
MA, P., MACDONALD, M., ROUSE, S. and REN, J. 2024. Automatic geolocation and measuring of offshore energy 
infrastructure with multimodal satellite data. IEEE journal of oceanic engineering [online], 49(1), pages 66-79. 

Available from: https://doi.org/10.1109/joe.2023.3319741   

 
 
 
 

© 2023 IEEE.  Personal use of this material is permitted.  Permission from IEEE must be obtained for 
all other uses, in any current or future media, including reprinting/republishing this material for 
advertising or promotional purposes, creating new collective works, for resale or redistribution to 
servers or lists, or reuse of any copyrighted component of this work in other works. 

This document was downloaded from 
https://openair.rgu.ac.uk 

Automatic geolocation and measuring of 
offshore energy infrastructure with multimodal 

satellite data. 

MA, P., MACDONALD, M., ROUSE, S. and REN, J. 

2024 

https://doi.org/10.1109/joe.2023.3319741


IEEE JOURNAL OF OCEANIC ENGINEERING

Automatic Geolocation and Measuring of Offshore
Energy Infrastructure With Multimodal

Satellite Data
Ping Ma , Malcolm Macdonald , Sally Rouse , and Jinchang Ren , Senior Member, IEEE

Abstract—With the increasing trend of energy transition to
low-carbon economies, the rate of offshore structure installation
and removal will rapidly accelerate through offshore renewable
energy development and oil and gas decommissioning. Knowledge
of the location and size of offshore infrastructure is vital in the
management of marine ecosystems and also for safe navigation
at sea. The availability of multimodal data enables the systematic
assessment of offshore infrastructure. In this article, we propose
an automatic solution for the geolocation and size evaluation of
offshore infrastructure through a data fusion model of Sentinel-1
synthetic aperture radar (SAR) data and Sentinel-2 multispectral
instrument imagery. The use of the Sentinel-1 (SAR) data aims to
quickly localize candidate offshore energy infrastructure with its
all-weather imaging capabilities, while the high-resolution optical
data provided by the Sentinel-2 can enable more accurate localiza-
tion and measurement of the offshore infrastructure. To be specific,
a candidate detection model is applied to a time series of Sentinel-1
images to extract the “guided area” of the infrastructure, followed
by morphological operation-based precise localization within an
individual Sentinel-2 image, as well as estimating the size of each
structure. With validation against the ground truth data of the
Scottish waters from the baseline and closing bays, to the limit of
the exclusive economic zone of Scotland, an area of 371 915 km2, our
method has automatically identified 332 objects with an omission
error of 0.3% and a commission rate of 0%. Our method was com-
prehensively compared with two state-of-the-art offshore energy
infrastructure detection algorithms. The results validate that our
method achieves the highest overall accuracy of 99.70%, surpassing
the compared ones by 3.84%–12.50%. For the size evaluation, the
achieved mean errors of the topside area size of oil/gas platforms
and diameter length measurement of wind turbines both are 1
pixel in Sentinel-2 images, providing an effective technique for the
identification and estimation of offshore infrastructure.
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I. INTRODUCTION

THE introduction of engineered structures to the marine
environment can have profound effects on the ecosys-

tems, including through interactions with oceanographic pro-
cesses, biological productivity, and the spatial distribution of
fish, mammals, and birds [1], [2]. Authorities, in different
countries, such as the global marine science community, gov-
ernments/regulators, and operators are actively seeking greater
international alignment on installation and removal practices
as well as policies for offshore infrastructure to ensure their
impacts on the marine environment are minimized. This requires
accurate and accessible knowledge of structures, especially their
quantity, spatial distribution, and size.

Globally, energy infrastructure, including oil and gas plat-
forms, and wind turbines constitute a substantial proportion of
offshore structures [3], [4]. Many countries maintain databases
of offshore energy structures. However, many of these databases
have restricted access, inaccurate data, omissions, and/or lack of
up-to-date information [5], [6]. Moreover, oil and gas production
platforms can be relocated, creating a risk to the safe navigation
of shipping if nautical charts are not promptly updated with new
location data. Thus, it is highly demanding to develop a method
to quickly and accurately detect the location and properties (e.g.,
size, shape, type, structural details) of offshore infrastructure.
Although there are many conventional survey approaches that
can provide highly accurate detection, they are generally un-
suitable for deployment at the global scale because of the high
degree of time and cost requirements [7]. With the advancement
of space-based remote sensing technologies, a wide range of
satellite data is now being acquired from diverse sensors, leading
to the emergence of multimodal satellite data. As different
modalities of data may provide supplementary information to
each other, such as various coverage and imaging conditions,
the combination of them can help to achieve more robust and
accurate detection and measurements [8]. These data have the
capabilities of short revisit periods, low cost, and synchronous
observations in larger areas [9], [10]. Synchronous observation
refers to the capability of satellites to capture the data simulta-
neously or nearly simultaneously over a large area [11], [12].
Such capabilities will allow for the timely identification and
understanding of the dynamic changes in the large observed area,
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offering great potential for efficient and effective monitoring of 
the offshore energy infrastructure.

For the observation of offshore energy infrastructure, satellites 
offer a frequently updated, and archived, near-global database. 
For example, Liu et al. [7] proposed an automatic method with 
the Landsat-8 operational land imager (OLI) (band 6) for the 
detection of offshore platforms in the Persian Gulf, the Gulf 
of Mexico, and the Gulf of Thailand. This method considers the 
features of spectra, texture, size, location, and shape to discrimi-
nate the platforms from the ocean background. In [13], offshore 
oil/gas platforms in the South China Sea are identified using 
Landsat optical images, using multiple sliding windows with 
dynamic thresholds to recognize candidate objects. Followed by 
laminating, three images of consecutive periods are combined 
or layered to label interested objects, e.g., oil/gas platforms only 
when their presence is confirmed in all three images. To improve 
the platform detection accuracy with a single image, Zhu et al.
[14] employed the Harris detector and intensity-texture feature 
image to extract the platforms from a Sentinel-2 L2A Image in 
the Persian Gulf of Mexico area. Xu et al. [15] developed a visual 
saliency detection approach to determine the status of offshore 
wind turbines in the North Sea and surrounding waters, based on 
the time series of multisource optical satellite images, including 
Landsat-5 thematic mapper (TM), Landsat-7 thematic mapper 
plus (ETM+), Landsat-8 OLI), and Sentinel-2 multispectral 
instrument (MSI). Zhu et al. [16] proposed an automatic method 
for offshore platform identification on the Landsat 7 ETM+ 
images in the Caspian Sea area, where a cloud shadow-free 
normalized difference water index (NDWI) composite was built 
with multiple threshold segmentations to remove the influence 
of cloud and extract drilling rigs. Strikingly, all these methods 
employed optical imagery and so suffered from cloud contam-
ination, which can significantly reduce the number of available 
images for object detection.

