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Abstract

The proposed study focuses on the reported oil spill detection and assessments of oil impacts on marine
ecosystems. Five selected oil spills, including those in East China Sea, Balikpapan Bay, Red Sea, Mauritius coast,
and Colombo coast were detected using the Sentinel-1 satellite dataset. Sentinel-2/Landsat 8, and Sentinel-5
Precursor (S-5P) satellite datasets were utilized to observe the impacts of oil spills on vegetation cover and air
quality respectively. Synthetic aperture radar-based oil spill detection techniques are effective in monitoring oil
pollution. Impacts of oil spills on vegetation are monitored via different vegetation indices. The East China Sea
spill moved around 190 km from the source point. The area of vegetation cover impacted by the Balikpapan Bay
oil spill was 118 km?2. Near real-time data of different toxic gases from S-5P were analyzed for Sri Lanka and the
Red Sea using the Google Earth Engine. It is concluded that wind speed was between the range of 3 m/sto 9 m/s
that is favorable for the oil spill detection, and it is also observed that wind direction had impacts on oil spill
movement as well. Vegetation Indices provide highly reliable results for the four events but the Red Sea oil spill
findings were not satisfactory due to low vegetation cover in this area.
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1 Introduction

Oil spills have become more common in recent years due to
increased oil extraction and shipping, driven by rising global de-
mand (Yekeen et al., 2020). Approximately 45% of global oil spills
are triggered by anthropogenic activities, such as discharge from
oil tankers, cleaning of oil tankers and oil extraction (Alaa El-Din
et al., 2018). Oil transportation accounts for 5% of sea oil pollu-
tion globally (Lu, 2003). Extensive oil spillage on coastlines has
significant effects on marine organisms and the environment
(Peterson et al., 2003a, b). Oil has a persistent nature and de-
grades slowly; mineral oil creates layers on the sea surface and
stays there for a long period (Chiu et al., 2018). Oil restricts sun-
light penetration into the deep ocean, diminishing photosynthet-
ic activity in aquatic plants.

Oil spills pose a serious risk to marine vegetation and burn-
ing oil releases numerous gaseous pollutants into the atmo-
sphere. The risk of oil spills is enhanced when the disaster re-
sponse teams are unable to correctly assess the source of the
leakage (Fan et al., 2015). Previously, conventional in-situ monit-
oring methods were selected for detecting spills. However, this
technique came with its own set of concerns, starting from close
interaction with oil to other site risks (Fan et al., 2015). Later, jets
and coastguard services were launched as part of ocean monitor-
ing systems. Despite its reliability, the significant expense of
mapping, massive areas have restricted its utilization (Brekke
and Solberg, 2005). From a few years, Remote Sensing (RS) meth-
ods seem to be more reliable, especially because they may be
used at any time (Skrunes et al., 2014; Alpers et al., 2017; Naz et
al., 2021). Both active and passive techniques are widely used for
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oil spill detection mapping and differentiating between various
oil types. Passive RS uses different ranges of spectral bands like
the visible, infrared, and thermal infrared portion of the electro-
magnetic spectrum (Zhao et al., 2015). The shadow, high clouds,
and sun glint are three main barriers to the usage of passive RS
(Drusch et al., 2012). The Synthetic Aperture Radar (SAR) sys-
tems are often used in conjunction with the existing ground-
based observing systems, ships, and jets to provide comprehens-
ive coverage of oceanic surfaces. The SAR technology provides
large spatial coverage, day/night and all-weather data (Fiscella et
al., 2000; Alpers et al., 2017).

Naz et al. (2021) suggested the utilization of geospatial tech-
niques in combination with RS for better assessment and map-
ping of oil spills and their trajectories. Oil spills creates a smooth
surface over the surface of ocean as a result the ocean waves
dampens and because of this smooth surface low backscatter re-
turns and area appears as a dark patch over the water surface
(Brekke and Solberg, 2005; Marghany and Van Genderen, 2014).
However, other similar patterns, created by some other sources
like high/low winds or currents, rain cells and other meteorolo-
gical phenomena also create oil spill-like dark paths called look-
alikes (Brekke and Solberg, 2005). Oil spill detection can be
achieved using four steps: (1) dark region identification, (2) ex-
traction of features, (3) oil/look-alikes discrimination and (4)
classification. Vertical-Vertical (VV) polarization is very effective
for the detection of dark areas over the surface of ocean and VV
polarization enables greater differentiation of oil from other look-
alikes than Horizontal-Horizontal (HH) polarization (Migliaccio
etal., 2015).
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Monitoring the routes and movement of ships that are carry-
ing oil spills enables the researchers and environmental authorit-
ies to identify high risk areas and develop quick response plans.
Effective response strategies can be utilized to control and clean
up oil spills by minimizing harm to the coastal vegetation and
fauna. An oil spill in the regional ecosystem might put pressure
on the natural vegetation in the area (Freedman, 1995; Li et al.,
2005). Approximately 10 000 oil spills incidents were reported in
the Niger Delta of Nigeria (NDN) for the period from 1970 to
2018. Around thirteen million barrels of oil spillage have im-
pacted the coastal forest area. The devastating environmental
impact occurred in the NDN due to spillages of petroleum
products that lead to the destruction of natural mangrove forests
(Chiu et al., 2018). Changes in plant spectral reflectance might be
linked to oil pollution stress (Noomen and Skidmore, 2009). Oil
spills severely impact coastal vegetation and wetlands located in
the marine ecosystem’s intertidal zone. Extended exposure to oil
can smother and poison plants, altering soil chemistry. In the
past 60 years, over 238 major oil spills have affected around 1.94 x
106 hm? (1 hm? = 10* m?2) of these habitats, releasing over 5.5 x
10% t of 0il (Jana et al., 2016).

Traditional techniques of examining environmental contam-
ination or pollution are costly and time-consuming, hence RS
provides an effective, efficient, economical, and non-invasive
method for detecting damage to flora caused by oil slicks. The ef-
fects on plants due to oil spills have been identified using several
RS approaches. Spectral indicators can be used to examine the
relationship between plant life and oil contamination (Arellano
etal., 2015). Researchers used data from the Airborne Visible/In-
frared Imaging Spectrometer (AVIRIS) to determine plant stress
and recovery rate after oil spillage in marshland regions of Louisi-
ana, USA, through Normalized Difference Vegetation Index
(NDVI) techniques (Khanna et al., 2013). A visible smoke plume
of soot and other combustion products is usually produced by
burning oil spills. This emits plenty of hazardous pollutants into
the coastal atmosphere, including CO, NO,, SO,, and a variety of
organic contaminants (Evans et al., 2001).

