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Abstract 

Multispectral satellite images acquired through remote sensing can identify, estimate, monitor, and manage 

the ecological environment, agricultural health, drought, and yield. This paper compares the effectiveness of 

the Temperature Vegetation Dryness Index (TVDI) and Vegetation Health Index (VHI) in plant growth 

monitoring. An oil palm plantation owned by New Britain Palm Oil Limited (NBPOL) near Erap station, within 

the Markham River basin, was selected for this study. Multispectral bands, like red, near-infrared, shortwave 

infrared, and thermal bands of a Landsat 8 Satellite, were utilized to produce land surface temperature (LST) 

and normalized difference vegetation index (NDVI) databases, which are key parameters for calculating the 

Vegetation Condition Index (VCI) and Temperature Condition Index (TCI). These VCI and TCI indices were 

then used in the VHI and TVDI models. The VHI ranged from 11.83 to 87.78, while the TVDI ranged from 

0.142 to 0.969. Low VHI values and high TVDI values indicate extreme drought conditions. A strong coefficient 

of determination was found between LST and VHI (R² = 0.89) and between NDVI and VHI (R² = 0.88), 

indicating that NDVI and LST are equally crucial for assessing vegetation health. Conversely, a near-perfect 

correlation was observed between LST and TVDI (R² = 0.98), compared to NDVI and TVDI (R² = 0.48). The 

results showed that VHI offers more efficient and spatially detailed results than TVDI. The study revealed that 

VHI helps monitor agricultural drought by better combining vegetation condition and temperature information 

than other models. Furthermore, the normalized difference moisture index (NDMI) and NDVI were derived 

using Sentinel-2 data over 2 years. The correlation shows that the vegetation index decreases as moisture levels 

decline.  
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1. Introduction 

Modern humans began interacting with the landscape 

and affecting natural ecosystems around 10 to 12 

thousand years ago, transitioning from a hunting-

based lifestyle to one dependent on agriculture due to 

initial population growth [1]. This shift is known as 

the first agricultural revolution. The Second 

Agricultural Revolution started in the 17th century 

and extended into the 19th century, driven by the 

Industrial Revolution, when human and animal labor 

started being replaced by machines. The world’s 

population doubled in just 37 years, rising from 

approximately 2.5 billion in 1950 to 5 billion in 1987. 

The green revolution, or third agricultural revolution, 

began around 1965, utilizing modern technologies, 

fertilizers, pesticides, high-yielding seeds, and 

irrigation systems to enhance food security and 

address the global hunger index [2]. The land use 

pattern in Papua New Guinea has changed 

significantly due to population growth, economic 

development, land tenure policies, land access, and 

improved transportation. This change is not limited 

to converting natural land cover to agricultural land 

use. The agricultural land use pattern also changes 

drastically due to the introduction of new crops, the 

adaptation of new grains as staple foods, and 

increased global demand for food products and 

biofuels. The Markham is projected to be considered 

Papua New Guinea’s food basket through 

agricultural transformation. The nation is taking the 

initiative through the Markham-Ramu agricultural 

growth corridor with the help of the International 

Finance Corporation. The agricultural boost in this 

area is planned through improving market 

accessibility, infrastructure development, economic 

growth, and enhancing national food security [3]. 
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Ramu Agri Industries Limited (RAIL), a subsidiary 

of New Britain Palm Oil Limited (NBPOL), is 

involved in agricultural operations, such as operating 

the oil palm plantation, producing sugarcane, and 

farming cattle in the Ramu and Markham valleys. In 

2008, NBPOL started converting the field used for 

sugarcane and other unfertile land into an oil palm 

plantation. Drought is the main problem for 

agricultural development in the Markham Valley. In 

2010, 2015, and 2016, the oil palm plantation was 

heavily impacted by drought caused by El Niño. The 

normal photosynthesis process and the moisture 

content within the plants were affected, causing 

premature aging due to drought. 

Over a prolonged period, little or no precipitation 

combined with high temperatures causes changes in 

soil moisture content [4]. A soil moisture deficiency 

is known as drought compared to its normal level [5]. 

Crop yields in areas without irrigation are mainly 

impacted by irregular rainfall, which results in higher 

surface temperatures and reduced yields [6]. 