The high temperature and the brightness of waste gas flames 
at night have also been used for the identification and monitoring 
of oil and gas platforms. Croft [17] first used the DMSP/OLS 
night-time light image data to identify the waste gas flame. 
Casadio et al. [18] monitored the night-time gas flaring activity 
of the extracted offshore oil/gas platforms in the North Sea area 
through the fusion of the synthetic aperture radar (SAR) and 
along track scanning radiometer (ATSR) data. The positions of 
rigs are first extracted by SAR data, and then flaring activity is 
estimated on the short-wave infrared (SWIR) band (1.6 µm) 
at ATSR. Anejionu et al. [19] developed a double threshold 
segmentation approach for the retrieval of the flaring location 
and the volume of gas combusted in the Niger Delta from 2000 to 
2014 through nighttime moderate-resolution imaging spectrora-
diometer thermal imagery. Elvidge et al. [20] further refined the 
network function virtualization algorithm [21] to extract global 
waste gas combustion sources based on the thermal anomalies 
with high-resolution national polar-orbiting operational envi-
ronmental satellite system preparatory project/visible infrared 
imaging radiometer images. Some, but not all, of these methods 
resolve the issue of cloud contamination; however, they are only 
applicable to platforms with gas combustion, and therefore not

able to detect the full suite of energy infrastructure in the marine
environment.

Given the capability of imaging through cloud and in dark-
ness, SAR can overcome the shortcomings of optical imagery.
For example, Cheng et al. [22] extracted offshore oil/gas plat-
forms from multitemporal ENVISAT ASAR data by a two-
parameter constant false alarm rate (CFAR) detector. Wong et al.
[6] detected offshore infrastructure, including oil platforms or
platform complexes and wind turbines, by using multitemporal
SAR and Google Earth Engine (GEE), in which the median com-
posite, Gaussian difference, thresholding, and morphological
postprocessing are adopted. An et al. [23] proposed an iterative
cell averaging CFAR method to detect offshore wind turbines
and oil rigs by monitoring the stationariness of marine targets on
strict time series of GF-3 and RADARSAT-2 SAR data. Nunziata
et al. [24] developed a dual-polarimetric model utilizing X-band
COSMO-SkyMed PingPong mode SAR data for metallic tar-
get observation, employing a correlation-based approach and a
CFAR method. Xu et al. [25] introduced a machine learning-
based approach for dynamic detection of offshore wind turbines
from Sentinel-1 SAR data, which includes a cumulatively av-
eraging operator, a refined Lee filter and CFAR technique for
noise reduction, a random forest model trained on the GEE
platform, and mathematical morphology-based spatial data dif-
ferentiation for monitoring wind turbine changes, demonstrating
high accuracy and potential for global offshore wind turbine
detection. Liu et al. [26] presented a time-series remote sensing
approach for detecting offshore oil/gas platforms on multisource
optical and SAR images. The method employed a stepwise
optimization strategy to mitigate noise and a cross-geocorrection
strategy using high-geometric accuracy images to rectify poorly
georeferenced images. Marino et al. [27] proposed a multipolar-
ization model to analyze the backscattering behavior of offshore
platforms using dual-polarization X-band SAR imagery, aiming
to address the challenge of reduced copolarized backscattered
intensity under low incidence angles. Liu et al. [28] developed
a novel method for the detection of global offshore oil/gas
platforms by using the position-invariant characteristic, which
aims to systematically evaluate the geometric location accuracy
of medium-resolution remote sensing data on ocean scenes. This
study validated that the data from the Sentinel-1, Sentinel-2, EN-
VISAT, and ALOS-1 have higher geometric accuracy than those
from the JERS-1 and RADARDAT-1. Zhang et al. [3] created a
global offshore wind turbine database using the Sentinel-1 SAR
time-series images spanning from 2015 to 2019. Through the
utilization of a percentile-based annual SAR image reduction
and autoadaptive thresholding algorithm implemented on the
GEE platform, the geolocations of worldwide offshore wind
turbines are successfully identified. Hoeser et al. [29] intro-
duced the deep-learning-derived offshore wind turbines data
set, a global-scale open-access data set utilizing Sentinel-1 SAR
data, along with deep-learning-based object detection using two
cascading convolutional neural networks. This data set provides
information on the deployment stages of offshore wind energy
infrastructure with a quarterly frequency spanning from July
2016 to June 2021.
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Although these studies have presented ways for geolocating
offshore energy infrastructure, most of them fail to offer a
more detailed analysis in terms of accurate location and size
measurement of different types of infrastructure. In this article,
an automatic geolocating and measuring approach to offshore
energy infrastructure is proposed by combining the strengths
of both the Sentinel-1 SAR and Sentinel-2 MSI images. To
quickly geolocate the offshore energy infrastructure, the inherent
capacity of SAR to mitigate the impact of adverse weather con-
ditions is utilized. The time-series Sentinel-1 data in conjunction
with temporal background modeling and 2-D-singular spectrum
analysis (SSA) filtering are employed to first detect the candidate
regions of interest as potential objects, referred to as “guided
area.” The geolocation is then further refined by employing the
proposed spectral-spatial method, namely, RGB (red (R), green
(G), and blue (B) bands) fused morphological reconstruction
on the Sentinel-2 MSI data. To measure the offshore energy
infrastructure, a size estimation model is subsequently intro-
duced. Specifically, a novel classification method is introduced,
leveraging spatial characteristics, to automate the classification
of offshore energy infrastructure. Finally, the topside area of
the oil/gas platform and the diameter length of the wind turbine
are measured. This proposed framework is validated against a
ground truth data set of the whole Scottish waters, covering an
area of 371 195 km2. The major contributions of this article can
be summarized as follows.

1) We present the first attempt to fuse the Sentinel-1 and
Sentinel-2 data for geolocating offshore energy infrastruc-
tures. By harnessing the complementary strengths of the
SAR and MSI data, our approach achieves efficient and
accurate geolocation of offshore energy infrastructures,
including the identification of diverse rigs within inter-
connected oil/gas platforms, which are typically treated
as a single entity in most existing studies. This work
increases the necessary granularity in geolocation analysis
for oil/gas platforms.

2) It is also the first time for the automated size measurement
of offshore energy infrastructure from satellite data. The
diameter length of the wind turbines and the topside area
size of the oil/gas platforms and semipermanent objects
are measured independently. The proposed automatic ge-
olocation and size measurement provides a comprehen-
sive understanding of the offshore energy infrastructure
landscape.

3) A novel classification method is presented to effectively
distinguish wind turbines from other types of offshore
energy infrastructure. The proposed method offers an
automated pathway for the subsequent monitoring and
measurement of offshore energy infrastructures, providing
a streamlined approach to these crucial tasks.