The goal of the current study is to detect oil spills in different
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locations and check the movement of oil spills in next few days
using active RS techniques and to evaluate the impact of oil spills
on vegetation using different indices such as NDVI, Enhanced
Vegetation Index (EVI), Leaf Chlorophyll Index (LCI), and Nor-
malized Difference Water Index (NDWI) from passive RS tech-
niques. Furthermore, monitoring of gaseous pollutants includ-
ing CO, NO,, and SO, was also assessed due to burning oil spills.
Oil pollution is very harmful for the fragile marine ecosystem.
Near real-time (NRT) mapping and assessment of impacts can
save the economy and biodiversity loss at coastal areas. Impact
assessment of oil spill on vegetation and air quality is novelty of
the proposed work, that will surely help cleaning operations at
the risk sites and mitigate the bad impacts up to some extent.
This paper is organized as follows. Section 2 contains details of
the study area, whereas datasets and methodology are presented
in Section 3. The results are explained in Section 4. Results are
discussed in Section 5, whereas conclusions are summarized in
Section 6.

2 Study area

Figure 1 displays the geographic locations of selected oil spill
events including Sanchi (East China Sea), Balikpapan (Java Sea),
Jeddah (Red Sea), Wakashio and Sri Lanka oil spills (Indian
Ocean). Sanchi oil tanker loaded with 111 000 t of condensate, an
ultra-light, highly flammable crude oil collided with CF Crystal, a
cargo ship from Hong Kong in the East China Sea on 6 January
2018. On 14 January 2018, eight days after the accident, the oil
tanker sank roughly 151 nautical miles away from the accident
site (Yin et al., 2018; Zhang et al., 2020). Sanchi sank carrying
about 1 900 t of petroleum oil (bunker oil). As a result, the acci-
dent created four oil slicks covering a total area of 100 km? and
the oil spill even reached the southern islands of Japan (Yin et al.,
2018).

The Balikpapan Bay oil spill was Indonesia’s worst ocean pol-
lution catastrophe. It was reported on 29 March 2018, due to Per-
tamina underwater pipeline rupture. Satellite data of 2 April
2018, taken from the National Institute of Aeronautics and Space
(NIAS) showed that the spill spread around 129.87 km? in the Ba-
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likpapan Bay due to waves and currents. Around 0.34 km? of
mangrove-covered area in the village of Kariangau, and some
other 6 000 mangrove plants along with 2 000 mangrove plant
seeds in the village of Atas Air Margasari, were impacted because
of spillage (Nur et al., 2018; Prastyani and Basith, 2018).

The Jeddah oil spill incident took place on 11 October 2019 in
the Red Sea approximately 95 km away from the coast of Jeddah,
reaching the coastal land within a week. The spill posed a severe
threat to the biodiversity and fisheries of the Red Sea as well as to
international shipping routes (Nukapothula et al., 2021; Vankay-
alapati et al., 2023).

On August 6, 2020, an oil spill occurred when the 300 m long
Wakashio Japanese bulk carrier ship hit the coral reef while mov-
ing from China to Brazil with 3 900 t of low-sulfur fuel oil and 200 t
of diesel (Rajendran et al., 2021). This spill took place in an envir-
onmentally sensitive region with rare species protected by the
Ramsar Convention on Wetlands, an international treaty aimed to
preserve and sustain wetlands.

Sri Lanka oil spill occurred near the coast of Colombo on 6
June 2021, when the Singapore registered Xpress Pearl had been
on fire for almost two weeks and released many pollutants into
the atmosphere. The ship carried 350 t of bunker fuel oil. The
cargo ship also contained many containers which were loaded
with plastics and chemicals.

3 Data and methodology
3.1 Datasets

3.1.1 Sentinel-1

In this study, Sentinel-1 (S-1) satellite data was utilized for oil
spill detection. The S-1 comprised two satellite collections in-
cluding S-1A and S-1B. The S-1A was sent into space on 3 April
2014 whereas S-1B was sent on 25 April 2016 (Malenovsky et al.,
2012). The S-1 data consists of C-band radar imagery with a
swath width of up to 250 km and resolution of 10 m x 10 m. The
central frequency of S-1 is 5.40 GHz, corresponding to a wave-
length of 5.55 cm and equipped with C-band. The C-band fre-
quency ranges from 4 GHz to 8 GHz (Fingas and Brown, 2014;
Fingas and Brown, 2018). Table 1 shows S-1 product characterist-
ics. In the current study, Interferometric Wide (IW) swath mode
was selected, which provides a wider spatial coverage of the
earth’s surface with a finer spatial resolution of 5 m x 20 m (Can-
torna et al., 2019). This mode also allows to perform interfero-
metric analysis and coherence estimation, which are useful for
detecting oil slicks and their characteristics. The S-1 data is avail-
able in dual-polarization such as VV+HV and HH+HV. However,
in this study, S-1 Ground Range Detected (GRD) images of VV
polarization were employed for the detection of oil spills
(Mahindapala, 2020). Currently, open-access S-1, SAR data is
easily accessible through ESA’s Copernicus Data Space Ecosys-

tem (https://dataspace.copernicus.eu/).

3.1.2 Sentinel-2

The Sentinel-2 (S-2) satellite data was utilized for the monit-
oring of vegetation and chlorophyll index. The S-2 consists of two
identical polar-orbiting satellites (S-2A and S-2B) orbiting in a
similar orbit (Drusch et al., 2012). A multi-spectral instrument
measures reflected light in 13 spectral bands with a swath width
of 290 km and spatial resolution extending from 10 m to 60 m.
The MultiSpectral Instrument (MSI) of S-2 comprises 3 red-edge
channels, as well as visible and near-infrared wavelengths, which
have been determined to be critical for vegetation monitoring.
The S-2 data products are available at two processing levels, 1C
and 2A. Level-1C product contains the Top of Atmospheric (ToA)
reflectance whereas Level-2A records the Bottom of Atmosphere
(BoA) reflectance and these are atmospherically corrected (Dele-
gido et al., 2011; Clevers and Gitelson, 2013; Schlemmer et al.,
2013). In this study, S-2 multispectral level-2A, BoA data was util-
ized for the mapping of vegetation cover and Land Use Land Cov-
er (LULC) classification.

3.1.3 Landsat-8

Landsat-8 (L8) multispectral sensor carries 11 spectral bands
including Coastal, Visible, Near-infrared (NIR), Short-Wave In-
frared (SWIR), Panchromatic (Pan), Cirrus, and Thermal In-
frared Sensor (TIRS). The data collected from the L8 satellite was
utilized for LULC mapping and monitoring of vegetation cover.
The L8 satellite provides more precise data with a resolution of
up to 30 m in various bands and has a temporal frequency of L8 is
16 d. In this study, L8 data was utilized for only two events to
monitor the vegetation cover because S-2A was not available for
that period (Ganjirad and Bagheri, 2024).

3.1.4 Sentinel-5 Precursor

The Sentinel-5 Precursor (S-5P) data was utilized to monitor
the air quality after the burning of oil (Veefkind et al., 2012). The
satellite is loaded with the highly sophisticated Tropospheric
Monitoring Instrument (TROPOMI) device for determining ultra-
violet-visible (270-500 nm), NIR (675-775 nm), and SWIR (2 305-
2 385 nm) spectral channels, permitting it to gather data like NO,,
0,, Formaldehyde, SO,, CH, and CO with greater accuracy than
ever before (Ewing et al., 2012; Zheng et al., 2019). The TRO-
POMI offers a large spatial resolution of 7 km x 3.5 km and cloud-
free observations per day (Guanter et al., 2015). In this study,
S-5P satellite data (<10% cloud cover) before and after the event
was used.