Vegetation drought leads to significant annual losses 

in the Asia-Pacific region [7]. Rapid human activities 

and global warming also increase meteorological 

droughts, including their intensity, duration, and 

frequency [8]. Agricultural droughts were 

traditionally monitored using drought indicators 

based on in situ measurements [9]. Traditional 

methods for evaluating meteorological drought rely 

on imprecise and inaccurate station data [10] and 

[11]. These models have never considered variables 

like heat stress on vegetation growth, land use types, 

land cover, moisture conditions, etc. Therefore, there 

is a need to develop real-time, machine learning, and 

artificial intelligence (AI)-based drought monitoring 

systems instead of traditional indices to improve 

drought assessment, monitoring, and forecasting. 

The results could provide a reliable and effective 

method for predicting droughts and enhancing 

drought assessment and mitigation [12]. Critical 

drought-related factors can now be observed and 

estimated on a broader spatial and temporal scale 

thanks to the widespread use of remote sensing [13]. 

Researchers have assessed drought conditions using 

satellite remote sensing data and various 

comprehensive monitoring markers. Some of the 

indicators include the optimized meteorological 

drought index (OMDI) [14], the temperature 

condition index (TCI) [15], the precipitation 

condition index (PCI) [16], soil moisture condition 

index (SMI) [17], temperature vegetation dryness 

index (TVDI] [18] and [19], vegetation condition 

index (VCI) [20], and vegetation health index (VHI) 

[15] and [21]. TVDI is a more effective and efficient 

approach than other indicators because it combines 

the spatial distribution of vegetation characteristics 

with land surface temperature [22].  

This study offers a practical method for 

monitoring plant health with multispectral satellite 

imagery based on various spectral indices. The main 

aim was to track the spatial variation of plant health 

using multispectral satellite imagery. The study was 

conducted with five objectives: (i) to analyze the 

spatial variation of the TVDI of the plantation area 

based on satellite-data-driven LST and NDVI, (ii) to 

perform pixel-by-pixel TCI and VCI analysis based 

on the previously calculated LST and NDVI, (iii) to 

assess and monitor plantation health spatially using 

the VHI, (iv) to compare drought patterns based on 

the resulting TVDI and VHI, and finally (v) to derive 

the correlation between the moisture and the 

vegetation index of the plantation area. 

 

2. Study Area 

A site within the Markham valley region, mainly in 

Morobe Province of Papua New Guinea (PNG), has 

been chosen as the study area. The Markham Valley 

region is famous for its agricultural industry, mainly 

palm oil plantations. The region is moderately 

suitable, with stony and shallow soils. The area 

typically experiences warm, humid conditions with 

an average annual rainfall of nearly 2500 mm and a 

mean temperature of 29°C. Rainfall occurs from 

December through April, with dry weather from May 

to December. The Erap Oil palm plantation within 

the Markham Valley region under Morobe province 

of Papua New Guinea was selected as the study site. 

The study area encompasses approximately 3,195 

hectares, or 32 square kilometers of land within the 

Markham Watershed. The average age of the oil 

palm plantation in the site is 8 years. NBPOL and the 

Markham Farming Company Limited are the major 

investors in this oil palm plantation. The Erap River 

bounds the study site to the east and the Markham 

River to the south (Figure 1).  

 

3. Data Used 

Landsat-8 and Sentinel-2 satellite images were used 

to understand the health of the plantation in the 

spatial dimension. The standard false colour 

combination (SFCC) of Landsat 8 Operational Land 

Imager (OLI) is Band5: Band4: Band3 to Red: 

Green: Blue channel, whereas the SFCC of Sentinel-

2 is Band8: Band4: Band3 to Red: Green: Blue 

channel.  SFCC is extensively used for vegetation 

analysis, as the band combination allows healthy 

vegetation to look bright red.  
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Figure 1: The locality map of the oil palm plantation (a) Provinces of Papua New Guinea with Markham River 

basin, (b) The Markham River basin with the highlights of the study site location, and (c) the standard false 

color view of the study site – NBPOL 

 

The SFCC was used to interpret the satellite images 

visually. The red, near-infrared, short-wave infrared, 

and thermal band-1 of Landsat 8 was downloaded 

from Earth Explorer and used as input parameters for 

various spectral analyses in the spatial dimension. In 

contrast, multiple Sentinel-2 images were acquired 

from the Copernicus data space ecosystem over two 

years. The Sentinel-2 satellite has no thermal bands, 

so it was not used for TVDI and VHI analysis. 

