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Abstract: Hydrocarbon seepage can impact plants via the root system, which absorbs water and 
minerals for photosynthesis, and cause plant stress, stunted growth, decreased chlorophyll in the leaf, 
and plant death. This work aimed to define a vegetation stress pattern on a hydrocarbon field in 
Indonesia by studying vegetation changes with the Landsat-8 operational land imager (OLI), leaf 
spectral reflectance and physical plant data. The research was carried out in the West Tugu field, 
Northwest Java Basin, Indonesia. The six vegetation indices were used to analyze the Landsat-8 OLI 
and leaf spectral reflectance. The results from Landsat-8 OLI showed the normalized difference 
vegetation index (NDVI) values in the peripheries areas are 0.2 to 0.3 from 0.2 to 0.73, the green 
difference vegetation index (GDVI) values in the peripheries areas are 0.06 to 0.13 from 0.06 to 0.39, 
the enhanced normalized difference vegetation index (ENDVI) values in peripheries areas are 0.21 
to 0.37 from 0.21 to 0.64, the leaf area index (LAI) values in peripheries areas are 0.1 to 0.5 from 
0.1 to 1.1, and the visible atmospherically resistant index (VARI) values in peripheries areas are -0.2 
to -0.11 from -0.13 to 0.16, while the structurally insensitive pigment index (SIPI) values in 
peripheries areas are 1.5 to 2.0 from 1.0 to 2.0. These results were confirmed by spectral reflectance 
analysis and the physical plants data from the field survey. Based on the research, we concluded that 
the most stressed vegetation in the oil and gas field occurred on the peripheries, followed in the 
middle, and that vegetation outside the peripheries areas was greener and healthier.  

 
Keywords: Landsat-8 OLI; micro-seepage; spectral reflectance; vegetation stress; vegetation 

Index. 
 

1.  Introduction  
Hydrocarbon micro-seepage can occur in oil and gas 

fields, and its distribution can be wider than the reservoir, 
characterized by mineral alteration1). Hydrocarbon 
seepage generally consists of gases, primarily methane 
with a small quantity of ethane and propane2,3). However, 
seepage can also be in the form of bitumen, evidence of 
oil accumulation below the surface4). Hydrocarbon 
seepage can be analyzed geochemically to determine the 
origin of the oil and gas, and identify potential reservoirs 
that can store undiscovered hydrocarbon5). Hydrocarbon 
seepage in the root zone can cause changes in plant 

pigments, structure, and water content in response to plant 
stress6,7). Plant stress can be identified using vegetation 
indices and spectral reflectance properties7). Hydrocarbon 
seepage, which consists of macro-seepage (visible) and 
micro-seepage (invisible), generally results from 
hydrocarbon advection, driven by pressure gradients and 
permeability along faults, fractures, and bedding planes. 
Seepage can disrupt soil conditions and contribute to 
atmospheric emissions8). 

Hydrocarbon seepage can affect the vegetation in many 
ways. The root system can absorb the hydrocarbon when 
it absorbs water and minerals for the photosynthesis 
process9). Hydrocarbons enter the tissues through 
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plasmodesmata-mediated slow diffusion from the root 
surface10). Alternatively, hydrocarbon seepage causes a 
chemically reducing zone in the soil, an increase in the 
hydrocarbon oxidizing bacteria’s activities to degrade n-
alkanes11) and produce carbon dioxide (CO2) and organic 
acid, and changes in potential of hydrogen (pH) and 
oxidation-reduction potential (EH) in the soil12). These 
conditions make the trace elements unstable, dissolved, 
and displaced13). The impact on plants can cause root 
structure changes and lead to stress, stunted growth, 
reduced chlorophyll, decreased photosynthetic activities, 
and plant mortality9,12–16). Evidence shows that long-term 
hydrocarbon seepage causes plants not to grow and forms 
a circle of bare soil up to 20 m from the source7). However, 
certain plants can grow in soil affected by hydrocarbon 
contamination17). Although the growth of these plants is 
not good, they are stunted and plant cover becomes 
sparse13,18). 

Changes in vegetation affect its spectral properties, so 
that remote sensing methods can detect changes in 
vegetation even before visual symptoms and negative 
effects of oil and gas appear19). Several remote sensing 
studies have been conducted to detect the impact of 
hydrocarbon seepage on plants. This method is one of the 
most effective methods for tracking the condition of the 
earth's surface20). Hydrocarbon seepage accumulation 
disrupts the vegetation’s health changing the spectral 
reflectance pattern in remote sensing data. It increases 
spectral reflectance at visible wavelengths, decreases 
spectral reflectance at near-infrared wavelengths, and 
changes the position and shape of the red edge 
wavelengths9,18,21,22). The area affected by the 
hydrocarbon seepage results in a circle of barren soil 
around the origin of the seepage, which is surrounded by 
heavy vegetation7).  