3.1.5 Wind data

The SAR based ocean surface wind speed data was derived
from Geophysical Model Functions (GMFs) VV-polarization of
S-1 satellite data freely available (https://dataspace.copernicus.

Table 1. Sentinel-1 operational product characteristics [Interferometric Wide Swath (IW), Strip Map (SM), Extended Interferometric
Wide Swath (EW), Azimuth (Az), Full Resolution (FR), High Resolution (HR), Medium Resolution (MR), and Range (Rz)]

Data mode Resolution class Resolution (Rz x Az)/m? Pixel spacing (Rz x Az)/m? Number of looks (Rz x Az) Swath/km
SM FR 9x%x9 4x4 2x2 80
SM HR 23 x23 10x 10 6x6 80
SM MR 84 x 84 40 x 40 22 x22 80
w HR 20 x 22 10x 10 5x1 250
w MR 88 x 89 40 x 40 22 x5 250
EW HR 50 x 50 25 x 25 3Ix1 400
EW MR 93 x 87 40 x 40 6x2 400
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eu/) . Wind speeds are derived from the Normalized Radar Cross
Section (NRCS) and image geometry of the calibrated SAR im-
ages, together with the local SAR retrieved wind direction.

3.2 Methods

3.2.1 Oil spill detection

Three images of S-1, GRD product for each incident were ob-
tained and analyzed based on data accessibility. The image ac-
quisition sequence was (1) before the event, (2) immediately after
the event, and (3) late post-event images (to analyze the move-
ment of oil spills). Table 2 shows the details of each event includ-
ing location, coordinates, type, and volume of spilled oil. The oil
spill detection was carried out using the steps were (1) image pre-
processing, (2) detection of dark areas, (3) parameter extraction
and (4) image classification.

Image preprocessing includes image subset, radiometric cal-
ibration, multi-look speckle filtering, ellipsoid correction, and
land/sea masking. Area of Interest (AOI) was selected by the im-
age subset technique (Mdakane and Kleynhans, 2022). Calibra-
tion was done to get pixel values representing the radar backscat-
ter. The S-1 images were calibrated to reduce incidence angle dif-
ferences (Mera et al., 2012). SAR imagery has “salt and paper”
noise called speckle noise. The Lee Sigma filter (7 x 7 kernel size
and 3 x 3 window) was applied to remove this noise (Cervantes-
Herndndez et al., 2024). The Lee Sigma filter is dependent on two
sigma Gaussian distribution probability and integrates the
speckle multiplicative noise model as described in Eq. (1).

z(k, 1) = x(k, 1) x v(k,I), (1)

where z(k, 1) is the pixel of (k, [)-th in the amplitude of a SAR im-
age, x(k, 1) is the image reflection and v(k, I) denotes the speckle
noise (Lee et al., 2008).

Multi-looking is a technique that is quite effective in pro-
cessing the geometry of a complex image. The range look was se-
lected as 1, azimuth look as 2, whereas the mean ground range
square pixel was selected as 5.39. Ellipsoid correction com-
pensates for the distance distortions and aligns the image with
the real-world location. In this study, Geolocation Grid (GG) was
applied to correct the images geometrically (Misra and Balaji,
2017). Since our focus was sea surface area, therefore the “Mask
Out Land” technique was applied to avoid the processing of land
areas. This operation replaces all land pixels with the null values
and decreases the image size.

A binary classification method based on pixel values was used
to identify dark patches. High contrast in SAR images was
achieved using VV polarization, providing a significant differ-
ence between oil spills and clean ocean water (Lu, 2003). Accord-
ing to “Bragg Scattering Theory” the NRCS (¢?) incidence angle

Table 2. Geographic location and oil type of spill events
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between 20° and 70° is proportional to the spectral energy dens-
ity of the Bragg waves E (+k;;) and is described in Eq. (2).

o® = Cy(e 9)[E(+ks) + E(—ks)]. ®)

where the C;; (&, ) Bragg coefficient is dependent on the incid-
ent angle. In which (i, j = Horizontal/Vertical polarization) is ex-
pressing backscattered polarization of waves and ¢ is the dielec-
tric constant of seawater. E is the spectral energy of waves and kg
is Bragg wave number (Lu, 2003) as described in Eq. (3).

4msingd
Kz = PR 3)
‘0

The wavelength of radar is denoted by 4, Bragg wavelength /; is
described in Eq. (4).

A
B osiny

)

The dumping ratio Ao(Kjy) is defined as the ratio of the radar
back-scattered power from the clean and oil-covered sea surface
(Lu, 2003) as described in Eq. (5).

B Egea (+KB) + Esea (_KB)
Ao (KB) = 2Eoi (+KB) + Eqil (—KB)’ 5)

where E is the spectral energy of waves, E,, denotes clear sea
surface and E; denotes oil covered sea surface.

Logarithmic ratio of pre and post image formation has been
applied for visibility enhancement of oil spill features (Ajadi et al.,

2018), as described in Eq. (6).

(6)

Xis = 101g (x) + 10 Ig <Xi(”1) >

X (1,])

where X, ¢ is the image ratio, x is contribution of an additive
noise, X is pre-event oil spill image and X; is post-event image.

In this study adaptive thresholding technique is used for dark
area detection. This algorithm identifies dark pixels through a
trained operator which goes through the image and identifies the
pixels with low intensity values and separates dark patches from
the clean ocean surface (Misra and Balaji, 2017). The number of
iterations were 20 and threshold shift was set according to the
difference of image intensity values because it is observed that oil
spills are darkest in colour and have lowest intensity. Threshold
values for the East China Sea oil spill was set as <-2.5 dB, for Ba-
likpapan Bay oil spill was set as <-5 dB, for Red Sea oil spill was
set as <—4.5 dB, for Mauritius coast oil spill was set as <-2 dB and

Pre-acquisition Post-acquisition

Oil spill

No. Location Latitude Longitude Event date date date volume/t Type of oil
Ultra-Light Highly Flammable

1 EastChinaSea 28.634°N 125.617°E 6 January 2018 27 December 2017 20 January 2018 111 000/1 900 Crude Oil (ULHFCO)/
Bunker Oil (BO)

2 Balikpapan Bay 1.830°N 116.507°E 29 March2018 8 March 2018 1 April 2018 - Crude Oil (CO)

(Indonesia)
3 Red Sea 20.447°N 38.339°E 11 October 2019 1 September 2019 13 October 2019 - CcO
(Jeddah)
4 Mauritius coast 20.221°S 57.617°E 6 August 2020 17 July 2020 10 August 2020 4100 Low Sulfur Fuel (LSF)
5 Colombo 6.847°N 79.271°E 26 May 2021 3 May 2021 8 June 2021 350 BO

(Sri Lanka)

Note: — represents no data.
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for Sri Lanka oil spill event was set as <-1.5 dB.

