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Abstract: Mooring lines play a vital role in offshore marine operations by limiting marine vessels' free
movement on the water. Problems in mooring lines must therefore be detected and solved beforehand to guarantee
successful and loss-free offshore operations. Sudden and undetected failure of mooring lines has caused significant
disruptions of operations. Many studies focus on mooring lines failure and give ts comprehensive description.
Available solutions to detect faults in mooring lines comprise the conventional line tension measurements. Circle-
based GPS approaches are less accurate, unreliable, expensive, difficult to install, and maintain. They usually have a
limited lifetime or the most recent Deep Learning-based techniques, which are computationally costly, data-hungry,
and inefficient to localize thin mooring lines from images. In this research study, we present MoorFDM: Mooring
Fault Diagnosis and Monitoring- a novel image-based framework for process monitoring and fault diagnosis of thin
mooring lines. MoorFDM monitors and detects faults well in the thin mooring lines from images using our novel
line pooling algorithm. Our proposed framework is validated using web-based light mooring line images and
images from an oil and gas company with accurate results.
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1. Introduction

Offshore marine operations such as hydrocarbon
product drilling and offloading employ mooring
systems to restrict the vessel motion and heading
variation for the mobile floating marine structures [1].
Someone can carry maritime operations efficiently.
Thus, mooring systems are temporary or permanent
structures that obviate the free movement of the
hydrocarbon production FPSOs [2], [3], [4], mobile
offshore drilling units MODUs [5],[6] and shuttle
tankers on the water during their relevant offshore
operations. In the case of MODUs, mooring systems
accompany a dynamically positioned system that aims
to maintain the marine vessel's position automatically
(either a fixed position or a pre-defined track) using
exclusive thruster systems [7]. Mooring systems are,
therefore, vital for the successful offloading and
drilling of hydrocarbon products in the offshore oil and
gas industry. These systems typically comprise
mooring lines, anchors, and connectors. Environmental
conditions such as winds, waves, and currents
[8linfluence the mooring lines' constituent materials.
Mooring systems most widely used for FPSOs are the
Turret mooring [9, 10] and Spread mooring systems
[11]; MODUs are also commonly equipped with
Spread mooring systems while the shuttle storage
tankers usually employ Single Point Mooring (SPM)
Systems [12-14].

1.1. Rationale: The Issue of High-Cost and
Inefficient Process Monitoring and Fault Diagnosis
of Mooring Systems

There are various risks associated with the mooring
systems, mainly when they operate under severe
environmental conditions. According to statistics, 80%
of the risk of offloading operations for these mooring
systems concern safety and efficiency [15]. The high
impact consequences of mooring arrangement failures
include vessel drifting, riser rupture, production
shutdown for FPSOs, major hydrocarbon release to the
environment, and a considerable repair cost for the
damaged lines [16]. As per viable literature, the price
of a single mooring line failure is approximately £2M
for 50,000 BPD (barrels/day) and £10.5M for 250,000
BPD for FPSOs in the North Sea and West Africa,
respectively [17].
These costs are still nothing compared to those
resulting from catastrophic failures such as the
Gryphon FPSO mooring failure in Scotland with a loss
exceeding approximately $1 billion [18]. Thus, it is
evident that the potential cost of not detecting such
failures is far greater than the cost of implementing a
real-time mooring monitoring solution. Despite the
highly sought-after advantages of mooring monitoring
solutions, the petroleum companies limit their
deployment due to the high operational and
maintenance costs associated with these solutions. A

mooring monitoring solution is estimated to be around
USD 1 million to 2 million per moored unit, which is
very expensive. Monitoring of mooring lines and the
mooring hawser generally detects the mooring systems'
faults. But unfortunately, the available approaches for
the fault detection of mooring lines are expensive to
install and maintain, unreliable, inaccurate, and come
with a brief lifetime. Hence, the hour's need is an
effective and low-cost solution for the timely process
monitoring and fault diagnosis of the mooring lines.
Since each mooring line has its characteristics,
dimensions, and mooring configuration, therefore, the
fault detection system must be generic and extendable
to other mooring lines and compositions.

