
Published: 22 February 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Proceeding Paper

Satellite Vegetation Monitoring Challenges for Oil Pollution in
the Niger Delta Community †

Jennifer Akuchinyere Anucha 1 , Bhaskar Das 2, Sandhya Patidar 1 , Ambrose Onne Okpu 3,
Ikenna Light Nkwocha 4 and Bhaskar Sen Gupta 1,*

1 Department of Civil Engineering, School of Energy, Geoscience, Infrastructure and Society, Heriot-Watt
University, Edinburgh EH14 4AS, UK; ja4008@hw.ac.uk (J.A.A.); s.patidar@hw.ac.uk (S.P.)

2 Department of Civil Engineering, Central University of Haryana (CUH), Mahendergarh 123031, India;
bhaskardas@cuh.ac.in

3 Department of Mechanical Engineering, School of Engineering and Physical Sciences, Heriot-Watt University,
Edinburgh EH14 4AS, UK; onne_ambrose.okpu@hw.ac.uk

4 Department of Microbiology, Faculty of Sciences, University of Port Harcourt, Port Harcourt 500272, Nigeria;
drnkwochail@gmail.com

* Correspondence: b.sengupta@hw.ac.uk
† Presented at the 6th International Electronic Conference on Applied Sciences, 9–11 December 2025; Available

online: https://sciforum.net/event/ASEC2025.

Abstract

Monitoring vegetation and land cover changes over time in oil-impacted regions is crucial
for assessing ecological degradation and informing remediation options. This study aimed
to identify the challenges encountered when using Landsat imagery to detect changes
in vegetation health and land cover in Bodo, a hydrocarbon-impacted community in the
Niger Delta region of Nigeria, over a 20-year period. Landsat 7 ETM+ and Landsat 8
OLI imagery were used to derive the Normalised Difference Vegetation Index (NDVI),
Normalised Difference Water Index (NDWI), and Normalised Difference Built-up Index
(NDBI) from 2003 to 2023. Data continuity was affected by the Landsat 7 Scan Line
Corrector malfunction in the 2008 images and by high cloud coverage in the Landsat 8
OLI 2013 images. Hence, 2008 and 2013 were excluded from the analysis, limiting multi-
year comparisons. Results from the available years indicated that NDBI values increased
gradually, suggesting minor urban expansion. Stable but low NDWI levels suggest water
stress, while changing NDVI values indicate alterations in vegetative health. However, this
study highlights observable environmental changes and the challenges involved in using
satellite imagery for environmental monitoring in oil-impacted regions, underscoring the
need for improved cloud-masking methodologies and radar datasets to enhance long-term
environmental assessment.

Keywords: environmental monitoring; oil pollution; Landsat; remote sensing; vegetation;
Niger Delta

1. Introduction
Oil production is the key driver of Nigeria’s economy, accounting for around 80%

of the country’s earnings [1]. Crude oil components are mainly extracted from the Niger
Delta region of the country [2]. Despite Nigeria’s abundance of natural resources, oil has
emerged as the main driver of the nation’s GDP and wealth since its discovery in 1956 at
Oloibiri, Bayelsa State, and its commercial production in 1958 [3,4].
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Although the Niger Delta’s oil production has significantly boosted the nation’s
economy by generating substantial foreign exchange revenues, it also has shortcomings.
The incidence of oil spills has had a terrible impact on Nigeria’s Niger Delta region, causing
severe environmental deterioration and disruption to residents’ lives. In 2008, the Bodo
village in Rivers State, in the Niger Delta, experienced two massive oil spills caused by a
damaged Shell pipeline. The first oil spill occurred in August 2008 and lasted about 3 weeks,
while the second occurred in December 2008 and lasted about 10 days. The spill released
an estimated 60,000 barrels of oil into the environment, inflicting widespread ecological
damage [5]. The oil spill was observed to alter the physicochemical characteristics of Bodo
Creek and the aquatic fauna [6–8]. These environmental challenges underscore the need
for effective and sustained monitoring of oil-impacted ecosystems.

Petroleum exploration has caused recurring environmental, social, and physical disas-
ters in the Niger Delta, which have worsened over time due to insufficient monitoring and
assessment [9,10]. Field-based environmental monitoring techniques are time-consuming,
expensive, and limited in scope, making them unsuitable for regional, national, and global
monitoring [11]. Implementing field-based approaches can also be challenging in remote
areas because of security concerns or inaccessible terrain [12]. However, satellite remote
sensing is a crucial technique for assessing vegetation health, as it overcomes the limitations
of field-based methods [13]. Spatial technologies and remote sensing have been recognised
as powerful and effective tools for environmental monitoring [14]. Satellite remote sensing
has been very useful for monitoring land cover changes by tracking vegetation health, sur-
face water movement, and urban growth, using indices such as the Normalised Difference
Vegetation Index (NDVI), Normalised Difference Water Index (NDWI), and Normalised
Difference Built-up Index (NDBI).