II. STUDY AREAS AND DATA SETS

A. Study Areas

The study area covers Scotland’s exclusive economic zone
(EEZ) and the baseline of the United Kingdom (U.K.) as well as
the closing bays (see Fig. 1). Note that the infrastructure within
internal waters is excluded because of the practice of “parking”

Fig. 1. Scottish EEZ: Location of the study area.

oil and gas platforms within internal waters for variable periods
and the corresponding challenge of generating accurate ground-
truth data. Most of the infrastructure is located beyond the
baseline and future energy structures are likely to be constructed
further offshore [30]. Scotland is located in northwest Europe
and surrounded by the North Sea on the east, the North Channel
and the Irish Sea on the southwest, and the Atlantic Ocean on
the north and west. The water depths of the study area vary from
shallow coastal waters to more than 2000 m in some ocean areas.
Scottish waters cover approximately 371 915 km2 and contain
some of the largest oil reserves in Europe. Offshore hydrocarbon
exploitation began in the 1970s and remains a major but declin-
ing activity in Scottish waters. Typical oil and gas installations
within Scottish waters include platforms that are either concrete
gravity-based or fixed steel jackets. Fixed steel jackets can com-
prise a single integrated platform or bridge-linked two or more
platforms, which inevitably increases the difficulty of platform
identification in satellite imagery. In recent years, the Scottish
government has promoted offshore renewable energy. Several
offshore wind farms have been constructed, including Beatrice
Offshore Wind Farm, Moray East Offshore Wind Farm (under
construction), HyWind Offshore Wind Farm (Aberdeenshire),
Kincardine Offshore Wind Farm (Aberdeenshire), and Aberdeen
Offshore Wind Farm (Aberdeen Bay). The Beatrice Offshore
Wind Farm with wind turbines located 25 km from the Scottish
shoreline was the world’s deepest offshore wind project at the
time of construction. The Scottish waters also host various
semipermanent objects, i.e., the structures or installations that
are intended to remain in place for an extended period of time
but are not permanent fixtures. These objects serve specific
purposes and can be moved or relocated as needed. Examples of
semipermanent objects include floating production storage and
offloading (FPSO) vessels and floating storage units.

B. Data Sets

The data used in this study include images and auxiliary
data. Image data are employed to identify offshore energy
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infrastructure in Scottish waters and analyze their sizes. Aux-
iliary data are used to assemble the ground truth data set and 
validate the spatial distribution and size of offshore infrastruc-
ture and performance evaluation.

1) Ground Truth Data Set: In this article, a ground truth data 
set of offshore energy infrastructures is constructed using:

1) Scottish Waters (200M Limit) - EEZ [30];
2) the Scotland coastline and baseline [31];
3) the Oslo and Paris Commissions Inventory of Offshore

Installations-2019 [32];
4) the offshore infrastructure distributions on the U.K.’s

Continental Shelf provided by the Oil and Gas Authority
[33];

5) the actual topside area size of oil/gas platforms measured
by experts’ knowledge and measurement tools, which are
available in the EO Browser interface [34];

6) the Beatrice Offshore Wind Farm consent plan [35];
7) development layout and specification plan for Moray

East Offshore Wind Farm [36];
8) the Design Statement for Aberdeen Offshore Wind Farm

[37];
9) the Construction Plan for Hywind Wind Farm [38];

10) Kincardine Offshore Wind Farm Environmental Scoping
Assessment [39].

The summarized ground truth data are given in Supplementary
Material (see Tables S1–S6).

2) Images for the Proposed Method: The satellite data used
in this study include the Sentinel-1 SAR data and Sentinel-2
MSI data.

Sentinel-1, developed by the European Space Agency (ESA)
as part of the Copernicus program, is a constellation of two radar
imaging satellites: Sentinel-1A and Sentinel-1B. Launched on
3 April 2014 and 25 April 2016, respectively, these satellites are
equipped with a SAR instrument, which operates in the C-band
frequency range, enabling the measurement of the backscatter
signals reflected from the Earth’s surface. The repeat cycle for a
single Sentinel-1 satellite is 12 days, while a combined operation
of the Sentinel-1A and Sentinel-1B satellites is used to ensure a
revisit cycle of 6 days [40], [41]. SAR images acquired by the
Sentinel-1 encapsulate both coherent, signifying interferometric
phases, and incoherent, pertaining to the amplitude features,
components of information. Sentinel-1 offers several imaging
modes to cater to diverse user needs. These include the stripmap,
interferometric wide swath (IW), extra wide swath, and Wave
modes. The IW mode is particularly valuable for large-scale
monitoring and mapping activities. It captures the SAR images
with a swath width of up to 250 km and achieves a spatial
resolution of 5×20 m. In addition, the IW mode provides valu-
able dual-polarization data, including the vertical transmit and
vertical receive (VV) and the vertical transmit and horizontal
receive (VH) polarization. The orthorectified VH Sentinel-1 data
can be achieved using preprocessing steps, including radiometric
calibration, thermal noise removal, speckle filter, geometric
correction, orthorectification, and terrain correction.

The Sentinel-2 data were also acquired from the ESA, which
operates as part of the Copernicus program. The Sentinel-2A
(launched on 23 June 2015) and 2B (launched on 7 March

2017) satellites offer a combined revisit period of five days
and possess a wide swath width of 290 km. Both Sentinel-2A
and Sentinel-2B satellites are equipped with a single MSI that
captures imagery across 13 spectral bands. These bands include
visible, near-infrared, and SWIR bands with a spatial resolution
of 10 m, 20 m, and 60 m, respectively. The Sentinel-2 data can
be processed to obtain higher level surface reflectance products
(Level-2A) by transforming the top-of-atmosphere reflectance
product (Level-1C) using atmospheric correction techniques. In
this study, the bands in blue (Band #2), green (Band #3), and red
(Band #4) of Sentinel-2 Level-2A data are used.

The main advantage of the Sentinel-1 data lies in its ability
to provide all-weather and day-and-night imaging capabilities
through the use of SAR technology, overcoming the limitations
of cloud cover in Sentinel-2 level 2A data. On the other hand,
Sentinel-2 level 2A data, with its optical imaging capabilities,
offer higher spatial resolution and richer spectral information.
This facilitates the observation of intricate details on the Earth’s
surface, such as small-sized infrastructure and complex oil/gas
structures.

In this article, we selectively downloaded 95 orthorectified
VH Sentinel-1 images, covering the period from June 2020
to February 2022 and 33 Sentinel-2 Level 2A data with RGB
bands spanning from March 2020 to February 2022 from the
EO browser [34]. The software and metadata used to generate
the results in this article are provided by DOI of 10.5281/zen-
odo.8171739.

III. METHODOLOGY

The proposed method includes two schemes: location de-
tection and size estimation. Fig. 2 shows the workflow of the
framework. First, the Sentinel-1 time-series data are processed
through three strategies to detect the “guided area,” or estimated
contour position of the candidate offshore infrastructures. Then,
this “guided area” is used to quickly locate the offshore candi-
dates in locally cloud-free Sentinel-2 data. Finally, three steps
are employed based on clear shape and structural information
on Sentinel-2 to refine the location and estimate the size of each
structure.

A. Data Fusion Model for Geolocation of Interested Objects

1) Candidate Detection From Sentinel-1 Time-Series Data:
a) Temporal analysis for modeling of background targets:

The ocean surface is a dynamic environment. There are a va-
riety of moving objects and changing wakes generated in the
surrounding water of offshore infrastructure. However, oil/gas
platforms and wind turbines have a temporally invariant posi-
tion. For detecting these offshore infrastructures, it is essential
to design an effective background model by removing moving,
short-duration, or subtly shifting objects. In general, the running
average and mixed Gaussian model are widely used for modeling
the background [7], [16]. However, the running average method
is easily affected by the noises in a monophase image. The
Gaussian model requires high computational cost. In this article,
a simple and fast method, namely, a temporal median-filtered
approach [28], is applied.

This article has been accepted for inclusion in a future issue of this journal.  
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Fig. 2. Flowchart of the proposed method.