This research work presents MoorFDM — a novel
image-based framework to address the mentioned issue
of high-cost and inefficient process monitoring and
fault diagnosis of mooring lines. MoorFDM efficiently
monitors and detects faults in the mooring operation
via departure angle monitoring of the mooring lines
and is expected to reduce the cost of mooring
monitoring and fault detection by 70-80% compared to
the existing approaches.

2. Methods/ Materials

In this research work, we propose to monitor and
diagnose faults in the mooring operation via the
departure angle monitoring of the mooring lines as a
shift in the moored line's angle is an indication of
subsequent marine vessel drift. One calculates the
departure angles of the mooring lines after detecting
them. We propose to see mooring lines from images via
a two-step process that is:

1.Mooring region identification via an SVM and

sliding window object detector

2.Localization of the mooring lines in the detected

mooring region via probabilistic Hough

transforms followed by line refinement via our

novel line pooling algorithm.
The proposed line pooling algorithm reduces the
naively detected lines by probabilistic Hough transform
to meaningful mooring lines. We calculate the
departure angles for the detected mooring lines using
geometric line measures. We do not utilize deep
learning object detectors to detect and localize mooring
lines from images because they appear as thin objects.
The coarse bounding box-based deep learning detectors
do not localize delicate items accurately.

2.1. Contributions and Expected Impact
The contributions of our research work are three-

fold, namely:

e A novel image-based framework (MoorFDM) for
low-cost and efficient process monitoring and fault
diagnosis of mooring lines via departure angle
monitoring.

e A novel line pooling algorithm for the refinement
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and redundancy suppression of the lines detected

via probabilistic Hough transform.

o Validation of the proposed approaches with accurate
results.

MoorFDM has a significant impact on the oil and
gas industry by reducing the cost of mooring
monitoring and fault diagnosis by 70-80% compared to
the existing mooring monitoring solutions. MoorFDM,
being an end-to-end computerized solution, is also
expected to reduce the fatality accidents and hazards
associated with the installation and maintenance of
traditional mooring monitoring  approaches as
elaborated in [19]. Moreover, the shortcomings
identified in this work regarding the inappropriateness
of the deep learning detectors proposed by us and our
novel line pooling algorithm for redundancy
suppression can further pave the way towards
designing generic deep learning architectures for thin
object detection and localization. In turn, it could prove
to be useful in a variety of research areas such as wire
detection for uncrewed aerial vehicles, road-lane line
detection, plant stem detection in biological studies,
and so on.

As to the rest of the paper, Section 1 discusses the
available mooring monitoring approaches in detail and
their corresponding disadvantages. Section 2 provides
insight into the workings of our proposed framework
MoorFDM and our novel line pooling algorithm.
Section 3 sheds light on the validation of our proposed
approaches, followed by results discussion in Section 4
and the conclusion.

2.2. Available Mooring Monitoring Approaches and
Their Disadvantages

The available methods to detect failures in the
mooring lines are either based on mooring line tension
measurements and watch circle approaches with GPS
based integrity assessments or the most recent deep
learning-based techniques.

2.2.1. Line Tension Measurement Methods
The movement of the moored marine vessel, due to
reasons such as environmental factors, causes

Fig. 1 Mooring line tension measurement devices

tension in the mooring lines. Hence, mooring line
tension measurements are often employed to detect the
vessel drift. Devices that aid in the mooring line
tension measurements are described below and
depicted in Fig. 1.

1.Inclinometers (Mooring Line Inclination)

2.Topside Tension or Instrumented Chain Stopper

3.(Load Cell)

4.Incline Tension (inter-M Pulse), Strain gauge on
Chain Link

5.Sonar; Acoustically linked sensor and receiver

The disadvantage of using the line tension
measurement devices for the fault detection and
monitoring of mooring lines is that they are challenging
to maintain and have a lifetime of merely a few years.
Moreover, several severe injuries and fatal accidents
occurred in the past during the maintenance and
installation of these devices [19].