In the Niger Delta, several studies have demonstrated the usefulness of GIS and re-
mote sensing in detecting environmental change. For example, GIS and remote sensing
were used to assess environmental changes in the Niger Delta’s coastal regions, revealing
significant transformations driven by oil and gas exploration, urbanisation, and infrastruc-
ture development. Wetland loss in coastal regions, vegetation degradation, and pollution
were observed to be the major impacts of unguided economic development and inefficient
environmental management [10]. Another study employed Landsat-based NDVI to assess
the impact of oil spills on vegetation in the Niger Delta, thereby overcoming the limitation
of limited ground access [12]. While these studies demonstrate the usefulness of remote
sensing for detecting environmental change in the Niger Delta, limited attention has been
paid to the technical constraints associated with satellite imagery and remote sensing.

The effects of cloud cover on satellite data collection have been documented in the
literature. While cloud shadows reduce surface illumination, most studies have confirmed
that clouds block viewing across all solar wavelengths and that reflections from cloud
edges frequently affect the portion of the surface not directly beneath a cloud, distorting
the surface’s actual reflectivity [15]. Furthermore, research has long demonstrated how
cloud cover affects satellite data applications. Cloud cover has been identified by most
of these studies as a primary source of error in the computation of various surface pa-
rameters from optical remote sensing data [16–19]. According to numerous studies, cloud
cover and its shadows pose the greatest challenge to most land-surface remote-sensing
applications, making it more difficult to observe land-surface biophysical characteristics,
particularly in tropical regions. In addition to persistent cloud cover, sensor malfunctions
and temporal data gaps are technical constraints that can significantly affect the reliability
of multi-temporal spectral analysis, yet they are often underreported in environmental
change studies.
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This study addresses these gaps by examining the challenges encountered when using
Landsat satellite imagery to conduct a multi-temporal spectral analysis of vegetation and
land-cover changes in an oil-polluted area in the Niger Delta from 2003 to 2023. Unlike
previous studies that primarily emphasise environmental change detection, this study
places emphasis on understanding not only the environmental changes occurring in the
Niger Delta but also the technical and practical challenges encountered when using satellite
imagery to monitor them over time. It highlights how sensor availability, scan-line errors,
and cloud contamination can make spectral index analysis and interpretation less reliable.

2. Materials and Methods
2.1. Study Area

This study was conducted in the Niger Delta region of Nigeria, focusing on the
Bodo community in the Gokana Local Government Area (LGA) of Rivers State. Bodo is
a traditional, rural, coastal Ogoni village located at latitude 4836′ N and longitude 7821′

E (Figure 1). It is home to a network of brackish water creeks, mangrove swamps, and
an island forest known as Bodo Creek [20]. The Niger Delta lies in Southern Nigeria,
where the River Niger divides into numerous smaller streams before merging with the
Atlantic Ocean. It encompasses nine states: Abia, Akwa Ibom, Bayelsa, Cross River, Delta,
Edo, Imo, Ondo, and Rivers [2,21]. The region is characterised by diverse ecosystems,
including mangroves, freshwater swamps, tropical lowland forests, and estuaries. The
Bodo community in the Niger Delta has suffered severe environmental degradation due to
extensive oil and gas exploration and exploitation. Thus, it provides a suitable location for
studying long-term ecological change, as satellite remote sensing techniques can identify
these changes over time.

2.2. Data Collection

In this study, satellite imagery was obtained from the Landsat dataset (U.S. Geological
Survey (USGS), Reston, VA, USA). Landsat is indispensable for long-term environmental
monitoring in this study because of its unparalleled historical archive, which extends
back to the early 1970s and enables multi-decadal environmental analysis not possible
with newer satellite missions. Landsat imagery for the study area was obtained from the
USGS Earth Explorer repository (U.S. Geological Survey, Reston, VA, USA). www.usgs.gov
(accessed on 20 June 2025) for the period 2003–2023, with 5-year intervals (i.e., 2003, 2008,
2013, 2018, and 2023). Due to the unavailability of Landsat 5 data for the study area, Landsat
7-ETM imagery was obtained for 2003 and 2008 (the 2008 imagery had scan-line corrector
errors). In contrast, Landsat 8-9 OLI/TRS satellite imagery was acquired for 2013, 2018
and 2023. The images were collected from collection 2, level 1, maintaining the same path
and row for all images obtained (188/057). Efforts were made to ensure the images were
acquired during the same season—Nigeria’s dry season, with no more than 20% cloud
cover for the same path and row of images, except for 2013, where images available for the
selected path and row fell outside the dry season and had cloud cover exceeding 20% for
the chosen path and row (Table 1). The footprint of the acquired imagery covered the entire
Bodo community and other areas of Rivers State in the Niger Delta region.