Fig. 3. Platform Clair (marked in blue rectangle) and the linked platform consisting of Clair ridge drilling and process (DP) and Clair ridge quarters and utilities
(QU) (marked in yellow rectangle), and false positives (vessels and noise, marked in red circles) in the Sentinel-1 data. (a) Data ID: 2020-06-20-00_00_2020-
06-20-23_59_Sentinel-1_AWS-IW-VVVH_VH_-_decibel_gamma0_-_orthorectified. (b) Data ID: 2020-08-19-00_00_2020-08-19-23_59_Sentinel-1_AWS-IW-
VVVH_VH_-_decibel_gamma0_-_orthorectified. (c) Data ID: 2020-10-18-00_00_2020-10-18-23_59_Sentinel-1_AWS-IW-VVVH_VH_-_decibel_gamma0_-
_orthorectified. (d) Data ID: 2020-12-17-00_00_2020-12-17-23_59_Sentinel-1_AWS-IW-VVVH_VH_-_decibel_gamma0_-_orthorectified. (e) Data ID: 2021-
02-15-00_00_2021-02-15-23_59_Sentinel-1_AWS-IW-VVVH_VH_-_decibel_gamma0_-_orthorectified. (f) Temporal median image of five time-series images.

The SAR time-series data are adopted to model background
targets by using temporal changes. For each scene, the Sentinel-1
time-series images are employed. The median intensity value of
each pixel from time-series images is calculated as follows:

IM (x, y) = median {In (x, y)} n = 1, 2, . . . , N (1)

where (x, y) is the pixel location, In is the nth image in the time
series, N denotes the total number of time-series images, and IM

is the median image, i.e., the estimated static background. To
balance between the detection accuracy and computational effi-
ciency, N is set to 5 in this study. Among time-series images, the

oil/gas platforms and wind turbines have a higher occurrence
frequency than the moving objects. As a result, on the temporal
median-filtered image, due to low occurrence frequency, the
vessels and speckle noises can be successfully removed.

As shown in Fig. 3(a)–(e), different vessels (marked in red
circles) appear on the Sentinel-1 data on different dates, while
there are ships close to the oil/gas platforms. This will inevitably
increase the difficulty of removing them from the images. Using
the subtle position changes, the temporal median operation
has successfully filtered these ships and reduced the noise as
depicted in Fig. 3(f). Overall, the background ocean noise is
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Fig. 4. Five Sentinel-1 SAR images of the offshore wind turbines in the Beatrice Wind Farm. (a) Data ID: 2020-06-20-00_00_2020-06-
20-23_59_Sentinel-1_AWS-IW-VVVH_VH_-_decibel_gamma0_-_orthorectified. (b) Data ID: 2020-08-19-00_00_2020-08-19-23_59_Sentinel-1_AWS-IW-
VVVH_VH_-_decibel_gamma0_-_orthorectified. (c) Data ID: 2020-10-18-00_00_2020-10-18-23_59_Sentinel-1_AWS-IW-VVVH_VH_-_decibel_gamma0_-
_orthorectified. (d) Data ID: 2020-12-17-00_00_2020-12-17-23_59_Sentinel-1_AWS-IW-VVVH_VH_-_decibel_gamma0_-_orthorectified. (e) Data ID: 2021-
02-15-00_00_2021-02-15-23_59_Sentinel-1_AWS-IW-VVVH_VH_-_decibel_gamma0_-_orthorectified. (f) Result of temporal median image.

suppressed, yet the offshore infrastructure is accentuated. Sim-
ilar results are also obtained for the wind farm areas. It is clear
from Fig. 4(a)–(e) that, as expected, the blade part of the wind
turbine changes direction over time. By considering the wind
turbine on different dates via the temporal median operation,
the main structures of these rotating objects are maintained with
the background noise removed.

b) 2D-SSA filtering for smoothing the images: The tempo-
ral median operation can minimize the noisy objects from mov-
ing objects in the background. However, there is still other noise
remaining, especially the water wake around the offshore infras-
tructure, which can affect the geolocation accuracy [42]. To filter
such noise on the edges of infrastructure while keeping more
details and clear contours, the 2D-SSA method is employed,
which is an effective and noise-robust spatial feature extraction
tool [43], [44]. For a grayscale image, the 2D-SSA method can
decompose the image into several components and reconstruct
a new image with the main information and spatial structures.
For the image IM with size of Nx ×Ny , a sliding window L
with size of Lx × Ly , where Lx ∈ [1, Nx] and Ly ∈ [1, Ny],
is defined. Then, a trajectory matrix X ∈ RL×K can be gener-
ated, where K = (Nx − Lx + 1) (Ny − Ly + 1). The matrix
X exhibits a structure called the Hankel-block-Hankel (HbH),
which is Hankel in block terms with each one of the blocks
being Hankel by itself [43]. The matrix X is decomposed by
the singular value decomposition, resulting in eigenvalues and
corresponding eigenvectors. Afterward, the eigenvalue grouping
is carried out, wherein multiple components are chosen to form
a new matrix Xt through grouping. Note that the resulting
matrix Xt is not necessarily the HbH type. To transform Xt

into HbH matrices, a two-step Hankelization operation is used,
which involves first applying an averaging procedure within
each block and subsequently applying it between the blocks.
Finally, the reconstructed final image IRe is obtained. Details
description of the 2D-SSA process can be found in [43] and
[45]. In this article, the number of components Nc and the
size of the filtering window in 2D-SSA are set to 1 and 5 × 5,
respectively. The determination of these parameters is illustrated
in Supplementary Material (see Figs. S1 and S2).

c) Adaptive threshold segmentation for object detection:
After obtaining a filtered image, an adaptive threshold segmen-
tation is applied to extract the candidate regions of interest
as potential objects. The widely used method, OTSU [46], is

employed here to adaptively determine an optimal threshold for
each scene by maximizing the weighted sum of between-class
variance of the foreground and the background. Specifically,
OTSU is first applied to obtain the threshold value TS1. Pixels
with intensity values higher than TS1 are considered for offshore
infrastructure as follows:

ODs1 (x, y) =

{
1, if IRe > TS1

0, otherwise
. (2)

As seen in Fig. 5(a) and (f), there is a lots of noise remaining
in the temporal median image, especially on the edges of the
object. We can find from Fig. 5(c) and (h) that the 2D-SSA filter
can effectively smoothen the temporal median image, especially
on the edge area. When applying the threshold segmentation, the
detection results in Fig. 5(b) and (g) show many noises on the
edges, even on the ocean background (marked with a red circle).
In contrast, the segmentation on the 2D-SSA-filtered image, as
shown in Fig. 5(d) and (i), presents better performance. Based on
the detection result in Fig. 5(d) and (i), the contour range can be
acquired, as shown in Fig. 5(e) and (j). From Fig. 5, for different
kinds of offshore infrastructures with varying characteristics,
the OTSU method exhibits effective performance in selecting a
proper threshold to extract the contour ranges. However, because
of the low spatial resolution, it is difficult to detect the location
of each platform from the linked platform’s structure, as shown
in Fig. 5(a)–(e), i.e., the linked platforms are identified as one
object. This problem will further be addressed by combining
Sentinel-1 with the high-resolution Sentinel-2 data in the fol-
lowing section.

