmin 
 x 100] 

Equation 8 

 

VHI = 0.5[VCI + TCI] 

Equation 9 
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Figure 2: The overall methodological flow chart in the estimation of drought condition 

 

Where VCI represents the vegetation condition 

index, NDVI stands for normalized differential 

vegetation index, TCI represents the temperature 

condition index, VHI stands for vegetation health 

index, and 0.5 is a coefficient value that regulates the 

combinations of the VCI and the TCI to the VHI [26]. 

 

3. Results and Discussion 

NDVI characterizes the phenology of vegetation, 

with positive values indicating healthy and dense 

vegetation, and negative values representing water 

and wetland areas. The range of NDVI ranges from -

0.551 to 0.627 (Figure 3(a)). Negative NDVI values 

are observed in the active river channel, abandoned 

river channels, and certain pockets in the middle, as 

well as in the northern section of the study site. 

Conversely, higher NDVI values are found in the 

east, southeast, and north sections of the study area 

indicating a prevalence of plantation and vegetation. 

The modeled land surface temperature (LST) in this 

area varies from 7⁰ to 39⁰ Celsius (C). Some sections 

in the east, northwest, and middle sections of the 

study site experience the highest temperatures. On 

the other hand, a linear zone stretching from the 

northeast corner to the southwest portion exhibits the 

lowest temperature (Figure 3(b)). The calculated VCI 

values ranged between 20.88 and 83.43 (Figure 3(c)). 

Lower VCI values represent poor vegetation 

conditions found over the active and abandoned river 

channel and some pockets in the middle and north 

sides of the research location. Alternatively, high 

VCI values represent good vegetation conditions 

observed in the east, southeast, and north sections. 

The modeled TCI in this region ranges from 32.76 to 

87.93. The eastern part, along with certain areas in 

the central and northwest regions, experiences the 

minimum temperature conditions, while a linear zone 

extending from the northeast corner to the southwest 

portion is characterized by high-temperature 

conditions (Figure 3(d)). 

This research utilizes the VHI, a holistic measure 

that merges the VCI and TCI, with a scale from 0 

(severe dryness) to 100 (ideal moisture) [27]. In this 

study, the VCI output ranged from 8 to 87. The 

complete range is divided into seven categories, 

where the initial three categories indicated no 

drought conditions, specifically (i) excellent (> 60), 

(ii) good (50 - 60), and (iii) normal (40 - 50). The 

remaining categories are classified as (iv) mild dry 

(30 – 40), (v) moderately dry (20 - 30), (vi) severely 

dry (10 - 20), and (vii) extremely dry (< 10). In the 

research area, mild drought conditions are observed 

in the central region as well as certain areas in the 

western part (Figure 4). The current position of the 

rice farm and a significant portion of the oil palm 

plantation are typically unaffected by drought 

conditions. However, the western part of the oil palm 

plantation is facing varying degrees of drought, 

ranging from mild to moderate. This section of the oil 

palm plantation is disturbed by man-made structures 

and farm buildings. The utilization of Landsat 8 

remote sensing data in this study demonstrates that 

VHI has the potential to monitor drought in the 

Markham Valley region effectively.  
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The VHI value is quantified in percentages from 1 to 

100. When the VHI falls below 40, vegetation stress 

can be anticipated indicating potential crop and 

pasture production losses. Conversely, indices above 

60 signify robust and healthy vegetation. VHI is 

derived through VCI and TCI obtained from satellite 

image-driven NDVI and LST. NDVI is sensitive and 

changes with the fluctuation of soil moisture levels in 

an agriculture zone [28].  

VCI range from 50 to 100 signifies vegetation 

conditions above normal, while values falling 

between 50 and 35 indicate drought conditions and 

anything below 35 indicates a severe drought 

situation. LST generally decreases as surface soil 

moisture increases, except in high-latitude areas [29]. 

The TCI may range from 0, indicating extremely 

unfavorable conditions, to 100, representing optimal 

conditions.  
 

 
 

Figure 3: Spectral indices (a) NDVI (b) LST (c) VCI (d) TCI  
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Figure 4: Drought severity derived from NDVI-based VCI and LST-based TCI 

 

 
 

Figure 5: Correlation between NDVI and LST  

 

TCI is employed to assess the impact of temperature 

and excessive moisture on vegetation stress. The 

research examined the connection between NDVI 

and LST using linear regression analysis, uncovering 

a mild inverse correlation (R2 of 0.02) where surface 

temperature increases as vegetation index decreases 

(Figure 5). A strong positive coefficient of 

determination (R2 of 0.72) is computed between 

NDVI and VHI, indicating that the normalized 

differential vegetation index is the major factor in 

assessing vegetation health.  On the other hand, a 

moderately strong negative correlation (R2 of 0.40) is 

computed between LST and VHI, indicating that the 

vegetation health decreases with the increase in 

surface temperature. Figure 6 represents the 

coefficient of determination between NDVI-VHI and 

LST-VHI. The spatial resolution of the VHI output is 

generated in a 30m pixel size, which is similar to the 

spatial resolution of OLI and resamples TIRS bands. 
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Figure 6: Correlation between NDVI-VHI, and LST-VHI feature space 

 

4. Conclusions 

The findings of this research highlight the significant 

benefits of multispectral satellite data in predicting 

agricultural drought in any given area, by analyzing 

temperature and vegetation conditions. VCI is 

created using the NDVI database and the TCI from 

the LST database. The calculation of NDVI involves 

comparing the near-infrared (NIR) and red (R) band 

pixel values of Landsat 8 satellite data. On the other 

hand, the LST is driven from the thermal band (10th) 

and incorporation of NDVI through several equations 

(equations 1 through 6). A strong positive correlation 

(R2 of 0.72) is observed between NDVI and VHI, 

compared to LST and VHI (R2 of 0.40). This 

indicates that NDVI is the major influencing factor in 

assessing vegetation health. Medium spatial 

resolution data, like 30m OLI datasets provides more 

details and better spatial accuracy than broad-scale 

data of 100m TIRS bands of Landsat 8 series satellite 

images. However, as per metadata information, the 

data providers supplied the TIRS bands after 

resampling to 30m spatial resolution for level-1 

product processing. The findings indicated that VHI 

has the potential to be utilized in scientific contexts 

across different fields, particularly in agriculture and 

land use planning. Spatial drought databases are 

effectively employed for analyzing watersheds, 

studying water balance, assessing soil respiration, 

examining hydrology, monitoring soil health, 

evaluating plant growth, measuring plant water 

stress, and scheduling irrigation. Both the VCI and 

the TCI are significant in the calculation of VHI, 

although they can be influenced by various climatic 

and environmental variables, which are not 

considered in this case study. Given the variations in 

environmental conditions across different regions, 

assigning equal importance to VCI and TCI could 

potentially limit the effectiveness of VHI 

applications, leading to heightened uncertainty in 

drought identification. It is important to note that the 

calculation of VHI does not directly incorporate the 

precipitation factor. The VHI provides an accurate 

depiction of the drought situation and serves as a 

proxy for assessing crop conditions. Although it is 

recommended to establish comprehensive ground-

based models, a satellite-based drought model can be 

used to generate accurate and dependable drought 

information systems for both immediate and 

prolonged timeframes for large catchment areas with 

the inclusion of satellite-based precipitation data. 

Further research is suggested with the inclusion of 

rainfall and soil moisture data, which will take care 

of the precipitation factor and will improve the 

accuracy. Additionally, the use of high-resolution 

multispectral satellite data will enhance the certainty 

of prediction. 
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