In the parameter’s extraction stage, feature’s properties of the
detected dark areas are calculated from the area of interest. Seg-
mented and detected parts of the image are further processed to
extract parameters as it is a prerequisite for image classification
(Mera et al., 2012). Proposed NRT contains two main classes in-
cluding geometric and backscatter parameters. These classes
have proven well for the NRT oil spill detection algorithm (To-
pouzelis and Singha, 2017). Geometric parameters include dark
object area, perimeter (length) and object complexity are de-
scribed in Eq. (7).

P
C= o ()

where C represents the complexity of an object (will take small
value for simple geometry and large value for complex geometry).
A denotes the area and P denotes perimeter of the dark object.
Oil spill spreading factor is computed in Eq. (8).

100/,
S = . 8
A+ A2 ®

where S represents the spreading parameter that is derived from
principal component analysis, 4, and 4, are the eigenvalues asso-
ciated with the covariance matrix.

In image classification, dark objects are classified as oil spills.
Vector information of parameter is used in classification stage to
separate oil spill from look-alikes (Shu et al., 2010; Migliaccio
et al., 2015; Misra and Balaji, 2017; Topouzelis and Singha, 2017).
In this study, K-means clustering algorithm (described in Eq. (9))
is used for the clustering of dark patches for the separation of
oil spill from the look-alikes. K-means clustering is an unsuper-
vised classification technique (Zalik, 2008) and assumes that
cluster numbers are known and divides the dataset into fixed
numbers.

1
Ci=— ) 9
|c,-|2x‘ ©9)

X €€

where c; is the mass point of all points in cluster C; and x,is a ran-
domly picked point from input datasets (Zalik, 2008).

3.2.2 Impact assessment of oil spill on vegetation

In response to petroleum product contamination, the colour
of the plant’s leaves stem and trunk changes because of the loss
of photosynthetic pigments. When oil spills occur near the
coastal area, the daily tidal waves push the oil ashore, which res-
ults in oil deposits on the plant roots. There are 0-15d, 15-30 d,
30dto 1 aand 1-5 a stages of oil impact the vegetation to death of

aquatic life, chlorosis and death of medium plants, death of and
defoliation >5 m mangroves and death of and defoliation >10 m
mangroves respectively. The oil sediments adhere to the root sur-
face and become the main cause of chronic effects on the coastal
vegetation (Ozigis et al., 2020). Timely detection of oil spills over
forest areas can reduce the impacts. In this study, different Veget-
ation Indices (VI) were computed using L-8 and S-2A satellite
data to analyze the vegetation status in coastal areas of reported
oil spills events (Adamu et al., 2018; Bhatnagar et al., 2020;
Frampton et al., 2013). Before applying for any VI, a line was di-
gitized for each event near the coastal areas using Google Earth
Pro (GEP) to study the vegetation impacts over the coastal region
for each event. Buffer technique was applied on the left side of
the line to get the required AOI. Table 3 shows the information
for all events regarding buffer size, and data acquisition before
and after the events. For all reported events, satellite data with
less than 10% of cloud cover was acquired.

3.2.2.1 NDVI

NDVI is widely used to monitor the growth and health of ve-
getation and to identify areas of stress or damage (Adamu et al.,
2018). NDVI value ranges from -1.0 to +1.0, where values greater
than 0.20 indicate sparse vegetation (grassland and shrubs) and
dense vegetation (healthy crops or tropical forests). In this study,
threshold values of 0.20 were applied to analyze effects of oil
spills on sparse and dense vegetation cover (Peng et al., 2016,
2019). NDVI is computed using Eq. (10).

(NIR — Red)

NDVI=~———
(NIR + Red)

(10)

where NIR represents Band8 and Red represents Band4 of the S-2
satellite image.

3.2.2.2 EVI

EVI is an advanced vegetation indicator which is calculated to
improve vegetated area monitoring by removing the canopy
background signal and reducing atmospheric disturbances. EVI
responds better to canopy fluctuations and canopy type than
NDVI, and it does not become as saturated as NDVI when view-
ing areas with very dense green vegetation. The value ranges
from -1 to +1 and for healthy vegetation its values fluctuate from
0.2 to 0.8 (Somvanshi and Kumari, 2020). In this study, EVI was
used to assess the impacts of oil spills on vegetation cover and
EVI was computed using Eq. (11).

NIR — Red

EVI=25 ,
* (NIR + 6 x Red — 7.5 X Blue) + 1

(1D

where NIR, Red and Blue are Band8, Band4 and Band2 respect-
ively. Numeric values 6 and 7.5 are the coefficient aerosol resist-

Table 3. Event parameters and data acquisition dates for oil spill analysis

No. Effected coastal region Event location Buffer size/km Pre-acquisition date Post-acquisition date
1 Japan coast East China Sea 40 5 May 2016 9 October 2018
9 October 2017 9 October 2019
2 Balikpapan Bay Balikpapan Bay 5 7 August 2016 31 August 2018
31 August 2017 31 August 2019
3 Jeddah coast Red Sea 20 23 March 2017 22 March 2020
23 March 2018 22 March 2021
4 Mauritius coast Mauritius coast 1 29 January 2018 28 January 2021
29 January 2019 28 January 2022
5 Colombo coast Colombo coast 15 17 November 2019 21 November 2021

21 November 2020

26 November 2022
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ance values which use the blue band to remove the aerosol influ-
ences in the red channel and 2.5 is the gain factor.

3.2.2.3 Leaf Chlorophyll Index

Leaf Chlorophyll Index (LCI) is used to accurately represent
chlorophyll contents in leaves, with less sensitivity to scattering
from the leaf surface and internal structural variability (Pu et al.,
2008). LCI value ranges from -1 to +1 and computed using
Eq. (12).

Band8 — Band5
rcy — (Band8 — Bands) (12)
(Band8 + Band4)
whereas Band4, Band8 and Band5 represent red, NIR, and veget-
ation red edges.

3.2.2.4 NDWI

The SWIR reflectance indicates the changes in both plant wa-
ter content and mushy mesophyll shape in canopy plants. The
NIR reflectance is influenced by inner structure and dry matter
content of the leaf but not by moisture content. The combination
of the IR and SWIR reduces the effects of changes in the leaf’s in-
terior structure and chlorophyll content, enhancing the reliabil-
ity of estimating the plant’s water potential (Ozigis et al., 2020).
NDWI is effective for detecting changes in land cover due to
drought, fire, or deforestation and computed using Eq. (13).

NIR — SWIR

NDWI = —————.
NIR + SWIR

(13)

3.2.3 Impact assessment of oil spill on air quality

Burning oil in the oceanic water emits many harmful pollut-
ants like CO, NO,, SO,, and various organic pollutants into the
coastal atmosphere. Due to unavailability of data, only two oil
spill events including Sri Lanka and the Red Sea were selected for
the monitoring of oil pollutants. S-5P satellite data was used to
assess the concentration of the pollutants. S-5P data with <10%
cloud cover was selected, and cloud masking technique was ap-
plied to remove the effects of clouds. In this study, the average
concentration of CO, NO,, and SO, was acquired using the
Google Earth Engine (GEE).