Instead, these data sets were used to analyse the 

temporal relationship between moisture index and 

vegetation index over two years. Details of the 

Spatial and spectral band specifications of Landsat-8 

and Sentinel-2 are presented in Tables 1 and 2, 

respectively. 
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Table 1: Spatial and spectral band specification of Landsat-8 Operational Land Imager (OLI)  

and Thermal Infrared Sensor (TIRS) 
 

Sl. No. Band number Band name Spectral range (µm) Spatial resolution (m) 

1 Band 1 Coastal aerosol 0.43 – 0.45 30 

2 Band 2 Blue 0.45 – 0.51 30 

3 Band 3 Green 0.53 – 0.59 30 

4 Band 4 Red 0.64 – 0.67 30 

5 Band 5 Near-Infrared 0.85 – 0.88 30 

6 Band 6 Shortwave infrared 1 1.57 – 1.65 30 

7 Band 7 Shortwave infrared 2 2.11 – 2.29 30 

8 Band 8 Panchromatic (PAN) 0.50 – 0.68 15 

9 Band 9 Cirrus  1.36 – 1.38 30 

10 Band 10 Thermal Infrared 1 10.6 – 11.19 100 

11 Band 11 Thermal Infrared 2 11.50 – 12.51 100 

 

Table 2: Multi-spectral band specification of Sentinel-2 
 

Sl. No. Band number Band name Spectral range (µm) Spatial resolution (m) 

1 Band 1 Coastal aerosol 0.433 – 0.453 60 

2 Band 2 Blue 0.458 – 0.523 10 

3 Band 3 Green 0.543 – 0.578 10 

4 Band 4 Red 0.650 – 0.680 10 

5 Band 5 Vegetation Red Edge - 1 0.698 – 0.713 20 

6 Band 6 Vegetation Red Edge -2 0.733 – 0.748 20 

7 Band 7 Vegetation Red Edge - 3 0.773 – 0.793 20 

8 Band 8 Near-infrared 0.785 – 0.900 10 

9 Band 8A Vegetation Red Edge - 3 0.855 – 0.875 20 

10 Band 9 Water vapour 0.935 – 0.955 60 

11 Band 10 Shortwave infrared - Cirrus  1.360 – 1.390 60 

12 Band 11 Shortwave infrared  1.565 – 1.655 20 

13 Band 12 Shortwave infrared  2.100 – 2.280 20 

 

4. Methodology  

Remote sensing has emerged as a crucial technology 

for analyzing and monitoring the health and growth 

across multiple spatial scales. USGS Earth Explorer 

and Copernicus have provided worldwide satellite 

data (Landsat, Sentinel) freely since their archive 

dates. The Landsat-8 Operational Land Imager (OLI) 

and thermal Infrared Sensor (TIRS) satellite image of 

19th March 2024 was downloaded from Earth 

Explorer. Multiple Sentinel-2 datasets over 2 years 

(23/06/2023 to 12/06/2025) were downloaded from 

the Copernicus browser. Cloud cover is the main 

challenge in obtaining cloud-free data sets. All data 

sets were referenced to the Universal Transverse 

Mercator (UTM) coordinate system within the grid 

zone of 55 South. An Area of Interest (AOI) layer 

was created carefully to extract all these satellite 

images. The minimum maximum (Min-max) 

radiometric stretching was performed on all the 

cropped images for better interpretation and further 

processing. 

TVDI and VHI are the two mathematical models 

utilized to estimate the health conditions of the oil 

palm plantation area. Both the drought and health 

conditions are calculated based on NDVI and LST. 

Stressed vegetation reflects roughly 30% in the red 

(R) band and 40% in the near-infrared (NIR), while 

healthy vegetation reflects 8–10% in the R band and 

50–60% in the NIR band. Water stress caused this 

sudden drop in reflectance in the NIR band. NDVI is 

an important index calculated by band ratioing 

between the R and NIR bands. It can easily identify 

the level of greenness and plant health [23]. The LST 

identifies the heat level on the topsoil surface [24]. 