2.2.2. Watch Circle and GPS based Approaches

The watch circle approaches use GPS-based
readings to determine the wvessel's risers' optimal
position within a ring or a circle. The risers connect the
floaters on the surface to the oil-producing wellheads at
the sea bed [20]. The vessel operates accurately with all
the mooring lines intact within the rin,g which forms
the vessel's excursion limits [21]. A vessel stray outside
the ring's excursion limits indicates a problem in the
mooring lines and a need to suspend oil flow from
some or all the wellheads [22].

The watch circle approaches are problematic for
effective fault detection in mooring lines because they
rely on environmental data to decide the risers' optimal
position. Such data may not be available readily.
Moreover, these approaches provide the operator with
limited information and excessive delay. There is
already a severe problem with the mooring
arrangement when the vessel drifts out of the watch
circle.

2.2.3. Deep Learning-based Approaches

Deep learning (DL) has incredible potential to
process, comprehend, and extract useful information
from vast amounts of data [23]. The latest work for
predicting mooring lines failure in a turret moored
FPSO employs a deep learning convolutional neural
network (CNN) based on secondary data obtained from
numerical simulations about the vessel's position and
motion [24]. CNN trains with the image data about the
ship's situation and activity labeled in a way as to
associate the images with the mooring system
conditions generated via simulations. The CNN
identifies the horizontal position features and associates
them with mooring system conditions. While the
system claims to reduce the cost of mooring monitoring
by half as compared to the current approaches [21], it is
still inappropriate for efficient mooring line monitoring
due to the reasons listed as follows:

The system's trustworthiness and reliability are
questionable as it has been developed and tested with
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secondary data generated via numerical simulations.

1 It relies on excessive data about the vessel's
position and motion, which might not be readily
available for a real case scenario.

2  The applicability and feasibility of the system
for real-time data are not known yet.

3 It requires a clear understanding and in-depth
study of the relationship between the vessel's position
and motion and the associated mooring system
condition.

4 They were developed and tested for secondary
data of one kind of mooring structures (turret mooring)
only.

An alternative approach to the one mentioned above
can be using primary image data for CNN training with
visible mooring lines captured under diverse conditions
(varying viewpoints, illumination, and so on.) instead
of secondary image data about the position and motion
of the marine vessel. The process monitoring and fault
detection pipeline would then comprise of:

1 Mooring lines object detection via CNN from
the images captured at regular time intervals.

2  Angle calculation of the detected mooring line
objects where the angle would help determine the
mooring line drift, if any.

3 Mooring lines fault determination via
monitoring the calculated angles over regular intervals.

However, the feasibility of the pipeline, as
mentioned above, is limited by the inability of the deep
learning CNNs to accurately detect and localize thin
image objects due to the following reasons:

e Use of coarse region-based object proposals
and bounding boxes to detect and localize thin and
compact image objects which only occupy a minimal
portion of the whole bounding box, making other
pixels meaningless and irrelevant.

e Due to excessive downsampling in CNNs,
insufficient spatial information accurately and precisely
localizes the thin image objects due to the inherent
convolution operations.

e The large scale dataset to train and test the deep
CNNs is unavailable.

e Reliance on local object shape makes a thin
image object resemble other ordinary items in the
image.

Since the mooring lines under discussion appear
as thin objects in the captured images, they would not
be detected and localized appropriately via Deep
CNNs. The notes section of Table 1 gives a detailed
explanation of the inappropriateness of various generic
and application-specific deep CNN object detectors for
seeing and localizing thin image objects. Table 1
reviews the mooring line image objects that look like
thin lines in the images; hence, application-specific
deep CNNs for line detection. Table 2 represents a
comparative analysis of the available mooring

monitoring approaches from various aspects. The table
reveals that all the solutions available for fault
detection and monitoring of mooring lines have
limitations, are expensive, and demand excessive time
and installation and maintenance efforts.