Research in the Niger Delta showed oil pollution in the 
soil results in biophysical and biochemical alteration of 
the vegetation and triggers changes in spectral reflectance. 
These were detected by vegetation indices such as the 
normalized difference vegetation index (NDVI), soil-
adjusted vegetation index (SAVI), adjusted resistant 
vegetation index (ARVI), green/near-infrared (G/NIR), 
and green/shortwave infrared (G/SWIR)23). Research 
using Sentinel 2B in north-eastern India shows that NDVI, 
normalized difference vegetation index red edge (NDVI-
RE), Lichtenthaler Index 1 (LIC1), and Simple Ratio 
Index (SRI) are effective in detecting vegetation stress due 
to the presence of hydrocarbons on the soil surface, as 
indicated by the low vegetation index values24). Research 
in the Amazon Forest using hyperspectral images shows 
that vegetation index analysis (Simple Ratio/SR and 
NDVI) can distinguish plants experiencing stress due to 
oil pollution, where the index value is low due to reduced 
chlorophyll content14). Research on pipelines in the 
provinces of Groningen and Friesland in the Netherlands 
shows that low NDVI values in vegetation indicate oil and 
gas pipeline leaks 25). 

Indonesia—one of the country that lies on the 

equator—is characterized by a tropical climate and 
abundant vegetation. This country has approximately 
1,000 hydrocarbon fields, most of which are situated 
onshore. One of these fields is the West Tugu Barat field 
(Fig. 1). Micro-seepage is indicated based on the clay 
mineral anomaly, presented by the apical-halo pattern of 
the clay mineral total, smectite, and kaolinite26). Previous 
research also found that plants near the West Tugu Field 
did not grow well27). Therefore, detailed research on 
vegetation changes needs to be carried out; moreover, no 
studies have been published on vegetation changes and 
stress patterns in hydrocarbon fields in Indonesia. This 
study aimed to analyze the vegetation stress pattern in the 
West Tugu field, Northwest Java Basin, Indonesia, as 
generated from the spectral reflectance as well as a field 
survey and Landsat-8 operational land imager (OLI), to 
prove that the oil and gas reservoir is experiencing micro-
seepage, which can disrupt plant growth, that identified 
based on physical conditions, spectral reflectance, and 
vegetation indices. This study was carried out to complete 
the interaction between the presence of oil and gas fields 
and changes in vegetation above them to understand the 
biophysical consequences in nature28). The result is 
expected to be applied for hydrocarbon evaluation to 
improve geological evidence prior to drilling by analyzing 
prospects for seismic exploration results based on stress 
vegetation anomalies due to seepage as a manifestation of 
oil and gas gathering in reservoirs. This research could be 
the key to oil and gas exploration in Indonesia if it is 
proven to be successful in distinguishing prospects that 
are filled with oil and gas from those that are not based on 
surface micro-seepages. Moreover, the results of a study 
in the Denver Basin, Colorado, proved that of ten 
prospects ready to drill, only one contained an anomalous 
micro-seep found in commercial oil and gas29).  

 
2.  Materials and Methods 

The research was conducted in the West Tugu field in 
Indonesia’s West Java Province, located between 6° 31' S 
and 6° 38' S and 108° 6' E to 108° 14' E (Fig. 1). This area 
is part of Northwest Java basin, the prolific basin for oil 
and gas resources in Indonesia30). The field is covered with 
sugarcane plantations, and the crop is grown for 
approximately 1 year before harvesting27). The proven 
reservoirs for hydrocarbon production include the Upper 
Cibulakan and Parigi formations, and the source rock is 
derived from the Talang Akar Formation. The West Tugu 
field is a hydrocarbon field with an anticline trap type31). 

We employed Landsat-8 OLI, the standard terrain 
correction Level-1 Terrain (L1T) product, with path/row 
121/065. This data can be utilized for spatial variability 
analysis to characterize the details of the studied area and 
biomass values 32,33). The images were captured on 
September 25, 2015, and downloaded from the United 
States Geological Survey (https://earthexplorer.usgs.gov/). 
They were pre-processed with radiometric calibration and 
atmospheric correction using the fast line-of-sight 
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atmospheric analysis of hypercubes (FLAASH) method. 
Radiometric correction is a critical step in processing 
Landsat-8 OLI to obtain high-quality images34). 
Geometric correction was conducted with reference to the 
Indonesian topographic map at 1:25,000 scales. The 
resulting residual mean square error was 0.345. 