This parameter is derived through the modeling of 

the 10th band. Total of six steps are followed to derive 

NDVI and LST from OLI and TIRS bands, namely 

(1) the calculation of the spectral radiance, (2) the 

extraction of brightness temperature, (3) the 

generation of NDVI, (4) determination of vegetation 

proportion, (5) calculating emissivity of the land 

surface, and (6) the final extraction of the land 

surface temperature.  The agricultural drought index 

TVDI is calculated after combining the two most 

common factors, LST and NDVI [25]. TVDI 

assesses the drought condition locally, along with 

wet-edge and dry-edge functions.  
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Figure 2: Remote sensing workflow of health and drought analysis over an oil palm plantation 

 

The VHI model, which integrates the VCI and TCI 

indices, is used to compute the agricultural drought 

index [26]. Though they use separate observation 

inputs, both the TCI and VCI indices are calculated 

using the multispectral bands of Landsat 8 satellite 

data. The VCI is derived from the NDVI [20] and 

LST from thermal bands [15]. Another index, the 

Normalised Difference Moisture Index (NDMI), was 

used to compute vegetation water content. NDMI 

was extracted from NIR and Short-wave Infrared 

(SWIR) bands based on a simple band ratio function. 

Finally, the Sentinel-2 satellite images were analyzed 

over two years to understand the temporal correlation 

between the moisture and the vegetation index. The 

NDMI and NDVI indices over two years were 

generated from Sentinel-2 satellite images to 

measure their temporal correlation. The step-by-step 

workflow is presented for monitoring the health and 

drought condition of the oil palm plantation (Figure 

2). 

 

5. Results and Discussion 

The derived NDVI values ranged from -0.079 to 

0.639. The negative value refers to the lower 

reflected value in the R band and is comparatively 

higher in the NIR band. The scenario of a positive 

NDVI value describes a higher reflected value in the 

R band than in the NIR band. Negative values 

represent water areas, while positive values represent 

vegetation characteristics, as presented in Figure 

3(a). Higher positive values indicate higher 

vegetation density and better health conditions.  The 

existing oil palm plantation area displayed a higher 

NDVI value. The section of the active river channel 

and the abandoned channel with water are dominated 

by negative values. As the study area is small, with 

uniform land use, land cover, and flat topography, the 

surface temperature is calculated in a narrow range. 

The calculated LST ranges from 23.291 °C to 29.991 

°C. The highest temperatures are observed in the 

eastern portion and some pockets of the central and 

northwest portions. In contrast, the lowest 

temperatures are found in a linear zone from the 

southeast corner to the southwest and western 

portions, as shown in Figure 3(b). The dry edge 

calculation yields LSTmax values ranging from 

26.806 to 28.848, while the wet edge equation 

calculates values from 23.791 to 23.955, 

respectively. The resulting TVDI ranged from 0.142 

to 0.969, as shown in Figure 4(a). A higher value of 

1 indicates higher proximity to the drought condition 

[18]. Resultant VCI ranges from 0 to 99.991.

 



 

International Journal of Geoinformatics, Vol. 21, No. 11, November, 2025 

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

6 

 
 

Figure 3: The resulting NDVI and LST: (a) NDVI based on the band ratio of R band and NIR bands,  

(b) LST based on the 10th band (TIR) of the satellite image 
 

 
 

Figure 4: The resulting range output (a) TVDI, and (b) VHI based on NDVI and LST 
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Figure 5: The resulting classified database: (a) TVDI to show agricultural drought conditions, and  

(b) VHI to express vegetation health conditions 

 

The VHI, a comprehensive technique that combines 

the TCI and VCI, is used in the study. The VHI may 

range from 0 to 100. Zero (0) represents extreme 

dryness, and 100 represents ideal moisture conditions 

[27]. Figure 4(b) illustrates the resulting VHI output, 

which ranges from 11.832 to 87.781. A TVDI range 

value of 0.6 to 0.8 is classified as a 'severe' drought 

condition, while values exceeding 0.80 are 

considered 'extreme' drought conditions. The areas 

experiencing excessive drought conditions are 

primarily located in the eastern and western parts of 

the plantation area, where man-made structures and 

farm buildings are located, as shown in Figure 5(a). 