2) Precise Localization on Individual Sentinel-2 Data:
Without the effect of clouds, the Sentinel-1 data can efficiently
obtain the approximate locations of offshore infrastructure.
Then, the high-resolution Sentinel-2 data are further applied
for precise localization. As shown in Fig. 6(a) and (b), the
detected object from Sentinel-1 has indicated a larger size than
that from the Sentinel-2 image, mainly because of the wake
detected around the oil/gas platforms in the Sentinel-1 data.
The SAR sensor in Sentinel-1 is particularly sensitive to surface
roughness and can capture the wakes created by moving vessels
or oil/gas platforms on the water [47]. In contrast, Sentinel-2 is
equipped with a multispectral optical sensor and focuses on land
monitoring [48]. The wakes are invisible or nondistinguishable
in Sentinel-2 images, as shown in Fig. 6(b). Given this, the
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Fig. 5. 2D-SSA filtering and threshold segmentation results. (a) Temporal median image of the linked platforms Clair ridge DP and Clair ridge QU. (b) Threshold
segmentation results on (a). (c) 2D-SSA filtered image of (a). (d) Threshold segmentation results on (c). (e) Detected contour range on (d). (f) Temporal median
image of the wind turbine BE-A5. (g) Threshold segmentation results on (f). (h) 2D-SSA filtered image of (f). (i) Threshold segmentation results on (h). (j) Detected
contour range on (i).

Fig. 6. Platform identification from the linked structure of Clair ridge DP and Clair ridge QU. (a) Linked structure in Sentinel-1 data with the contour range
marked in cyan. (b) Linked structure in the Sentinel-2 true color image covered the same latitude and longitude range of (a). (c) Zoomed-in image of (b) in “guided
area” (contour range). (d) Detection result ODf using RGB fused morphological reconstruction. (f) Detection result after the adaptive morphological opening
operator.

detected contour range on Sentinel-1 data in Section III-A1 is
taken as a “guided area” to refine the precise detection of the
offshore infrastructures using the Sentinel-2 data, especially for
the separation of the linked structures. In this section, a spectral-
spatial detection method, namely, RGB fused morphological
reconstruction is proposed.

The morphological reconstruction can extract spatial features
by fully utilizing the shape and size information of objects from
the input image. Given the different distinguishability of red,
green, and blue bands in the Sentinel-2 image, the morphological
reconstruction is separately performed on the R, G, and B
channels. First, the opening-by-reconstruct operation is applied
as follows:

OR = Vk≥1D
(k)
IR

(IR � b) (3)

where IR is the R channel in Sentinel-2, b is the structural
element, and (IR � b) is the erosion of IR by b. Here, a disc

structural element is employed because it satisfies the rotation
invariance, and thus can avoid causing potential distortion of
image features [49]. The radius size of b is set to 2. The grayscale
reconstruction DIR(IR � b) is operated by iterating grayscale
geodesic dilations for k times until stability is reached. In each
iteration, it is calculated as follows:

D
(1)
IR

(IR � b) = [(IR � b)⊕ b] ∧ IR (4)

where ⊕ stands for the dilation and ∧ presents the pointwise
minimum.

Then, a closing-by-reconstruction is used to refine the shape

CR = Vk≥1E
(k)
OR

(OR ⊕ b) (5)

E
(1)
OR

(OR ⊕ b) = [(OR ⊕ b)� b] ∨OR (6)

where ∨ stands for the pointwise maximum.
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In morphological reconstruction, the erosion and dilation 
can significantly remove irregular noises on the object surface, 
while the pointwise computation with input image maintains the 
shape details of objects. Finally, a threshold also using OTSU 
is obtained, TS2, to extract the object pixels. As a consequence, 
the final result ODf is obtained by using decision fusion of the 
detection results in three channels, ODR, ODG, and ODB , as  
follows:

ODf = ODR � ODG � ODB (7)

where � stands for the Hadamard product. That is, only the
pixels detected by all channels are regarded as objects.

Postprocessing using an adaptive morphological opening op-
erator is then applied on ODf to remove noise and bridges in
the linked platform. In this operator, the erosion operation can
remove bridges and the following dilation operation can read the
pixels on edges guaranteeing the accurate evaluation of the area
size of offshore infrastructure. In the morphological opening
operator, an adaptive structural element is proposed

di =

⌊(
Lai − Lgmin

Lgmax − Lgmin
× (w2 − w1 + 1) + w1

)
× rs2

ri

⌋

(8)
where rs2 presents the spatial resolution of Sentinel-2 image,
i.e., 10 m. Lgmax and Lgmin are the maximum and minimum
lengths of the major axis in the obtained “guided area” of all
detected objects. For the ith detected object, di is the radius
value, ri is the spatial resolution of the input image, and Lai
stands for the length value of the major axis of its “guided area.”
The [w1, w2] denotes the range of di and set to [0, 1] in this
article. In this way, the morphological opening is only operated
on the linked platforms with large “guided area” sizes. This
setting avoids the loss of blades in the detection of wind turbines.

From Fig. 6, it is clear that the linked platforms can be
effectively extracted. The RGB fused morphological reconstruc-
tion method maintains the shape of the offshore infrastructure.
As shown in Fig. 6(e), the adaptive postprocessing strategy
successfully removed the bridges in linked platforms.

B. Size Estimation Model

In this section, based on the geolocation results, the topside
area of oil/gas platforms and the diameter of the wind turbine
are further determined for evaluation as follows.

1) Offshore Infrastructure Classification: First, wind tur-
bines need to be separated from the oil/gas platforms and
other targets before applying different kinds of measurement.
To achieve this, here, two parameters, the minor axis and the
circularity of the “guided area,” are utilized

circularity =
4π ×Np

P 2
(9)

where Np is the number of pixels in one detected object on
Sentinel-2 data and P stands for the perimeter value. Wind
turbines usually present a smaller topside area than almost all
other kinds of offshore infrastructures. However, there are some
small-sized infrastructures, such as the rig Mungo and Beryl
Single Point Mooring (SPM)-3. Because of the long and slender

Fig. 7. Diameter length evaluation of wind turbines. (a) Wind turbines dia-
gram. (b) True color Sentinel-2 image of three wind turbines in the Aberdeen
Offshore Wind Farm. (c) Zoomed-in view of a single wind turbine with blade
highlighted with yellow rectangular and nacelle marked with a red circle.
(d) Detected wind turbine structure and bounding box settings.

blades, the wind turbines present a low circularity, whereas
some semipermanent objects, such as FPSO, also have low
circularity. Therefore, to separate the wind turbines from all
oil/gas platforms and semipermanent objects, (10) is adopted.
That is, for the ith detected object, if its minor axis of “guided
area” is smaller than or equal to 10 and the circularity value is
smaller than 1, then it is classified as a wind turbine

f (i) =

{
1, if Loi ≤ 10 and circularity < 1
0, otherwise

(10)

where Loi stands for the length value of the minor axis of its
“guided area.”