 

 
Fig. 1: Research location in the West Tugu field, Northwest 

Java Basin, Indonesia. 
 

The vegetation index is a remote sensing-based 
vegetation analysis for quantitative and qualitative 
evaluation of vegetation cover, vigor, growth dynamics, 
and other applications35). Among the several available 
vegetation indices, we employed six selected based on the 
coefficient of determination and standard deviation for 23 
vegetation indices36). Vegetation indices were utilized to 
analyze the vegetation stress on the Landsat-8 OLI, and 
leaf spectral reflectance is in Table 1. The leaf spectral 
reflectance was also analyzed using red-edge position 
(REP)37), and normalized difference vegetation index red-
edge (NDVI-RE)38). NDVI is an important algorithm for 
mapping plant distribution by comparing NIR and red 
bands39). Green difference vegetation index (GDVI) is a 
vegetation index that maps nitrogen in plants40). Enhanced 
normalized difference vegetation index (ENDVI) is a 
development of NDVI to represent the existence and 
condition of green vegetation and highlight aspects of 
vegetation density41). Leaf area index (LAI) is a vegetation 
index that estimates leaf cover, plant growth, and crop 
yields42). Structurally insensitive pigment index (SIPI) 
monitors plant health, detects plant stress, determines 
seasonal crop production, and performs crop yield 
analysis43). Visible atmospherically resistant index 

(VARI) estimates vegetation fractions with low sensitivity 
to atmospheric effects44). Red-edge position (REP) is an 
index used to estimate the wavelength of the red edge 
position, which is sensitive to changes in chlorophyll 
concentration 37,45). NDVI-RE is a vegetation index used 
for precision agricultural mapping, forest monitoring, and 
vegetation stress detection38). The results are expected to 
provide an overview of the vegetation stress pattern on the 
hydrocarbon ground surface, especially in the West Tugu 
field, Northwest Java Basin, Indonesia. 

The first field survey was conducted in March 2017 
using three survey lines that crossed the hydrocarbon field 
with 45 sample points (Fig. 1). The time of the survey was 
the end of the rainy season, so the soil, which is dominated 
by clay, is expected to become saturated and trap gas48). 
Another important consideration is that the sugarcane 
plant is in the third phase, or rapid growth phase27,49). 
Measurements of physical data (sugarcane height, clump, 
and segment number) and leaf spectral reflectance were 
determined at each sample point (Fig. 2). This 
measurement step was repeated three times at each sample 
point, and the average value was used as representative 
data for vegetation stress analysis. Spectral reflectance 
was measured on the leaf with optimal growth, 
characterized by a dark green color. The tool is a 
hyperspectral Field-Spec analytical spectral device (ASD) 
at wavelengths of 350–2500 nm. The second field survey 
was conducted in August 2017 to observe sugarcane 
growth around the hydrocarbon field. The challenges 
faced during the survey were damaged road conditions 
and social insecurity due to land ownership conflicts 
between residents and sugar companies in the study 
location. Therefore, two local workers were used to make 
the survey more manageable and avoid social conflicts 
with residents. 

Statistical analysis was conducted between the physical 
characteristics of sugarcane and vegetation indices from 
the Landsat-8 OLI and leaf spectral reflectance. This 
calculation uses linear regression and the coefficient of 
determination (R2). These results were then used to 
identify whether the vegetation indices were related to the 
physical characteristics of sugarcane or whether the 
change in the leaf's internal structure resulted from micro-
seepage on the ground surfaces. Although an indirect 
relationship may be found between the physical 
characteristics of sugarcane and leaf internal structure 
changes, both might have been equally affected by micro-
seepage. 
The vegetation stress pattern was analyzed descriptively 
to depict changes in vegetation characteristics due to the 
presence of micro-seepage on/or near the surface. This 
condition is indicated as a manifestation of hydrocarbons 
in the reservoir. This research was based on vegetation 
analysis using visual and physical field observations, 
vegetation index analysis using spectral reflectance, and 
Landsat-8 OLI.