Most plantation areas are characterized by normal 

conditions, except a linear patch in the east and a 

section in the western part of the plantation, where 

moderate to severe and even extreme drought 

conditions are observed. Remnants of old, 

abandoned channels, featuring stones and gravel, are 

found in these areas.  

The output range of VHI is more than 80, which 

is classified as a normal condition, and less than 20 

as an extreme condition. The significant sections of 

the plantations are characterized by normal 

vegetation health, except for a few pockets in the 

eastern and western parts of the plantation, where 

vegetation health is mild to moderate, as highlighted 

in Figure 5(b). These sections are disturbed due to the 

construction of the access roads to the plantation and 

other farm infrastructure. 

TVDI provides an accurate depiction of the 

drought situation [28]. TVDI is calculated based on 

NDVI and LST. The ratio between the R and NIR 

bands produces the Normalized Difference 

Vegetation Index (NDVI), which responds 

dynamically to changes in soil moisture [29]. On the 

other hand, LST is calculated using NDVI and 

thermal bands and exhibits a negative correlation 

with soil moisture levels [30]. The relationship 

between NDVI and LST for the entire study was 

moderately negative (R-squared of 0.59), indicating 

that surface temperature increases as the vegetation 

index decreases. When calculating wet and dry edge 

fitting coefficients, the water class with negative 

NDVI values is ignored. The relationship between 

NDVI and LST indicates a mild negative correlation 

for the dry edge, while it is mildly positive for the 

wet edge. A perfect correlation was observed 

between LST and TVDI (R² = 0.98), compared to 

NDVI and TVDI (R² = 0.48).  
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Figure 6: The feature spaces of (a) NDVI and VHI and (b) LST and VHI 
 

 
 

Figure 7: A comparative analysis of: (a) VHI-based results with (b)-(c) Landsat satellite image  

at site-1 and site-2, and (d)-(e) aerial image at site-3 

 

NDVI is the primary determinant of vegetation 

health. Figure 6(a) presents a strong coefficient of 

determination (R-squared of 0.88) between NDVI 

and VHI. However, a significant negative correlation 

(R-squared of 0.89) is observed between LST and 

VHI, as presented in Figure 6(b), suggesting 

vegetation health declines as surface temperature 

rises. The resulting VHI is assessed against the actual 

ground features at the three locations, including farm 

buildings, access roads within the plantation, and 

paleochannels, which are highlighted in Figure 7(a), 

7(b), 7(c), and 7(d). These evidences prove the 

quality of the model output generated through VHI 

analysis from satellite data. The VHI produced more 

spatial details of drought than the TVDI result. 

Moderate to severe health issues are emerging in 

some areas, particularly non-vegetative man-made 

structures. Remnants of old abandoned channels with 

stones and gravel, as well as access roads peripheries 

inside the plantation, characterize the mild health 

issues in the oil palm plantation. VHI supports 

monitoring agricultural drought by combining the 

spatial variation of vegetation and temperature 

conditions. The resulting VHI was also compared to 

the Normalized Difference Moisture Index (NDMI) 

to demonstrate that vegetation health is closely 

related to the moisture index, as shown in Figures 

8(a) and 8(b). The NDMI is typically used to assess 

the plant's water content and soil moisture levels. The 

NDMI values range from +1 to -1, with negative 

values indicating dry soil and positive values 

indicating wet soil [31]. 
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Figure 8: The resulting output (a) NDMI, (b) VHI, and (c) the feature spaces of NDMI and VHI 
 

 

In this study area, the NDMI ranged from -0.218 to 

0.397 (Figure 8(a)). A feature space analysis was 

conducted between NDMI and VHI. Figure 8(c) 

highlights that the relationship between NDMI and 

VHI in the plantation area was highly correlated, 

with an R-squared of 0.88. This correlation suggests 

that vegetation health depends on moisture levels in 

both vegetation and soil. The vegetation health index 

increases as moisture levels rise and decreases as 

they fall. 