Table 1. Specifications of Landsat data collected.

Year Satellite Sensor Acquisition Date Path/Row Resolution Cloud
Cover Remarks

2003 Landsat 7 ETM 8 January 2003 188/057 30 m 1.0 Suitable for use
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Table 1. Cont.

Year Satellite Sensor Acquisition Date Path/Row Resolution Cloud
Cover Remarks

2008 Landsat 7 ETM 26 March 2008 188/057 30 m 2.0 Unusable due to the Scan Line
Corrector (SLC)

2013 Landsat 8 OLI 19 May 2013 188/057 30 m 41.74 Unusable due to high cloud cover

2018 Landsat 8 OLI 25 January 2018 188/057 30 m 18.22 Suitable for use

2023 Landsat 8 OLI 16 February 2023 188/057 30 m 10.14 Suitable for use

Figure 1. Location of the study area (Bodo) in relation to Nigeria.
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2.3. Computation of Spectral Indices

The Landsat images were loaded into QGIS 3.40.3 (QGIS Development Team, Zurich,
Switzerland) and processed using modules for satellite imagery and raster data process-
ing. Normalised Difference Vegetation Index (NDVI), Normalised Difference Water Index
(NDWI), and Normalised Difference Built-up Index (NDBI) were analysed using the appro-
priate bands and formulae for each index in the raster calculator of QGIS (Table 2). After
this, the results were clipped to the study area (Bodo) shapefile, and spectral maps were
created for each index using appropriate symbology.

Table 2. Spectral indices, formulas and band combinations used.

Spectral
Index Satellite Formula Band Combination

NDVI
Landsat 7 (NIR − Red)/(NIR + Red) (B4 − B3)/(B4 + B3)
Landsat 8 (NIR − Red)/(NIR + Red) (B5 − B4)/(B5 + B4)

NDWI
Landsat 7 (Green − NIR)/(Green + NIR) (B2 − B4)/(B2 + B4)
Landsat 8 (Green − NIR)/(Green + NIR) (B3 − B5)/(B3 + B5)

NDBI
Landsat 7 (SWIR − NIR)/(SWIR + NIR) (B5 − B4)/(B5 + B4)
Landsat 8 (SWIR − NIR)/(SWIR + NIR) (B6 − B5)/(B6 + B5)

2.4. Statistical Analysis

Descriptive statistics and visual representations of trends were employed to evaluate
temporal changes in land cover in the study area. Bar charts were plotted using the
minimum and maximum values of the index. At the same time, line graphs were generated
using the mean values of the indices NDVI, NDWI, and NDBI generated from QGIS
software to illustrate the relative temporal trends in vegetation, water, and built-up areas in
the Bodo community, thereby highlighting how the different land cover types have evolved
in relation to one another.

3. Results and Discussion
The analysis of satellite-based spectral indices (NDVI, NDWI, and NDBI) in the Bodo

community was successful for 2003, 2018, and 2023, but was constrained by data-related
challenges, including the Scan Line Corrector failure in 2008 and high cloud cover in
2013. Each calculated spectral index (NDVI, NDWI, and NDBI) ranges between −1 and
+1. Values approaching +1 indicate stronger dominance of the target feature (e.g., healthy
vegetation for NDVI, surface water for NDWI, or built-up areas for NDBI). In contrast,
values close to −1 represent the opposite spectral response. For successful years (2003,
2018 and 2023), spectral maps were created to show changes in land cover over the study
period. For NDVI, green areas on the map represent positive values, depicting dense
vegetation; lighter tones represent sparse vegetation, bare soil, or built-up areas. In contrast,
reddish tones represent areas with negative values, depicting water bodies (Figure 2).
The maximum NDVI decreased from 0.292035 in 2003 to 0.224782 in 2023, indicating a
reduction in healthy vegetation over time, which could be due to oil and gas activities in
the area. NDWI maps for the successful years (2003, 2018 and 2023) also show changes in
water bodies and moisture content across the study area over the years. Blue areas on the
map indicate positive values, depicting water bodies, flooded vegetation, or moisture. At
the same time, reddish and brown tones represent bare land or built-up areas, as seen in
Figure 3. Again, the maximum NDWI decreased from 0.27027 in 2003 to 0.0739718 in 2023,
suggesting the presence of water stress in the study area over the period observed. Figure 4
illustrates the NDBI map for the study years, showing changes in urban or built-up areas
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over time, with darker tones representing positive values. The NDBI values also suggest
an increase in built-up areas and urbanisation across the study area over time.