2) Determining the Topside Area of Oil/Gas Platforms: In
the Sentinel-2 images, the topside area of the oil/gas platform,
defined as the platform area above sea level, can be calculated
based on the spatial resolution of the images. Given a spatial
resolution of rS2 (meter), the topside area of one identified
platform in the Sentinel-2 image is defined as follows:

S = Np× r2S2 (11)

where S donates the topside area of one oil/gas platform.
3) Estimating the Diameter of Wind Turbines: The structures

of slender blades and nacelle of the wind turbine can be observed
in the Sentinel-2 image (see Fig. 7). As shown, the diameter
can be calculated as twice the length of one blade. As shown
in Fig. 7(a), θ is the rotational azimuth of one blade. When θ
equals 90◦, the full length of one blade is presented. Then, a
bounding-box-based strategy is used to locate two blades of one
wind turbine in the Sentinel-2 image.

A morphological erosion operation with a disc structural
element, a radius of 1, is employed to erode the slender blades be-
fore detecting the center of nacelle parts. As shown in Fig. 7(d),
the detected whole wind turbine is highlighted in gray, and
the pixels of the nacelle center parts detected by the erosion
operation are marked in white. By using the locations of nacelle
pixels and the bounding box, the diameter of the wind turbine
Dist is calculated as twice the length of the longer blade

Dist = 2×max

(√
(xnac − x1)

2 + (ynac − y1)
2 ,

√
(xnac − x2)

2 + (ynac − y2)
2

)
(12)
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where (xnac, ynac) is the center location of nacelle pixels; (x1, y1)
and (x2, y2) denote locations of the top of two blades.

However, in most cases, the angular θ �= 90◦. Consequently,
only portions of the wind turbine blade are captured in the
Sentinel-2 images as it keeps rotating. To improve the measure-
ment accuracy, 12 consecutive images from Sentinel-2 time-
series images are utilized. Specifically, the diameter is first
calculated in each image, and the maximum in every four images
is selected. The final diameter of one wind turbine is determined
by averaging three maximum values.

C. Validation

A mask generated using the Scottish EEZ, the Scotland coast-
line, and baseline is utilized to exclude the land and island areas.
The performance of the proposed method is quantitatively as-
sessed in terms of the accuracy of the geolocation and size mea-
surement of the offshore infrastructures within the whole study
area. The ground truth constructed in Section II-B, including the
latitude, longitude, and size for each offshore infrastructure, is
given in Supplementary Material (see Tables S1–S6).

For quantitative evaluation of the geolocation of the offshore
energy infrastructures, the detection probability (DP), overall
accuracy (OA), commission rate (CR), and omission rate (OR)
are employed. As illustrated in Supplementary Material (see Fig.
S3), the ground truth only provides an approximate location
of the target infrastructure, which is not situated at the exact
center of the target. Therefore, the proposed method extracts
all pixels that belong to each detected infrastructure to form
a location range as the detection outcome. If the detected lo-
cation range contains the positioned ground truth point, it is
considered a correct detection. Otherwise, if a detected location
range does not encompass any positioned ground truth point,
it can be deemed as a commission error, i.e., false detection.
This occurrence arises because of the misidentification of other
objects as offshore energy infrastructures. In the case that no
location range is detected for a positioned ground truth point, it
is regarded as an omission by the proposed method.

The DP, OA, CR, and OR are calculated as follows, where
Na, NG, Nc, and No denote, respectively, the number of offshore
energy infrastructures that is correctly detected, the actual total
number of offshore energy infrastructures in the ground truth
data, the number of the objects that is misidentified as the
offshore energy infrastructures, and the number of offshore
energy infrastructures that is omitted by the proposed method.

DP = Na/ (NG× 100%) (13)

CR = Nc/ (NG× 100%) (14)

OR = No/ (NG× 100%) (15)

OA = Na/ ((Na+Nc+No)× 100%) . (16)

The comparison analysis was conducted and benchmarked
with two state-of-the-art offshore energy infrastructure detection
methods. The first is the GEE offshore infrastructure detector
(GEEOID), using the Sentinel-1 SAR data [6]. GEEOID used
the median-filtered composite strategy, a difference of Gaus-
sians, and postprocessing operations of erosion and dilation.
The offshore infrastructure map capability of GEEOID has

been validated through the detection of the oil platforms in the
Gulf of Mexico and the extraction of the wind turbines in the
waters of China and the United Kingdom. In this study, the prior
testing of parameter settings is carried out in the Scottish waters.
The optimal configurations encompassed 50 m in erosion, 5 m
in dilation, and a threshold value set at 0.85. For analysis, the
Sentinel-1 data from June 2020 to January 2022 are adopted.
The second compared method is the NDWI composite method
[16] based on the optical imagery, which includes the mini-
mum NDWI (Min_NDWI), maximum NDWI (Max_NDWI),
and mean NDWI (Mean_NDWI). It uses the Landsat-7 ETM+
images in two consecutive years in the Caspian Sea for iden-
tification and Night-light data and Sentinel-2 images for ver-
ification. Different thresholds are applied on the NDWI com-
posite to classify the water, island, and offshore oil/gas plat-
forms with certain rules: water body (Max_NDWI>0.55),
island (Min_NDWI<−0.05), and offshore oil/gas platforms
(0<Mean_NDWI<0.4). Herein, we apply the NDWI composite
method to the Scottish waters to investigate its performance. To
ensure a comprehensive coverage of the entire study area in the
Scottish waters, this study utilizes data from Landsat 7, Landsat
8, and Sentinel-2 for two consecutive years, i.e., from June 2020
to July 2022. The optimal threshold value for oil/gas platform
extraction is set to 0.3 after trail tests in the study area.

For evaluating the size detection accuracy, the size error (SE)
and mean size error (MSE) are utilized. Here, SE indicates the
difference between the extracted size and the actual size of each
infrastructure in the ground truth, and MSE denotes the average
SE value for all the extracted offshore infrastructures. Consid-
ering the varying sizes of different offshore infrastructures, the
size error rate (SER) is also computed as the ratio of SE and
the actual size of each offshore energy infrastructure as well as
the mean size error rate (MSER), which refers to the average
SER for all the detected infrastructures.

The proposed method is implemented using the MATLAB
2018a platform on a computer with an Intel Core i7-8700 CPU
(3.20 GHz) and 16.0 GB of memory.

IV. RESULTS

A. Geolocation Accuracy Analysis

1) Quantitative Evaluation of the Geolocation Accuracy: In
Scottish waters, a diverse range of offshore energy infrastruc-
ture can be found, including oil/gas platforms, semipermanent
objects, and wind turbines. Table I provides a summary of their
respective quantities. By combining the Sentinel-1 SAR data
and Sentinel-2 MSI data, our method can correctly detect 332
objects only with one omission. The one omission is from the
bridge-linked platforms, i.e., BERYL FLARE. Thus, for all
offshore infrastructures in Scottish waters, the probability of
detection and OA is 99.70% and the commission error rate is
0%. Specifically, the DP is 100% for offshore wind turbines,
single oil/gas platforms, and semipermanent objects. The DP for
bridge-linked platforms is 97.92%. More discussions are given
in Section V. Fig. 8 illustrates the spatial distribution of the
detection results, while the detected location range is detailed in
Supplementary Material (see Tables S7–S12).
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Fig. 8. Offshore infrastructure detection results by our proposed method.