It was found that NDVI is the primary 

determinant of vegetation health, as indicated by a 

strong positive coefficient of determination (R-

squared of 0.89) between NDVI and VHI. 

Furthermore, a temporal analysis was performed 

between NDMI and NDVI to understand how 

moisture content affects the vegetation index [32]. 

The Sentinel-2 satellite-driven NDMI and NDVI 

were compared over 2 years in the plantation site. 

The result shows that the vegetation index decreases 

as moisture levels decline (Figure 9(a)). The 

coefficient of determination between NDMI and 

NDVI was calculated over 2 years to understand the 

correlation between moisture levels and the 

vegetation index. A moderate correlation (R-squared 

of 0.41) was found between the overall NDVI and 

NDMI in the plantation area (Figure 9(b)). This 

correlation is much better than a few other studies, 

where the correlation between the NDVI and NDMI 

was calculated as 0.27 [33] and 0.4 [34], respectively. 

Some inconsistencies were observed while 

correlating the moisture index and NDVI over the oil 

palm plantation area [35]. It was also observed that 

this study derived a better correlation between VHI 

and LST than some earlier studies [36], which 

justifies the better outcome of this research. The 

correlation between VHI and NDVI also improved 

(0.88) compared to the earlier study in a mixed land 

use pattern with oil palm-dominated area (0.72) [37]. 
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Figure 9: (a) The temporal changes of the NDVI and NDMI, (b) their correlation over 2 years 

 

6. Conclusion 

This study emphasizes the advantages of utilizing 

multispectral satellite data to forecast agricultural 

health and drought conditions in specific regions by 

examining temperature and vegetation factors. 

Estimating and monitoring drought conditions over a 

large area with a single index may seem overly 

ambitious and questionable due to varying land use, 

land cover, climate, and environmental 

characteristics. The objectives of this study were to 

analyze the spatial variation of the TVDI and VHI of 

the plantation area based on satellite-data-driven 

LST, NDVI, TCI, and VCI; to compare drought 

patterns based on TVDI and VHI; and to derive the 

correlation between the moisture and the vegetation 

index of the plantation area. This research revealed 

that VHI and TVDI could effectively monitor 

vegetation health and drought in the Markham Valley 

region's case study site. The resulting VHI provides 

more spatial details of drought than the TVDI result. 

Furthermore, a close and detailed comparative 

mapping was conducted, where the resulting classes, 

such as mild, moderate, and severe health issues, 

were identified in the high-resolution aerial images. 

These images help to distinguish each tree from the 

others. The results confirmed that the capabilities of 

the VHI in identifying spatial differences in 

vegetation growth and drought conditions are 

significantly better than those of TVDI. The access 

roads in the plantation, where no trees are present, 

were identified as failing by TVDI. The findings 

indicated that satellite remote sensing technology has 

a greater impact on monitoring agricultural drought 

and vegetation health, as measured by TVDI and 

VHI.  

A stronger positive correlation (0.88) was 

established between NDMI and VHI, suggesting that 

both indices measure similar drought-related stress 

on the plantation. The temporal analysis of NDVI 

and NDMI over two years using Sentinel-2 data 

indicates a moderate correlation of 0.41, which 

suggests a connection between plant water content 

and plant greenness/biomass. However, other 

underlying factors, like background soil type, surface 

temperature, and the age of the plantation, also 

significantly influence these measures, which must 

be analyzed for better understanding. This research 

will benefit farm managers in monitoring vegetation 

health and assessing agricultural drought so that they 

can adopt different soil conservation methods and 

irrigation facilities. 

Future research should develop an enhanced 

drought model incorporating high-resolution 

multispectral satellite data, micro-scale satellite 

precipitation data, and high-resolution soil moisture 

data to improve vegetation health and monitor 

drought. Artificial Intelligence (AI) and Machine 

Learning (ML) must be used to validate the drought 

index for the plantation area and link water stress 

indicators. If high-resolution satellite data is difficult 

to acquire, an alternative multispectral Unmanned 

Aerial Vehicle (UAV) is also proposed. Further 

research also suggested using electrical sensors that 

can measure the dielectric constant, which is directly 

related to the water content. This will generate very 

high-resolution soil moisture data alternatively. 
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