 

-758-



EVERGREEN Joint Journal of Novel Carbon Resource Sciences & Green Asia Strategy, Vol. 11, Issue 02, pp756-770, June, 2024 

Table 1. Band ratios for vegetation analysis. 
Vegetation Indices Algorithms 

NDVI (normalized difference vegetation index)46) 
( )( + ) 

GDVI (green difference vegetation index)47)  

ENDVI (enhanced normalized difference vegetation 
index)41) 

( + ) (2 × )( + ) + (2 × )  

LAI (leaf area index)42) 3.618 + 2.5 × ( )( + (6 × ) (7.5 × ) + 1) 0.118  

SIPI (structurally insensitive pigment index)43) 
( )( )  

VARI (visible atmospherically resistant index)44) 
( )( + ) 

REP (red-edge position)37) 700 + 40 × ( + )2( )  

NDVI-RE (normalized difference vegetation index-red 
edge)38) 

( )( + ) 
 

  
(a) (b) 

  

(c) (d) 
Fig. 2: Field measurements (red outline indicates the measurement target), including (a) sugarcane height, (b) sugarcane clump, 

(c) sugarcane segment, and (d) upper leaf surface measured with ASD hyperspectral instrument. 
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Potential hydrocarbon seepage is identified based on an 
analysis of the physical condition of vegetation, Landsat-
8 OLI data vegetation index, and spectral reflectance. The 
steps taken include: (1) describing the results of physical 
observations of vegetation spatially in three cross sections. 
(2) identify the physical condition of the vegetation at 
each point and analyze the anomalies that occur. (3) The 
results of the vegetation index from Landsat-8 OLI data 
and spectral reflectance were also sampled at the same 
location as physical field observations with 3 cross 
sections to identify the vegetation anomalies on the oil and 
gas fields. (4) Overlay with oil and gas field data 
conducted to analyze the pattern of vegetation stress. (5) 
Based on the anomaly pattern, a descriptive model of oil 
and gas field anomalies was created, supported by existing 
concepts from previous research. The challenge in this 
research is that Landsat-8 OLI data has a spatial resolution 
of 30m x 30m, even though the survey was carried out 
based on sampling points per plant clump. However, the  
uniform condition of the sugarcane plants per plot with an  
 

area of around 250 m x 250 m means that the sampling 
results can be considered representative of that plot.  

 
3.  Result and Discussion 
3.1.  Physical characteristics of vegetation  

The physical characteristics of sugarcane resulting from 
the field survey are illustrated in Fig 3. The height ranged 
from 1.2 m to 4.1 m, with an average value of 2.8 m and a 
standard deviation of 0.8. Further, the number of clumps 
ranged from 2 to 27 trees with an average value of 11 and 
a standard deviation of 4.9, and the number of segments 
ranged from 2 to 19 with an average value of 10 and a 
standard deviation of 5.3. The taller sugarcane tended to 
occupy the field's northwestern and outer section areas, 
while the shorter sugarcane grew in a circular pattern from 
the southern to northeastern peripheries. Generally, the 
sugarcane in the middle tended to be taller than that on the 
southern peripheries but shorter than that the northwestern 
peripheries. 

  

(a) (b) 

 

Legend: 

 

 

(c)   

Fig 3: Graphs showing the physical characteristics of sugarcane; (a) sugarcane height, (b) sugarcane clumps, and (c) sugarcane 
segments. 

 
The densest clumps were observed in the northwestern 

area, whereas the least dense clumps grew circularly from 
the south to the northeastern peripheries. Overall, the 
sugarcane clumps in the middle were denser than those on 
the peripheries but less dense than those in the 
northwestern area of the field. The highest sugarcane 
segment distribution was observed in the northwestern 

area of the field, and the lowest was observed from the 
south to the eastern peripheries. Sugarcane exhibited 
stunted growth with a low density on the peripheries, as 
depicted by points 11, 18, 29, 33, 40, and 43 in Fig. 4. In 
August, five months after the field survey, sugarcane on 
the southern peripheries was yellowish, dry, or not 
harvestable, indicating the existence of micro-seepage, 
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that confirmed in the survey results, where: (1) survey line 
A, the average tree height in the active oil and gas well 
area is 1.6 m, while outside the active oil and gas well is 
2.9 m; (2) survey line B, which is located outside active 
oil and gas wells, has an average sugarcane tree height of 
2.8 m; and (3) survey line C, the average height of 
sugarcane trees around active oil and gas wells is 1.0 m 

and outside active oil and gas wells is 2.6 m (Fig. 3). The 
survey results also found gas seeps, and oil seeps around 
hydrocarbon wells (Fig. 4). Gas seepage is characterized 
by the presence of gas bubbles in the water, while oil 
seepage appears black and thick. In locations where 
seepage occurs, the condition of the vegetation does not 
grow well. 