TABLE I
NUMBER OF DIFFERENT OFFSHORE INFRASTRUCTURES IN THE GROUND TRUTH

As shown in Fig. 8, the correctly identified offshore infras-
tructures are marked as red dots and omissions are highlighted
as yellow dots. The zoomed-in images for area A show the
detection in the east part of the EEZ, from which we can find
the distribution of the omitted structure. The zoomed-in image
for area B presents the wind turbines distribution in the Beatrice
Offshore Wind Farm and Moray East Offshore Wind Farm. As
seen in Fig. 8, most offshore infrastructures are located in the
eastern waters of Scotland. This intensive distribution results in
more background noise and moving vessels.

2) Comparison With Other Methods: The comparison results
are given in Table II. With an OA of 95.86%, the GEEOID
method can successfully detect 324 out of 333 offshore infras-
tructures in Scottish waters. Specifically, all the wind turbines
are successfully identified with a DP of 100%. In comparison
with the proposed method, GEEOID generates several omissions
that primarily arise from linked oil/gas platforms with intricate
structures. The original literature of GEEOID [6] states that

TABLE II
DETECTION RESULTS OF DIFFERENT METHODS ON 333 OFFSHORE

INFRASTRUCTURES IN SCOTTISH WATERS

these linked oil/gas platforms are considered as a single infras-
tructure, without attempting to differentiate the individual rigs
within each linked oil/gas platform. Consequently, the coarse
resolution of Sentinel-1 data utilized by GEEOID fails to provide
sufficient detailed information for accurate identification and
differentiation.

As given in Table II, the NDWI composite method generates
an overall detection accuracy of 87.20%. Compared with the
other two methods, the NDWI composite produces more omis-
sions, which are mainly from the wind farm areas and linked
oil/gas platforms. The offshore infrastructure detection in Scot-
tish waters is more complicated because there are different kinds
of infrastructures, including oil/gas platforms, wind turbines,
semipermanent objects, and so on. The frequent cloud coverage
on optical data and the fixed threshold value settings have led
to difficulties in detecting small-sized wind turbines. Although
clouds and shadow removal algorithms are employed to reduce
the influence on the NDWI index, many noise objects still remain
and result in misidentifications.

B. Evaluation of the Estimated Size Accuracy

1) Size Accuracy of the Topside of Oil/Gas Platforms and
Semipermanent Objects: The calculated topside area of all
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TABLE III
CORRESPONDING NUMBER OF INFRASTRUCTURE WITH DIFFERENT

SE AND MSE

TABLE IV
NUMBER OF INFRASTRUCTURE WITH DIFFERENT SER AND THE

CORRESPONDING MSER

correctly identified oil/gas platforms and semipermanent
infrastructure are listed in Supplementary Material (see Table
S13), where the size evaluation accuracies are summarized in
Tables III and IV for comparison. With a spatial resolution of 10
m, the area size of the corresponding surface for 1 pixel is 100 m2.
As illustrated in these tables, our proposed strategies for evaluat-
ing the topside area have achieved promising results. For the 19
semipermanent objects and 101 oil/gas platforms detected by our
method, there are 12 rigs, i.e., Ninian North, Northern Producer,
Brent Bravo, Brent Delta, Beatrice Charlie, Beatrice Alpha
Drilling, Beatrice Alpha Production, Beatrice Bravo, Manifold
and Compression Platform 01, Frigg Treatment platform 1, Frigg
Concrete drilling platform 1, and Frigg Treatment Compression
Platform 2, have undergone decommissioning in recent years
with many structures being removed or partially removed. For
these decommissioning structures, accurate detection of cut
legs above the water is of minor importance in documenting
offshore energy infrastructure, as this is a temporary state
during the decommissioning process. Final decommissioning
in the North Sea requires that all platforms are either fully
removed or cut to footing below the sea surface with no surface
elements remaining. To this end, we exclude such objects in
size evaluation in this article. As a result, the topside sizes of 89
oil/gas platforms and 19 semipermanent objects are evaluated.

As given in Table III, for 20 out of 89 rigs (or 22.473%),
the SE is lower than 100 m2, i.e., less than 1 pixel in Sentinel-2
images. For 55 oil/gas platforms (or 61.80%), the SE is lower
than 300 m2, i.e., 3 pixels. On the other hand, more than 5 pixels

SE is generated on seven rigs, namely, Cormorant A, Eider,
Piper B, Brae A, Golden Eagle Wellhead Platform, Golden Eagle
PUQ Platform, and Elgin PUQ. The linked platforms usually ex-
hibit a large contour range in the Sentinel-1 data, which leads to a
high radius value setting of structural elements in morphological
opening operation. However, the rigs in linked structures usually
have different topside area sizes. The smaller rig in the linked
platforms will be recognized as a smaller size than its actual
area. Overall, the MSE on the oil/gas platforms is 45.5 m2, i.e.,
less than 1 pixel in Sentinel-2 images, which has validated the
effectiveness of our proposed method. With regard to the SER
given in Table IV, there are 8 infrastructures (or 8.99%) with
an SER lower than 1%, while 63 structures (or 70.79%) have an
SER smaller than 10%. On 7 infrastructures (or 7.87%), the SER
is larger than 20%, which includes Beryl Alpha, Beryl SPM-3,
Bruce D, Golden Eagle Wellhead Platform, Forties Unity, Cats
Riser, and Elgin PUQ. These infrastructures have relatively
small topside area sizes. Thus, even if they show a small SE
around 3 pixels in the Sentinel-2 image, the SERs are still high
and further increase the MSER. On the contrary, there are infras-
tructures, such as Cormorant A, Piper B, and Brae A, that show
high SEs but low SERs. This is mainly because they have large
actual topside area sizes. These results further validate the chal-
lenges of estimating the size of linked rigs. More details on the
infrastructure with large SE and SER are discussed in Section V.

As for the topside area estimation of semipermanent objects,
5 out of 19 (or 26.32%) have achieved an SE lower than
1 pixel in the Sentinel-2 images, while 7 out of 19 (or 36.84%)
obtain an error lower than 300 m2, or 3 pixels in the Sentinel-2
image. There are 9 objects (or 47.37%) that are detected with
an SE higher than 500 m2, or 5 pixels in the Sentinel-2 image.
In contrast to the oil/gas platforms with a fixed location, the
semipermanent objects would drift with waves. In the Sentinel-1
time-series images, only the parts of semipermanent objects with
high repetition are detected. Therefore, the detected contour
range in the Sentinel-1 is too small to extract the whole size
of these objects in the Sentinel-2 images. The obtained MSE
becomes 765.9 m2 (or around 8 pixels in the Sentinel-2 image),
which is higher than that of oil/gas platforms. Similarly, these
semipermanent structures present a high MSER of 12.56%,
as given in Table IV. Here, four objects (or 21.05%) have an
SER higher than 20%, including Kraken FPSO, Alba FPSO,
Pierce FPSO, and Culzean FPSO. Our method only detects
their partial structures because of the limited contour range.
They also have a higher SE than 20 pixels in the Sentinel-2
image, which significantly increases the MSE and MSER results
for semipermanent objects. However, the other 12 (or 63.16%)
semipermanent objects show a lower SER than 10%. That is,
most semipermanent objects can achieve promising SER results.