Figure 2. NDVI maps for (A) 2003, (B) 2018, and (C) 2023.

Figure 3. NDWI maps for (A) 2003, (B) 2018, and (C) 2023.
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Figure 4. NDBI maps for (A) 2003, (B) 2018, and (C) 2023.

The unavailability of Landsat 5 imagery for the study area in 2003 and 2008 neces-
sitated the use of Landsat 7 ETM+ data for these two years. However, the 2008 imagery
was adversely affected by the failure of the Scan Line Corrector (SLC), which occurred
on Landsat 7 on 31 May 2003 [22]. This resulted in data gaps that appeared as diagonal
striping across the images, leading to the loss of valid observations in portions of the
scenes (Figure 5). This rendered the 2008 data unsuitable for reliable analysis; therefore, it
was excluded.

Figure 5. Scan Line Corrector failure in 2008 images for (A) NDVI, (B) NDWI, and (C) NDBI.

In addition, excessive cloud cover (41.74%) compromised the quality of the selected
Landsat 8 images for the 2013 analysis. Dry season scenes were unavailable for the selected
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path/row in 2013. This resulted in the use of wet-season Landsat 8 images with a cloud
cover of 41.74%. Excessive cloud cover compromised the quality of the selected Landsat 8
images, rendering the 2013 dataset unsuitable for analysis and leading to the exclusion of
those images, further limiting usable datasets (Figure 6).

Figure 6. Images of contamination with high cloud cover in 2013 for (A) NDVI, (B) NDWI, and
(C) NDBI.

These challenges reflect the persistent atmospheric moisture and frequent cloud for-
mation characteristic of the Niger Delta, which significantly restricts the availability of
cloud-free optical imagery. Cloud cover has been reported by most authors as a primary
source of error in the computation of indices from remote sensing data [16–19].

Consequently, temporal inconsistencies and gaps emerged in the time series, limiting
the continuous long-term assessment of trends, as shown in Figures 7 and 8. Despite these
limitations, analysis of the available datasets reveals significant differences in the minimum
and maximum values of NDVI, NDWI, and NDBI across the study years, indicating increas-
ing variability in vegetation cover, moisture and built-up intensity over time. In particular,
the increasing differences between the maximum and minimum values suggest spatial
heterogeneity in the land cover dynamics of the study area (Figure 7). Additionally, as
illustrated in Figure 8, the upward trend in NDBI values between 2018 and 2023 indicates a
gradual increase in built-up areas; the corresponding fluctuations in NDVI reflect variability
in vegetation health and the relatively lower NDWI values suggest persistent surface water
stress during the later years of the study period. These trends indicate sustained ecological
pressure on the Bodo community, likely linked to ongoing anthropogenic activities and
long-term environmental degradation associated with oil pollution in this region [5].
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Figure 7. Bar graph illustrating gaps in minimum and maximum NDVI, NDWI and NDBI values
from 2003 to 2023.

 

Figure 8. Line graph illustrating gaps in the relationship between NDVI, NDWI and NDBI over the
study years.

4. Conclusions
Multi-temporal Landsat-derived NDVI, NDWI and NDBI from 2003 to 2023 revealed

changes in vegetation health, water stress and the expansion of built-up areas in the
Bodo community, demonstrating ongoing ecological changes driven by oil-related and
anthropogenic activities.

Although Landsat imagery remains indispensable for long-term satellite-based envi-
ronmental monitoring due to its unparalleled historical archive, its application in cloud-
prone tropical regions is highly challenging because of scan-line errors, atmospheric condi-
tions such as high cloud cover, and data gaps.

These findings underscore the need for advanced cloud masking and gap-filling tech-
niques, platforms with better data continuity and processing power, such as Google Earth
Engine, and multi-sensor data integration, for example, using Sentinel-2 or Sentinel-1. By
clearly identifying these challenges, this study contributes to improving the methodological
transparency and reliability of long-term satellite-based environmental assessments in
environmentally sensitive areas.
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