 

 
Fig. 4: Images of sugarcane around the hydrocarbon field showing stunted plant growth with low density on the peripheries. 

 
3.2 Vegetation anomaly mapping 

The results showed that the index values in NDVI, 
GDVI, ENDVI, LAI, and VARI on Landsat-8 OLI 
revealed the same patterns, which are higher in the 
outside- peripheries area and lower in the peripheries area 
(Figs. 5 and 6). The detailed vegetation index values are 
as follows: (1) The NDVI values of vegetation areas are 
0.2 to 0.73, with the values in the peripheries areas being 
0.2 to 0.3; (2) the GDVI values of vegetation areas are 
0.06 to 0.39, with the values in the peripheries areas being 
0.06 to 0.13; (3) the ENDVI values of vegetation areas are 
0.21 to 0.64, with the values of peripheries areas being 
0.21 to 0.37; (4) the LAI values of vegetation areas are 0.1 
to 1.1, with the values of peripheries areas being 0.1 to 
0.5; and (5) the VARI values of vegetation areas are -0.32 
to 0.16, with the values of peripheries areas being -0.2 to 

-0.11. These results conform to the physical 
characteristics of sugarcane discussed above. Based on the 
detailed pattern, the vegetation index values in the middle 
area were higher than those on the peripheries but lower 
than those in the outside- peripheries area. In contrast, the 
structurally insensitive pigment index (SIPI) value was 
high on the peripheries (Fig. 5e and  

Fig. 7b). The high SIPI indicated high carotenoid 
content that led to a decline in vegetation health. Hence, 
these indices serve as indicators of vegetation stress43). 

The VARI values were lower and more uniform than 
those of the other vegetation indices due to the use of the 
visible wavelength for analysis. Where the low spectral 
reflectance values of the visible wavelength caused a 
lower band ratio between those channels than that found 
for the other vegetation indices (Fig. 5f and Fig. 7f). This 
result differed from those observed for the near-infrared 
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(NIR) band ratio and red channels44). The results derived 
from the detailed observation of vegetation indices on 
Landsat-8 OLI at 45 sample points on the three survey 
lines are illustrated in Figs. 6 and 7. Overall, high values 

for NDVI, GDVI, ENDVI, LAI, and VARI were found on 
the outside- peripheries area, while low values were found 
on the south to the eastern peripheries, forming a circular 
pattern (Figs. 6b–6f).

  

(a) (b) 

  

(c) (d) 

  

(e) (f) 
Legend: 

 

Fig. 5: Map of the vegetation indices around West Tugu field obtained from the Landsat-8 OLI; (a) NDVI, (b) GDVI, (c) ENDVI, (d) 
LAI, (e) SIPI, and (f) VARI. 

 
The different values of SIPI on Landsat-8 OLI were 

unclear; however, high values tended to occupy the 
peripheries areas (Fig. 7a). The values of SIPI for 
vegetation areas are 1.0 to 2.0, and the values for 
peripheries areas are 1.5 to 2.0. While SIPI values on leaf 
spectral reflectance recorded by ASD were very clear; 
high values tended to occupy the middle – near peripheries 
area (Fig. 7b). The dominant low values for the vegetation 

indices tended to occupy the middle to near peripheries 
areas, forming a circular "halo" pattern. This pattern 
indicated intensive of micro-seepage.  

The results of the spectral reflectance of leaves, which 
was recorded using ASD, are illustrated in Fig. 6a. The 
leaf spectral reflectance readouts at sample points 11, 12, 
38, and 39 were high in the NIR region, aligning with the 
research reported in the previous50). Parallel to the 
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reflectance pattern, survey line 1 showed that the leaf 
spectral reflectance at visible wavelengths increased from 
the middle to the eastern peripheries area of the field. 
Further, survey line 2 showed that the leaf spectral 
reflectance at visible wavelengths increased from the 

south to the eastern peripheries area of the field, and 
survey line 3 showed that the leaf spectral reflectance at 
visible wavelengths increased from the middle to the 
southern peripheries of the field.