3. Results and Discussion

3.1. MoorFDM: A Novel Framework for Process
Monitoring and Fault Diagnosis of Mooring Lines

Computer vision approaches including but not
limited to content-based image retrieval [25], image
classification [26],[27], object detection, learning,
scene reconstruction, event detection, video tracking,
and so on [28] have penetrated almost every field of
work in the current era. They are widely used in the oil
and gas industry and various applications such as oil
exploration, drilling, reservoir engineering and so on.
Keeping up with the trend, we present MoorFDM: a
low-cost and efficient image-based optimized
framework for the process monitoring and fault
diagnosis of mooring lines in this research work.
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Table 1 Inaccurate deep learning detection for thin image objects

S# Approach Domain Category Dataset Comments Ref.
1 You Only Look Once Deep learning Generic PASCAL VVOC Rely more on speed rather than [29]
(YOLO) (One-stage) 2012 accuracy of detections. Box
2 YOLO v2 Deep learning Generic COCO ground data and output [30]

(One-stage) bounding box-based detections
3 Single-Shot-Detector  Deep learning Generic Ccoco aren't suitable for detecting thin [31]
(SSD) (One-stage) and slender objects. Moreover,
4 Deeply Supervised Deep learning Generic Coco these approaches rely on pre- [32]
Object Detector (One-stage) defined anchor boxes to generate
(DSOD) object proposals that introduce
bias in the detection process.
5 Region-CNN Deep learning Generic PASCAL VOC Region-based proposals and [33]
(RCNN) (Two-stage) 2012 bounding box detections are not
6 Fast-RCNN Deep learning Generic PASCAL VVOC suitable for detecting thin objects  [34]
(Two-stage) 2012 because the delicate items
COCO consume only a small
7 Faster-RCNN Deep learning Generic PASCAL vVOC proportion of pixels in the [35]
(Two-stage) 2012 course bounding box. Hence,
COCO the course bounding box contains
8 Region-Fully Deep learning Generic PASCAL VOC most redundant pixels not [36]
Convolutional (Two-stage) 2012 corresponding to the actual thin
Network (R-FCN) COCO object.
9 Mask-RCNN Deep learning Generic COCO Detection of thin objects may not  [37]
(Two-stage) directly be a pixel-classification
task. Hence, complex
computations associated with
the pixel-level annotation,
classification, and additional
post-processing tasks may be
unnecessary for detecting and
localizing thin objects.
10 Image UNet Deep Learning Generic line Synthetic dataset It relies on simple synthetic [38]
detection of 512x512 binary images for line detection
Application- binary images only and will struggle with
specific: Road lane-  containing lines  complex natural ideas. Moreover,
line detection and circles it wouldn't generalize well for
thin object detection and
localization in diverse, realistic
photos.
11 Line CNN Deep Learning Application- MIKKI Detects road lane lines by [39]
s_pecific: R_oad lane- TuSimple inspec?ing the left, right, and
line detection lower image boundaries only;
hence, it will fail to detect
sequences present in other
portions of the image. Might
struggle with the issue of
generalizing to thin objects
detection and localization.
12 Mask-RCNN Line Deep Learning Application- TSD-MAX It does not contain enough [40]
Detection specific: Road lane-  Road Dataset spatial information for accurate
line detection boundary generation. Thus, it
cannot precisely detect thin
objects requiring definite
boundaries for precise
localization.
13 EL-GAN Deep Learning Application- TuSimple Road Fails to capture the lines’ [41]

GANs

specific: Road lane-
line detection

Dataset

uniqueness due to the use of
the single-class technique and
require a time-consuming
training process. Moreover,
application-specific hence
wouldn't generalize well for thin
objects from diverse natural
images.
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Table 2 Comparative Analysis of Mooring Monitoring Approaches [42]

Aspect Load cell Inclinometer GPS Deep CNN
Maturity Number of applications Limited Number of Limited applications
applications applications
Intent Monitor mooring line load for the To measure To monitor and Monitor and detect
detection of line failure, mooring lines measure FPSO mooring line
overloading, or fatigue assessment  angles for the line  locations and overloading, failure,
failure detection hence to derive the  and provide
mooring line load operation advisory
Applicability All mooring types except All mooring types  All mooring types  All mooring types
submerged turret mooring system but most suitable
for a catenary
system for derived
line tension
Deployment New and existing systems. For New and existing New and existing New and existing
inline load cell; retrofit is relatively  systems systems systems
difficult
Advantages *Relatively simple *Direct *Easy installation *Accurate
*Low-cost installation measurement of at a low cost *Reliable
line angle and not  *Equipment on Inexpensive
affected by other board the vessel installation and
parameters and easy to maintenance
*Relatively simple maintain *A comprehensive
system with low system for real-time
cost. monitoring
*Provides advisory
for mooring
operations
Advantages *Unreliable and less accurate <Unreliable and sLess accurate *Requires a lot of