The Red Sea oil spill occurred on 11 October 2019, 95 km off
the coast of Jeddah, Saudi Arabia. Pre- and post-event satellite
images were acquired for 11 September and 13 October 2019 re-
spectively to monitor the air quality a month prior to the spill and
a month after it. Image data of 13 October 2020 was acquired for
further monitoring, whereas pre-event data was not available. A
buffer of 100 km was applied around the spill region to get the
area of interest. The grid matrix of the study area was created us-
ing the Fishnet tool. The oil spill event occurred on 6 June 2021
off the coast of Colombo, Sri Lanka. Pre- and post-event images
were obtained for 8 June 2020, 8 May 2021, and 8 June 2021, re-
spectively (Zheng et al., 2019).

3.2.4 Wind speed and direction

Detectability of oil slicks depends on the ocean surface wind
speed. If the wind speed is too low (<3 m/s), the clean sea surface
will not have sufficient roughness to contrast with oil films (Ajadi
et al., 2018). On the other hand, if wind speed is too high
(>12 m/s), oil slicks will be dispersed by the surface waves and
disappear from the sea surface (Mera et al., 2012). In this study
wind speed and direction of all the events were plotted via wind
rose diagram.

4 Results

In this study, five oil spill incidents were analyzed using act-
ive and passive RS techniques. Apart from oil spill detection, the
impacts of oil spills on vegetation cover and as well as on air
quality were studied. The obtained findings were divided into the
following sections.

4.1 Detection of oil spill

Adaptive thresholding and K-means clustering were used for
feature extraction and identification of dark regions in the image.
However, these methods struggled with false positives caused by
look-alikes, requiring additional validation steps.

4.1.1 East China Sea oil spill

In this event, an oil slick of approximately 52 km? was repor-
ted. However, due to high wind speed, only a small area of an oil
spill was detected. Figure 2a displays a pre-event image of S-1
data obtained on 27 December 2017, where nothing like an oil
spill was observed. Figure 2b displays the post event image, ac-
quired on 20 January 2018, where the dark patch of the oil spill is
clearly visible after applying a threshold of less than -2.5 dB.
However, the detection was hindered by high wind speeds, which
dispersed the oil. Figure 2c displays the classified image of the oil
spill.

4.1.2 Balikpapan Bay (Indonesia)

Figure 3a displays the pre-event image of the Balikpapan oil
spill, obtained on 8 March 2018 about 21 d before the oil spill
event. After performing all the preprocessing steps on the pre-
event image, no oil spill was detected. Figure 3b displays the
post-event image. The detection method was employed on the
GRD product of S-1 data, where 4 648 x 4 587 pixels were ana-
lyzed, and an oil spill was successfully detected. The contrast
between the oil spill and ocean water, which was 5 dB, so the
threshold value of 5 dB was selected to segregate the oil spills
from the clean ocean water. However, the presence of look-alikes
such as algae blooms complicated the classification. Figure 3c
displays the classified image of where the detected oil spill was
located.

4.1.3 Red Sea oil spill (Jeddah)

Figure 4a displays the pre-event GRD product of S-1 that
was obtained on 1 September 2019 of the Red Sea Jeddah oil
spills. All the pre-processing steps were applied on the image
and there was no indication of oil spill. An oil spill (approxim-
ately 1 300 km?) occurred on 11 September 2019 over a large wa-
ter surface. A total of 8 911 x 8 221 pixels were processed with a
threshold value less than 4.5 dB to detect the spilled oil. A Lee
Sigma filter with a window size of 7 x 7 was applied to remove the
speckle noise. Figure 4b displays the post-oil spill image where
the spilled oil was clearly visible over the SAR image. However,
strong currents dispersed the oil, complicating detection. Figure 4c
displays the classified image of the detected oil spill.

4.1.4 Mauritius oil spill

Figure 5 displays the Mauritius coast oil spill event. Figure 5a
displays no oil spill in the pre-event image data acquired on 17
July 2020. A total of 501 x 352 pixels were processed to accom-
plish the purpose of oil spill detection. Figure 5b displays a post-
event image that was acquired on 10 August 2020 around 2 d after
the accident and an oil spill was visible in the image. The con-
trast between the background ocean water and oil spill was clear.
So, the threshold shift was set as less than -3.5 dB. However, the
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Fig. 2. East China Sea oil spill: a. pre-oil spill image (2017-12-27), b. post-oil spill image (2018-01-20), c. classified oil spill image (wind

direction: south).

presence of ship wakes and natural slicks introduced noise into
the classification. Figure 5c displays the classified image.

4.1.5 Colombo oil spill (Sri Lanka)

A total of 457 x 355 pixels were processed using the GRD
product of S-1 data. Figure 6a displays a pre-event image that was
acquired on 3 May 2021. The image is clear without any oil patch.
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1°01" T

1°09’
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1°25'

Figure 6b displays the post-event image acquired two days after
the event on 8th June 2021. A 1.5 dB adaptive threshold was ap-
plied to detect the oil spill. Figure 6¢ displays the classified image
where oil spill is shown with purple color.

4.2 Movement of oil spills
As the oil spills into the oceans, it moves from the spill loca-
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Fig. 4. Red Sea oil spill incident: a. pre-oil spill image (2019-09-01), b. post-oil spill image (2019-10-13) with wind direction (south),

c. classified oil spill image.

tion to the nearby areas under the force of wind, wave, and cur-
rents. To analyze the impacts of oil spills for all the events late
post images were processed. Figure 7 displays the oil movement
of all studied events. Figure 7a displays the image of East China
Sea acquired on 20 January 2018 where, 190 km oil spill move-
ment from the source point was observed. However, Fig. 7b dis-
plays the movement of oil spill of Balikpapan Bay at different loc-
ations. In 13 d, oil moved around 25 km towards the coastal area.

Figure 7c displays the map of Red Sea oil spill where the oil spill
spread at large scale is observed because the rockets hit by the Ir-
anian tanker and oil spill move along the tanker although extens-
ive amounts of oil move towards the surrounding areas and ap-
proximately 97 km oil spill moved in 12 d. The Mauritius coast oil
spills incident occurred in an environmentally sensitive region
where oil spreads 9 km along the coast and adversely affected the
natural vegetation as shown in Fig. 7d. Figure 7e displays the res-
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ults of the oil spills movement towards the coast of Colombo.
Most of the oil was burnt into the air and a considerable amount
of oil was moved 8 km towards the coast.