Survey line 1 Survey line 2 Survey line 3 

 
(a) 

 
(b) 

(c) 

(d) 

(e) 

(f) 

Fig. 6: Leaf spectral reflectance recorded by ASD in the three survey lines and vegetation index results in the survey lines 
on leaf spectral reflectance and Landsat-8 OLI. (a) spectral reflectance readouts, (b) NDVI, (c) GDVI, (d) ENDVI, (e) 

LAI, and (f) VARI. Survey lines have been depicted by Fig. 1 
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We performed an additional analysis using REP and 
NDVI-RE on the leaf spectral reflectance resulting from 
ASD. Those analyses were conducted to confirm that 
vegetation stress existed as an impact of micro-seepage. 
The REP results ranged from 705 to 722 nm, with an 
average value of 717 nm (Fig. 7c). In survey line 1, the 
REP changes showed the same pattern as the vegetation 
index on leaf spectral reflectance. The REP shifted to a 
shorter wavelength at leaf spectral reflectance in the 
middle hydrocarbon and peripheries areas. However, the 
REP still had higher wavelength values in the middle area 
than those obtained in the peripheries areas. This 

condition was also observed in survey lines 2 and 3. Our 
results confirmed the previous research, revealing that the 
changes in leaf spectral reflectance due to natural gases 
led to a REP shift toward shorter wavelengths 9,50). The 
NDVI-RE also had the same pattern as the REP and other 
vegetation indices on leaf spectral reflectance (Fig. 7d). 
These findings confirmed that the sugarcane experienced 
different levels of stress, with more stress on the 
peripheries and the middle areas than those on the outside- 
peripheries area, indicating that micro-seepage influenced 
the sugarcane in the hydrocarbon field.

   
Survey line 1 Survey line 2 Survey line 3 

 

(a) 

 

(b) 

 
(c) 

 
(d) 

 
 

Fig. 7: Vegetation index results in the survey lines on leaf spectral reflectance and Landsat-8 OLI. (a) SIPI on Landsat-8 OLI, (b) 
SIPI on leaf spectral reflectance, (c) REP, and (d) NDVI-RE. Survey lines have been depicted by Fig. 1. 
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3.3  Correlation between physical characteristics of 
plant and vegetation indices  

The highest correlation among the physical 
characteristics of sugarcane was found between sugarcane 
height and the number of segments, with an R2 of 0.687. 
The correlation between sugarcane height and clumps had 
an R2 of 0.196. The correlation between the physical 
characteristics of sugarcane and vegetation indices was 

generally low. The highest correlation was found between 
sugarcane height and NDVI-RE, R2 = 0.244 (Table 2). The 
correlation of the physical characteristics of sugarcane and 
vegetation indices was lower in the Landsat-8 OLI than in 
the leaf spectral reflectance (Table 2). Due to the spectral 
reflectance on the Landsat-8 OLI was produced not only 
from the pure leaf spectral reflectance but also from the 
combination of objects existing in the 1-pixel size. 

 
Table 2. Values for the coefficient of determination (R2) between the physical characteristics of sugarcane and vegetation indices. 

Data Vegetation Index 
The physical characteristics of sugarcane  

Height (R2) Clump (R2) Segment (R2) 

Landsat-8 OLI 

ENDVI 0.003 0.072 0.008 
GDVI 0.003 0.108 0.001 
NDVI 0.000 0.020 0.032 
LAI 0.000 0.064 0.016 
SIPI 0.020 0.002 0.031 
VARI 0.005 0.191 0.030 

Spectral Reflectance from ASD 

ENDVI 0.043 0.023 0.003 
GDVI 0.012 0.016 0.022 
NDVI 0.079 0.028 0.009 
LAI 0.012 0.019 0.125 
SIPI 0.001 0.038 0.008 
VARI 0.005 0.091 0.000 
REP 0.137 0.006 0.025 
NDVI-RE 0.244 0.046 0.077 

 
Based on the coefficient of determination, we estimated 

that the leaf spectral reflectance is generally more 
influenced by the internal structure and leaf pigment. The 
impact of physical characteristics of trees such as height, 
number of clumps, or segments on spectral reflectance 
tends to be low. These results align with previous research, 
where the hydrocarbon can cause chlorophyll degradation, 
water content, and leaf structure6,9,14,51). Hydrocarbons can 
affect vegetation through the root system by absorbing 
water and minerals for photosynthesis9). Hydrocarbons 
also affect vegetation by binding to soil chemical elements 
that cause hydrocarbon-oxidizing bacteria to increase and 
produce more CO2 and organic acids, resulting in changes 
in pH and oxidation-reduction potential in the soil12). 
Besides that, several oil and gas fields are sources of 
CO2

52).This condition causes the plant root structure 
system to change, and the vegetation experiences stress, 
stunted growth, reduced chlorophyll in leaves, and plant 
death9,12,13,15). 