2) Accuracy of Estimated Diameter of the Wind Turbines:
The accuracy of the estimated diameters of the wind turbines is
evaluated in this section. Due to a low spatial resolution of 10 m,
the calculated length which is less than 1 pixel is presented
as ±5 m. Table V summarizes the evaluation results of the
estimated diameters for the wind turbines, where the detailed
detected results from all wind farms are given in Supplementary
Material (see Tables S14–S18). The actual diameters in different
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TABLE V
DIAMETER LENGTH EVALUATION OF WIND TURBINES IN SCOTTISH WATERS

wind farms vary in the Scottish waters, which are listed in
Table V.

In the Beatrice Offshore Wind Farm, there are 86 wind tur-
bines apart from the 2 offshore transformer modules (OTMs).
Among them, the SE of the estimated diameters for 22 wind
turbines (or 25.58%) is less than 5 ± 5 m (SER<3.25%). For 55
wind turbines, the errors are lower than 10 ± 5 m (SER<6.49%).
In addition, the SE of all wind turbines in the Beatrice Offshore
Wind Farm is lower than 20 ± 5 m (SER<12.99%), i.e., 2 pixels
in the Sentinel-2 images. Overall, the MSE of wind turbines
in the Beatrice Offshore Wind Farm is 9.3 ± 5 m (MSER is
6.04%), which is around 1 pixel in the Sentinel-2 images. In
Moray East Offshore Wind Farm, there are 100 wind turbines
and 3 offshore substation platforms (OSPs), in which 10 out of
100 wind turbines (or 10%) have an SE lower than 55 ± 5 m
(SER<3.05%). There are 59 wind turbines (or 59%) with an SE
lower than 10 ± 5 m (SER<6.10%) and 94 wind turbines with
an SE lower than 20 ± 5 m (SER<12.20%). No wind turbine is
estimated with an SE larger than 30 ± 5 m. The MSE is around
1 pixel in the Sentinel-2 image. In the HyWind, Kincardine, and
Aberdeen Offshore Wind farms, all wind turbines show SE lower
than 10 ± 5 m. The MSE and MSER in the HyWind, Kincardine
and Aberdeen Offshore Wind farms are all less than 10 m (1 pixel
in the Sentinel-2 image) and 5%, respectively.

In summary, there are 207 wind turbines in the study area,
of which 135 (65.21%) of them have an SE lower than
10 ± 5 m. The 201 (97.10%) wind turbines show an SE lower
than 20 ± 5 m, i.e., 2 pixels in the Sentinel-2 image. The MSE
and MSER for wind turbines in the whole of Scottish waters are
7.7 ± 5 m and 4.89%, respectively. For the different offshore
wind farms in Scottish waters, the MSE is all less than 20 ± 5 m
and the MSER is lower than 7%. These results further validate
the effectiveness of our proposed method in the size evaluation of
offshore infrastructures. It provides the potential for monitoring
and analyzing the wind turbine blades in the future.

V. DISCUSSIONS

Fig. 9(a) and (b) shows the cases of omissions in the location
detection and infrastructures with a large SE in the Sentinel-1
and the final detection results in Fig. 9(c). For the location
detection, there is one omission which is from the platform

Fig. 9. Different kinds of offshore infrastructure in (a) Sentinel-1,
(b) Sentinel-2, and (c) detection results.

complex, i.e., linked oil/gas platforms with bridges. As shown
in Fig. 9(b), our method fails to identify the platform Beryl flare
in infrastructure #1 (marked in yellow circles). This omission is
because the platform Beryl flare shows similar spectral and spa-
tial features with the bridges (e.g., color, size, and shape). This
case is more complex. The structural element in morphological
opening operation can identify the pixels and the corresponding
neighborhood in the image to be processed [50]. This platform
is identified as the part of bridge and then removed by the
morphological opening operation. For infrastructures #2 and #3,
the high SE and SER are generated. These are mainly because
the same radius values of structural elements in morphological
operators are used for all rigs in one linked structure, even though
rigs show different topside area sizes. Infrastructure #2 consists
of platforms Bruce PUQ, Bruce CR, and Bruce D, where the
platforms Bruce CR and Bruce D are identified with higher
SER than 10%. The platform Elgin PUQ in infrastructure #3
is identified with SE equaling around 9 pixels in the Sentinel-2
image. It is clear from Fig. 9(b) that in infrastructures #2 and #3,
rigs have significantly different topside area sizes. Infrastruc-
ture #4 is the Beryl SPM-3, which has a significantly smaller
size than the oil/gas platform. Because of the small size, weak
intensity, and 2D-SSA filter used in the proposed method, the
detected contour range is limited in the Sentinel-1 data. As
shown in Fig. 9(c), based on the “guided area” obtained from
the Sentinel-1 data, only part of the structure is detected and
evaluated in the Sentinel-2 image. As a result, the structure is
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detected with a large SER. In contrast to the fixed position of the
oil/gas platform and wind turbine, most semipermanent objects
are floating steel, which makes them easily drift with waves.
After the temporal median operation, only the area with a high
appearance frequency of these floating objects can be detected
as the contour range, which inevitably narrows the “guided area”
in the Sentinel-2 images. The detection result of infrastructure
#5, namely, Pierce FPSO, is illustrated in Fig. 9. By comparing
Fig. 9(a) and (b), it is clear that this FPSO has shifted slightly
over time. As a result, only a small part is extracted, as shown
in Fig. 9(c), which significantly increases the SE evaluation.
Infrastructure #6 is the wind turbine BE-G12 in the Beatrice
Offshore Wind Farm. As shown, the proposed method fails to
extract the nacelle part correctly, which leads to the error in the
blade length estimate and finally obtains a short diameter size.
For most wind turbines, the generated SE is mainly because of
the inaccurately detected location of nacelle parts.

VI. CONCLUSION

In this article, we have proposed an automatic method for
geolocating and measuring of offshore energy infrastructure by
leveraging multimodal satellite data, i.e., Sentinel-1 SAR and
Sentinel-2 MSI data. First, we demonstrate that by using the
complementary strengths of SAR and MSI data, our method
can produce highly accurate geolocation of the offshore energy
infrastructure in Scottish waters, specifically diverse rigs within
interconnected oil/gas platforms. With a remarkable detection
accuracy of 99.70% achieved for 333 offshore infrastructures,
our method has successfully extracted all single oil/gas plat-
forms, wind turbines, and nearly all rigs within linked oil/gas
platforms with only a single omission observed. Second, the
proposed classification model, which utilizes the minor axis and
circularity of the “guided area,” has proven to be very effec-
tive in distinguishing wind turbines from other offshore energy
infrastructure. As a result, the model enables automated size
measurements, allowing for independent measurement of the
topside area size of oil/gas platforms and semipermanent objects,
as well as the diameter length of wind turbines. The SEs for
wind turbines, oil/gas platforms, and semipermanent objects are
around 1, 1, and 8 pixels, respectively, in the Sentinel-2 images,
while the SER is less than 10% for most of the structures. To
sum up, our proposed method has realized automatic geolocation
and size measurement of different kinds of offshore energy
infrastructure. The experimental results have demonstrated its
efficacy in automatic offshore infrastructure detection and eval-
uation in a vast sea area, which has met the needs for practical
applications. The future work will expand upon the research
in self-attention modeling [51], rapid and cost-effective object
detection [52], change detection, and monitoring of offshore
energy infrastructure [53], [54].
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