4.3 Wind speed and direction

The wind rose diagram of each event was created to check the
impacts of wind on oil spill movement. Figure 8 displays the wind
speed and direction at the time of spill event. Figure 8a displays
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79°49'E
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the wind rose diagram of the East China Sea oil spill event. Wind
direction was observed towards the southern part of the image.
However, wind speed around the spill was 3 m/s to 7 m/s, which
is considered a favorable wind speed limit for accurate spill de-
tection. Similarly, Fig. 8b shows the wind speed and direction of
the Balikpapan Bay oil spill. Maximum wind flow is towards the
south and low wind cells are found at the northeastern side of the
event. Wind speed was between the range of 2 m/s to 7.5 m/s.
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cells, c. classified oil spill image with look-alike slick.

Figure 8c displays the minimum/maximum wind speed and
direction of the Red Sea oil spill on 11 October 2019. Wind speed
lies between 3.5 m/s and 8 m/s around the spill site and wind
direction is observed towards the south and southeastern side.
Figure 8d displays the wind speed and direction of the Mauritius
coast oil spill. In this event high wind cells are also found at the
time of the event. Minimum/maximum wind speed was ob-
served 3 m/s to 9 m/s and direction was towards the south and
northwestern side. Figure 8e displays the maximum and minim-
um wind speed of the Colombo oil spill. In this event, the wind
direction is towards the southwestern side and high wind cells
are shown at the western side. Wind speed was observed 3 m/s to
9m/s.
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4.4 Impact assessment of oil spill on vegetation

Vegetation indices results indicated that oil spills have a detri-
mental effect on vegetation cover. Oil spill’s impact on vegeta-
tion can be classified as acute or chronic. Acute impacts range
from chlorosis to plant death, and they are evident within the first
two weeks following an oil spill. Chronic toxicity of oil leads to
root abnormalities, altered growth rate, and structural changes
after 1-5 a of exposure to oil.

4.4.1 NDVI based assessment

The impacts of the East China Sea oil spill on vegetation cov-
er were assessed along the coastline of Japan from Kagoshima to
Saikai. Figures 9a—d displays NDVI based assessment respect-
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e. Colombo.

ively where the vegetation covered area decreased from 277 km?
to 267 km?. Figure 9e displays the NDVI results of Balikpapan
Bay before the oil spill event on 5 May 2016, with a vegetation
cover of 545 km?. Figure 9f displays the vegetation covered area of
540 km? on 9 October 2017 whereas, Fig. 9g displays NDVI res-
ults after eight months of the event and the area of vegetation re-
duced to 510 km?. Persistent nature and chronic toxicity of hy-

drocarbon pollution gradually deteriorated the root structure of
the plants and caused mortality, resulting in a further reduction
of vegetation cover to 487 km? as shown in Fig. 9h. Figures 9i-1
displays no significant variations in vegetation cover due to low
movements of waves and small area of vegetation on Jeddah
coast.

Figures 9m and n displays the NDVI results of Mauritius
Coast one and two years before the incident respectively. No ab-
normality was observed in the vegetation cover. However, one
year after the event, the vegetation cover decreased 89 km? as
shown in Fig. 90, further reduction in vegetation covered area
was observed after two years of oil spill as shown in Fig. 9p. The
coastal area of Colombo consists of lagoons, salt marshes,
beaches, and mangroves. Figure 9q displays the vegetation
cover of 120 km? two years before the oil spill event. Figure 9r
displays an increase of vegetation cover to 127 km? but after
the five months of the oil spill there was an apparent decline
in vegetation cover as shown in Fig. 9s. Vegetation covered area
further decreases after the one year of the incident as shown on
Fig. 9t.

4.4.2 EVI based assessment

EVlis an optimized index that is designed for the observation
of vegetation and used simultaneously with NDVI to remove
atmospheric influences. EVI was used to monitor the impacts of
the East China Sea oil spill over the Japan coast. Figures 10a-d
displays the results of EVI where 29 km? area of vegetation
covered was reduced after the oil spill event. EVI findings of
Balikpapan Bay show how the atmospheric influences affect
the NDVI results. Figure 10e displays the vegetation covered area
of 525 km? two years before the oil spill. In the years following
the event, the vegetation cover decreased by 88 km? as shown in
Figs 10g and h. EVI findings of the Jeddah coast are shown in
Fig. 10i.

4.4.3 LCI based assessment

Figures 11a and b displays the LCI findings of the Japan coast
that was affected by the East China Sea oil spill where the leaf
chlorophyll area was 197 km? before the oil spill but after the
event, the total leaf chlorophyll area declined by 18 km? as shown
in Figs 11c and d. The LCI analysis of the Balikpapan Bay region
reveals significant changes in the chlorophyll content of the area.
Figures 11e and f displays the area with leaf chlorophyll was 238
km? before the incident. Figure 11g displays the LCI results for 31
August 2018 five months after the event, indicating a reduction of
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Fig. 9. NDVI based assessment for oil spill impacts: time-series

NDVI maps showing vegetation changes in the coastal regions af-

fected by oil spills. Subplots: a. East China Sea (2016-05-05), b. East China Sea (2017-10-09), c. East China Sea (2018-10-09), d. East
China Sea (2019-10-09), e. Balikpapan Bay (2016-08-07), f. Balikpapan Bay (2017-08-31), g. Balikpapan Bay (2018-08-31), h. Ba-
likpapan Bay (2019-08-31), i. Red Sea Jeddah (2017-03-23), j. Red Sea Jeddah (2018-03-23), k. Red Sea Jeddah (2020-03-22), 1. Red Sea
Jeddah (2021-03-22), m. Mauritius (2018-01-29), n. Mauritius (2019-01-29), o. Mauritius (2021-01-28), p. Mauritius (2022-01-28),
g- Colombo (2019-11-17), r. Colombo (2020-11-21), s. Colombo (2021-11-21), t. Colombo (2022-11-26).

leaf chlorophyll from 238 km? to 196 km?. The findings suggest
that areas with leaf chlorophyll decreased by 79 km? in each suc-
cessive year. The LCI findings of the Jeddah coast didn’t show
any significant changes in the leaf chlorophyll area because the
vegetation covered area was not enough to detect the impacts as
shown in Figs 11i and L.

The LCI findings of the Mauritius coast depicted the vari-
ations in leaf chlorophyll area. Approximately the area of leaf
chlorophyll was 50 km? as shown in Figs 11m and n, however,
two years after the event, the leaf chlorophyll area reduced from
50 km? to 28 km? as shown in Figs 110 and p. Figure 11q displays
the LCI findings of the Colombo coast where the area of leaf
chlorophyll before the two years of the event was 60 km? but in
the years later the area of LCI increased sharply up to 73 km? to
78 km? respectively as shown in Fig. 11r. However, two years after
the event, the chlorophyll area dropped significantly to 43 km? as
shown in Figs 11s and t.