 
3.4  Impact of hydrocarbon seepage 

The leaf spectral reflectance of the sample points in Fig. 
6a indicated different values in the visible wavelength and 
the shortwave infrared regions. This result indicated that 
the effect of micro-seepage could be analyzed based on 
the sugarcane leaf spectral reflectance in the visible 
wavelength area, which had higher values in the middle 
area than in the outside-peripheries areas. The results align 
with previous research, revealing that micro-seepage 

leads to increased values of leaf spectral reflectance in the 
visible wavelength area and decreased values in the NIR 
area 9).  

The analysis of vegetation indices on Landsat-8 OLI 
(Figs. 6b–6f and 7a) and the leaf spectral reflectance (Figs. 
6b–6f and 7b–7c) indicated a consistent change in the 
sugarcane conditions in the hydrocarbon field, 
characterized by altered index values. Vegetation indices 
were generated by comparing the spectral reflectance of 
the visible and NIR wavelengths. These wavelengths are 
sensitive to changes in vegetation conditions, including 
biochemical and biophysical characteristics caused by 
micro-seepage50). The REP and NDVI-RE (Fig. 7c–7d) 
analyses also confirmed the results for NDVI, GDVI, 
ENDVI, LAI, SIPI, and VARI; the results were more 
sensitive in detecting changes in vegetation stress because 
the REP information can be used to monitor the vegetation 
stress conditions53). The indication of vegetation stress is 
revealed at the REP, which shifts toward shorter 
wavelengths with the decrease in the level of leaf 
chlorophyll due to micro-seepage9). Additionally, NDVI-
RE had the same index values as the other vegetation 
indices, indicating that NDVI-RE was highly responsive 
to even the slightest changes in the ratio of chlorophyll a 
and b; hence, it is useful for the early detection of 
vegetation stress53). 

The analysis of vegetation indices on the Landsat-8 OLI 
and leaf spectral reflectance revealed that the lowest value 
was found in the peripheries areas of the hydrocarbon field, 
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indicating a high zone of micro-seepage around the 
peripheries areas of the field. This condition aligns with 
previous research, where in the seepage zone, plant 
growth is stunted, and further away from oil and gas fields, 
the plants grow well13,21,54,55). Zuhui et al.'s research 
confirms that vapor migration occurs intensively at the 
edge of the field and then forms gas seepage velocity near 
the surface56). In addition, at the edge of the field, there is 
also the enrichment of radon, illite, uranium, thoron, delta 
carbon, gypsum, cobalt, chromium, nickel, lead, arsenic, 
zinc, copper, vanadium, molybdenum, thallium, gallium, 
and magnetic minerals57). 

 
3.5  Vegetation stress pattern 

Spatial analysis of the vegetation index on Landsat-8 
OLI showed that the change in sugarcane spectral 
reflectance was indicated as the impact of the presence of 
micro-seepage (Fig. 5). The low values for the vegetation 
indices affirmed plant stress conditions characterized by 
stunted growth and low-density. This condition aligns 
with the sampling plot of the vegetation indices on 
Landsat-8 OLI, which provided an overview of the effect 
of micro-seepage on sugarcane (Figs. 6 and Fig. 7). Further, 
the results of the vegetation indices on the leaf spectral 
reflectance and physical characteristics of sugarcane (Fig 
3, Fig. 4, and Fig. 5) strengthened the analysis results from 
the Landsat-8 OLI on the vegetation indices regarding the 
presence of micro-seepage. A combination of Landsat-8 
OLI and leaf spectral reflectance recorded with ASD was 
useful for assessing the vegetation stress pattern.  

Based on the analysis of the vegetation indices and 
physical characteristics of sugarcane, micro-seepage was 
concluded to have occurred on the field surface; this was 
identified based on low vegetation index values, low plant 
density, and stunted plant growth in the south and eastern 
areas. Additionally, the changes in clay minerals that 
occurred in the surface soil of the hydrocarbon field may 
have indicated the presence of micro-seepage26). Previous 
research pointed out that the presence of hydrocarbon 
seepage results in stunted plant growth and decreased 
density58). The stress condition was also verified by the 
high leaf spectral reflectance in the visible region obtained 
from ASD measurements. This finding was consistent 
with the previous research on vegetation stress due to the 
impacts of hydrocarbon seepage13,21,25). 