4.4.4 NDWI based assessment

The NDWI technique was applied to assess the effects on the
water content of the leaves. Figure 12a displays the area of water
within leaves was 405 km? before the oil spill on 5 May 2016.
Figure 12b displays that the water area within the leaves dimin-
ished up to 410 km? before the one year of oil spill. Figures 12c
and d displays the reduction of the water area within leaves of the
coastal region. The NDWI analysis of the Balikpapan Bay oil spill
did not reveal any type of impact before the event as shown in
Fig. 12e, where the water area within the leaves was 117 km?.
However, after the oil spill, the effects became more and more
severe in each successive year and water area within leaves re-
duced to 80 km? as shown in Figs 12g and h. Findings of NDWI
over the coast of Jeddah show few variations because the area of
vegetation was not enough to monitor the impacts as shown in
Figs 12i-1. The NDWI findings of the Mauritius coast indicate that
the area of water within the leaves before the oil spill was 27 km?
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and 42 km?. The spatial visualization of these findings as shown
in Figs 12m and n but after the event the water area within leaves
reduced up to 16 km? as shown in Figs 120 and p. The NDWI
findings over the coast of Colombo show that the area of water
within leaves in the two years before the event was the same,
which is 18 km? but the abrupt increase of 24 km? was seen one
year before the event. However, after two years of the event a sig-
nificant decline as shown in Figs 12s and t.

4.5 Air Quality Impact assessment

Oil spill impacts are not only limited to marine life and coastal
vegetation but also affect the quality of air. When oil spills catch
fire, it releases many harmful gasses into the atmosphere. Some
of the toxic gases released from the burning of the oil spill are CO,
NO,, SO,, and various organic compounds. Based on the availab-
ility of data, two oil spill events including Sri Lanka and the Red
Sea were selected for air quality assessment using S-5P satellite

data (Zheng et al., 2019). Figure 13 displays the concentration of
air pollutants over the Red Sea. Post event, CO concentration is
observed 0.028 mol/m? as shown in Fig. 13a whereas, after the
event, its concentration increased to 0.031 mol/m?. Figure 13b
displays the mean concentration of NO, one-month pre- and
post-event. The level of NO, was 0.000 049 mol/m? one month
before the event but after the burning of crude oil, concentration
was observed 0.000 054 359 mol/m?. Figure 13c displays the con-
centration of SO, was 0.000 131 5 mol/m? one month before the
event but after the event, its concentration increased up to
0.000 28 mol/m?. Figure 14 displays the effects of oil combustion
on the air quality of Colombo. Figure 14a displays the CO concen-
tration was 0.023 425 mol/m? before the event, however, concen-
tration was increased to 0.034 9 mol/m? after the event. Figure
14b displays the concentration of NO, was 0.000 044 8 mol/m?
before the event, however, concentration was increased to
0.000 05 mol/m? after the incident. Figure 14c displays the mean
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Fig. 11. LCI based assessment for oil spill impacts: time-series LCI maps showing chlorophyll content in the vegetation of the coastal
regions affected by oil spills. Subplots: a. East China Sea (2016-05-05), b. East China Sea (2017-10-09), c. East China Sea (2018-10-09),
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concentration of SO, in the coastal area of Colombo and its con-
centration was 0.044 4 mol/m? before the incident, however, con-
centration was increased up to 0.186 mol/m? after the event.

5 Discussion

SAR-based techniques have proven effective for detecting
marine oil spills and evaluating consequences on the surround-
ings because of such incidents. SAR data can capture high resolu-
tion images of ocean surface in all weather conditions making
this technique highly effective (Fingas and Brown, 2014). In this
study, S-1, S-2, and S-5P satellite datasets were utilized to identi-
fy oil spills in five locations such as the East China Sea, Ba-
likpapan Bay, Red Sea, Mauritius coast, and Colombo coast. The
S-1 data can successfully distinguish between clean sea and oil
slicks, but false positives due to natural phenomena like algae
blooms are a concern. The S-2 provides multispectral satellite
data, which was utilized for assessing the effects of oil spills on

coastal vegetation, though cloud cover often obstructs clear ob-
servations. The S-5P data was used to study the effects of toxic
gases on air pollution produced by burning crude oil, although
calibration errors can affect accuracy (Veefkind et al., 2012).
Huete et al. (2002) emphasized that after an oil spill incident
NDVI and EVI techniques can be utilized to estimate the amount
of damage to coastal vegetation. Also, in case that crude oil
catches fire, the release of hazardous gases as a result damages
the air quality (Eskes et al., 2015). The impact of oil spills on the
environment and human health cannot be overstated, particu-
larly when it comes to plant life in coastal regions. The Ba-
likpapan Bay oil spill is a prime example of how significant veget-
ation loss can occur over a considerable area measuring roughly
118 km?. Plant systems are severely compromised by an oil spill’s
aftermath, as they are covered by crude oil which reduces their
capacity for photosynthesis and nutrient absorption (Lin and
Mendelssohn, 2012). In consequence, plants may become unpro-



Ozair Muhammad et al. Acta Oceanol. Sin., 2024, Vol. 43, No. 12, P. 123-140 137
= others
a—d. East China Sea = leaf water content
1290 130° 131°  I32°E 1290 130° 131°  132°E 120°  130°  131°  132°E 120°  130°  131°  132°E
a ) b c d
330k 330k 330+ 330+
N N N
7
&
320F 4 320 F y 320t 320t
IJ « 3 2
, Wi
310k 310k ’ 310k 310k
e—h. Balikpapan Bay
116°36' 116°48' 117°00°E 116°36' 116°48’ 117°00'E 116°36' 116°48' 117°00'E 116°36' 116°48' 117°00'E
T T T T T T T T T T T T
1°06' [ 1°06' f 1006 | 1006
s| e B s| f s| & s|h
. ¥ . y 5 A ,
P12 ol 1% & 112 b Ser H 112 F e “ 112+ £a - %
Wl - RES By
118 | 118 b { g b 11yt
i £ » ) e -
ICIU S 1o | S 1°24' 1°24'
i—1. Red Sea
39°00' 39°30' 40°00' 40°30'E 39°00' 39°30' 40°00' 40°30'E 39°00' 39°30° 40°00' 40°30'E 39°00' 39°30' 40°00' 40°30'E
T T T T T T T T T T T T T T T T
2130 | 21°30' - j 2130k 2130 ]
N N N N
21°00' | 21°00' | 21°00' | 21°00' |
20°30' 20°30' - 20°30' 20°30' -
20°00 £ 20°00" k. 20°00" k. 20°00" k.
m—p. Mauritius coast
57°4048"  STA¥12" 5T°4536E 57°4048"  ST°43127 574536 57°4048"  ST°43127 574536 57°4048"  57°43127 574536’
20°24'00" ! ! "] 20024000 F ! ! "] 20°2400" F T "] 20°2400" T !
s s s| o =5 s| p g
20°25'12" 20°25'12" | ty 20°25'12" | Tila o 20°25'12" | 7 s
i R o
- > :
20°26'24 20°26'24" | 20°26'24" | o~ 20°26'24" | P
G0
£ Aag” fel -
20°27'36" 20°27'36" | 20°2736" | -", 20°2736" |
q—t. Colombo coast
79°12 79°36' 80°00' 80°24' 80°48' 81°12E 79°12 79°36' 80°00' 80°24' 80°48' 81°12'E 79°12' 79°36' 80°00' 80°24' 80°48’ 81°12’E 79°12' 79°36' 80°00' 80°24' 80°48' 81°12'E
T T T T T T T T T T T T T T T T T T T T T T T T
714 71T . 71} S ikt
N N N ¢ N
6°48' - 6°48' - 6°48' 6°48'
6°24' 6°24' 624’ 624’
6°00' 6°00' 6°00' 6°00'

Fig. 12. NDWI based assessment for oil spill impacts: time-series NDWI maps highlighting changes in water presence and potential
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ductive, causing them to lose their natural wildlife surroundings
and leading to elevated erosion in the affected sites (Peterson
etal., 2003a).

Oil spills can severely damage the environment, ecosystems,
coastal vegetation, and air quality. Spills can have long lasting
consequences that can persist for years causing large term dam-
age to the environment and organisms that live there (Peterson
et al., 2003a, b). Wind direction has impacts on oil spill move-
ment as it generates ocean currents on the surface that dragged
oil at the wind and currents direction. However, rapid changes in
wind patterns can lead to unpredictable spill trajectories, com-
plicating cleanup efforts. Along with that wind speed also has a
great impact on the accuracy of oil spill detection. Wind speed
between 1.5 m/s to 9 m/s is perfect for the detection of oil spill in
this study wind speed for all the events was between 1.5 m/s to
9 m/s. Therefore, oil spills were detected successfully.

The environment and human health can face detrimental ef-

fects from the release of toxic gases such as CO, NO,, and SO,
during an oil spill incident, making air quality one of the major
concerns. Inhalation of these gases could result in several prob-
lems such as eye irritation, skin irritation, and respiratory ill-
nesses. Furthermore, their presence contributes to the formation
of ground-level ozone and acid rain. Sri Lanka and Red Sea
events were analyzed using S-5P NRT data to determine the con-
centration levels of hazardous fumes. As Lehr et al. (1984) study,
due to low vegetation cover in the vicinity of the Red Sea oil spill,
its impact on its impact on vegetation cover was considerably
limited but its impacts on the air quality are high. To effectively
mitigate environmental hazards and human health risks, scient-
ists should continuously measure and assess the impacts of such
events on both vegetation cover and air quality.

6 Summary and conclusions
In this study, five reported oil spills incidents were detected



138

o
=]
K

f=4

f=1

o8}
T

g

1=

1
T

Concentration of
CO/(mol-m™2)

j=4

f=1

—_
T

0 . . .
13 Sept. 2019 13 Oct. 2019 13 Oct. 2020

0.000 08

0.000 06

0.000 04

NO,/(mol-m2)

0.000 02

Concentration of

0 . . .
13 Sept. 2019 13 Oct. 2019 13 Oct. 2020

0.000 32

0.000 24

0.000 16

0.000 08

Concentration of
SO,/(mol-m?)

0 . . .
13 Sept. 2019 13 Oct. 2019 13 Oct. 2020

Fig. 13. Air quality impact assessment of the Red Sea oil spill: a.
temporal variation in concentration of carbon monoxide (CO)
levels, b. changes in the mean concentration of nitrogen dioxide
(NO,), and c. concentration of sulfur dioxide (SO,).

0.04
0.03 |
0.02
0.01

Concentration of
CO/(mol-m2)

0 . . .
8 Jun. 2020 8 May 2021 8 Jun. 2021

0.000 08

0.000 06

0.000 04

Concentration of
NO,/(mol-m™)

0.000 02

0 . . .
8 Jun. 2020 8 May 2021 8 Jun. 2021

0.8

0.6

0.4

02F

Concentration of
SO,/(mol-m™?)

0 . . .
8 Jun. 2020 8 May 2021 8 Jun. 2021

Fig. 14. Air quality impact assessment of the Sri Lanka oil spill: a.

temporal variation in concentration of carbon monoxide (CO)
levels, b. changes in the mean concentration of nitrogen dioxide
(NO,), and c. concentration of sulfur dioxide (SO,).

successfully using active RS techniques, along with that impacts
of oil spills on vegetation cover and air quality were also ana-
lyzed using optical RS technique. SAR-based oil spill detection
techniques were proven cost effective for mapping and monitor-
ing of oil spills at ocean surface. Oil has a disastrous effect on the
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fragile marine ecosystem. Therefore, impacts of oil spill on veget-
ation cover were assessed using different vegetation indices such
as NDVI, EVI, LCI, and NDWI. Furthermore, the impact of oil
spills on the air quality is also monitored. It is concluded as fol-
lows.

Wind speed in the East China Sea during the oil spill event
was high and made the detection process quite difficult. Two
slicks of 52 km? were reported but due to high wind speed, only a
small patch of oil slick was detected. The movement of oil was to-
wards the coastal areas of Japan and South Korea. Area around
10 km? computed using NDVI, 29 km? computed using EVI,
18 km? computed using LCI was affected by the oil spill.

The Balikpapan oil spill was detected successfully and a total
of 4 648 x 4 587 pixels were analyzed, and there were no look-
alikes in the image. This spill affected 510 km? vegetation cover of
the surrounding area.

The Red Sea oil spill was a massive oil spill that polluted
around 1 300 km? area. A total of 8 911x8 221 pixels were process-
ed with a threshold value of less than —4.5 dB to detect the spilled
oil. After the spill, concentrations of CO, NO, SO, was observed
0.031 mol/m?2, 20.000 054 359 mol/m2, and 0.000 28 mol/m?, re-
spectively.

Mauritius coastal area is very sensitive and a habitat of rare
species. A total of 501 x 352 pixels were processed to accomplish
the purpose of oil spill detection. After the event the water area
within leaves reduced up to 16 km?.

Feature extraction techniques were applied to detect the oil
spill of Sri Lanka, near the coast of Colombo, because of the pres-
ence of look-alikes in the SAR imagery. The Sri Lanka oil spill has
not only affected the vegetation area but also degraded the qual-
ity of surrounding air because of crude oil combustion. After the
oil spill, approximately 24 km? vegetation covered area was af-
fected, whereas concentrations of CO, NO,, and SO, were ob-
served as 0.034 9 mol/m?, 0.000 05 mol/m?, and 0.186 mol/m? re-
spectively.

Wind speed and direction were also plotted for all the events
via wind-rose diagram, and it is concluded that wind speed ran-
ging from 3 m/s to 9 m/s are favorable for the oil spill detection. It
was also observed that that wind direction significantly impacts
oil spill movement.

Validation of numerical models that forecast oil spill traject-
ories are suggested to be used for mapping the geographical dis-
tribution of an oil spill. To further enhance the quality of the out-
put, machine learning and deep learning-based techniques such
as artificial neural networks, fractal dimensions, fuzzy logic, and
completely polarized SAR imaging can be employed. Addition-
ally, RS methods such as VI can be used to identify and track ve-
getation in mangrove forests that have been impacted by oil
spills, allowing for early mitigation responses to lessen the envir-
onmental impact.
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