The vegetation stress pattern on the hydrocarbon field 
based on the vegetation indices from the Landsat-8 OLI, 
leaf spectral reflectance, and physical characteristics of 
sugarcane revealed that the most stressed vegetation 
occurred on the peripheries areas, indicating the presence 
of intensive micro-seepage (Fig. 8). This result is 
consistent with the distribution of radon emissions near 
the oil and gas field surface, which tends to be higher at 
the edge of the field59). Previous research  confirmed that 
vegetation stress was dominant at the peripheries of the 
field13,21). In these areas, the hydrocarbon diffusion 
process migrates vertically12,54), the chimney column 

extends from the middle to peripheries areas to enable 
migration of the hydrocarbon to the surface13), and the 
fracture increases at the structural margin owing to the 
rock compactness difference57), vapor gas migration56), 
hydrocarbon content enrichment, mineralization, paraffin 
dirt, waxes, salt metals, and microbes57). The vegetation is 
still affected in the middle areas, where the micro-seepage 
migrates vertically to the likely impermeable areas 
through diffusion processes54,60) or the chimney 
column13,60). This chimney column causes hydrocarbons 
to migrate within a relatively short time61).  

 

 
 

Fig. 8: Vegetation stress pattern in the West Tugu field based 
on the vegetation index, spectral reflectance, and physical 

characteristics. 
 
This research can be employed to confirm the presence 

of hydrocarbons in onshore drillable prospects in 
hydrocarbon basins in Indonesia. Before drilling an 
exploration well, a surface anomaly study should be 
carried out to identify the presence of micro-seepage as an 
indication of the presence of oil and gas in the reservoirs. 
Observations of the expression of oil and gas structures 
that sometimes appear on the surface also need to be 
carried out to support the study of surface anomalies62). 
The positive anomaly shown by the vegetation stress 
around the hydrocarbon field could provide concrete 
evidence for increasing the success of drilling. The 
advantage of surface anomalies for detecting hydrocarbon 
seepage is also suggested to be conducted to enhance the 
success ratio of exploration drilling61). Based on a review 
of more than 1100 wildcat wells, more than 80% of the 
wells resulted in positive commercial discoveries based on 
the anomaly, and only 11% of wells were drilled without 
the association of such anomalies that resulted in 
hydrocarbon discoveries. Other researchers also 
confirmed that the success ratio of prospects with a micro-
seepage anomaly was nearly 82% of the hydrocarbon 
discoveries63).  

The results of this research can also be used for 
environmental monitoring. The existence of vegetation 
anomalies proves that in oil and gas fields, seepage can 
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occur, which has the potential to cause emissions and 
increase global warming55). Hydrocarbon seep is also one 
of the sources of greenhouse gases in the form of methane 
and propane gas enrichment in the environment64). 
Research in America shows that the upstream oil and gas 
industry is a source of of enrichment of methane and 
propane gas in the environment65). Around 25% of oil and 
gas accumulation in reservoirs is estimated to be lost 
slowly over a long geological time66).  

 
4.  Conclusion 

Based on the analysis of the Landsat-8 OLI, leaf 
spectral reflectance, and physical characteristics of 
sugarcane on the hydrocarbon field, we conclude that the 
stressed vegetation was identified as the impact of micro-
seepage on the ground surface. Micro-seepage originates 
from reservoirs migrating to ground surfaces. The pattern 
exhibited that the most stressed vegetation occurred in the 
peripheries areas, followed by the middle areas. This 
pattern indicates that micro-seepage was more intense in 
the peripheries areas than in the middle areas. This 
evidence can also be seen physically based on the 
condition of plants experiencing stress and stunting at the 
edge of the field, which is also confirmed by various 
vegetation indices that show low index values at the edge 
of the field. In future research, a comprehensive analysis 
should be conducted via measurement and analysis of the 
amount of hydrocarbon in soil and enrichment of oil 
biodegradation bacteria. This comprehensive research 
will provide more definitive evidence for the presence of 
micro-seepage on the ground surface. 
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Nomenclature 

OLI operational land imager 
NDVI indices normalized difference vegetation 

index 
GDVI green difference vegetation index 

ENDVI enhanced normalized difference 
vegetation index 

LAI leaf area index 
VARI visible atmospherically resistant index 
REP red-edge position 
NDVI-
RE 

NDVI red-edge 

EH oxidation-reduction potential 
SAVI soil-adjusted vegetation index 
ARVI adjusted resistant vegetation 
G green 
NIR near Infrared 
SWIR Shortwave infrared 
FLAASH fast line-of-sight atmospheric analysis of 

hypercubes 
SIPI structurally insensitive pigment index 
ASD analytical spectral device 
R2 the coefficient of determination 

 Reflectance 750 nm (band 750 nm) 

nm nanometer 
m meter 
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