measurement in case of low
mooring line load, friction,
temperature,  signal  drafting,
recalibration, the durability of
transmission cables

*A temporary lifetime  with
complicated and  expensive
maintenance

*Doesn't provide mooring
operation analytics and advisory

less accurate
«Can only derive
quasi-static
mooring line
tension without
accounting for
dynamic and
nonlinear effects.
*Needs careful
calibration for the
model of mooring
line angles and
mooring line load.
*Temporary
lifetime with
complicated and
expensive
maintenance
*Doesn't provide
mooring operation
analytics and
advisory

* It requires a clear
understanding and
in-depth study of
the relationship
between the
vessel's position
and mooring line
load

«It involves
information about
environment
measurement
(wind, wave, and
current).

*Doesn't provide
mooring operation
analytics and
advisory

data

«Struggles with
detecting and
localizing thin
image objects
*Relatively new
with the unverified
effectiveness of the
advisory system
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We propose to detect thin mooring line image
objects using a computationally inexpensive SVM
classifier. The proposed detection method also engages
the Probabilistic Hough transform. It also includes a
novel line pooling technique intended for suppressing
redundantly detected thin mooring line objects.
Moreover, we propose to detect faults in mooring lines
via the departure angle monitoring of the detected thin
mooring lines. The departure angle aids in the fault
detection process by indicating potential drifts in the
detected mooring lines and subsequently in the moored
marine vessel. Lastly, MoorFDM would reduce the
overall costs (CapEx and OpEx) of the mooring
monitoring by 70-80% for a moored unit than the
existing solutions that would further be reduced during
the scaling up operation extend the framework to other
moored companies. The subsequent sections stipulate
the details of MoorFDM for mooring lines process
monitoring and fault detection via monitoring of
mooring departure angle. Figure 2 illustrates the
complete framework.

SVM Classifier Training for Mooring Region Identificatiol

MoorFDM: Framework for Process Monitoring and Fault Diagnosis of Thin Mooring Lines

Fig.2 MoorFDM: A novel image-based framework for process
monitoring and fault diagnosis of thin mooring lines

The bottom part of Figure 2. depicts the core
framework activities while the top part depicts the sub-
activities from one of the core activities, namely: the
mooring region identification. Figure 2 shows an RGB
channel test image fed into the framework pipeline
consists of thin mooring line objects. We consider the
core modules of the framework further on.

3.2 Mooring Region Identification

Since the thin mooring line image objects are only
present within a small portion of the complete image
data, the mooring region identification module
identifies and detects the image region, which has a
high probability of containing the thin mooring lines.
The detection of the specified mooring region of
interest is done by a linear support vector machine
(SVM) with a sliding window search object detector.
Experimental Setup ik4e sub-section of Section 3
describes the details of the SVM detector training.

3.3. Mooring Lines Detection

Mooring line image objects appear as thin straight
lines in the images and can therefore be detected via
the application of a probabilistic Hough transform [43],
which represents lines mathematically using the line
equation as:

r=x-cos8 +y-sinf (1)

Probabilistic Hough Transform in the mooring
region identified by the SVM detector aims at detecting
thin mooring line image objects.

3.4 Novel Line Pooling Algorithm for Redundancy
Suppression

Probabilistic Hough transforms although detects
thin mooring line objects in the SVM detected mooring
region, but these mooring line detections are redundant
per each mooring line object instance. Thus, the Hough
transform detects more than one line for each thin
mooring line object. To represent each mooring line
object with exactly one output line, we propose a novel
line pooling algorithm for suppressing redundant lines
per mooring line object and pooling them to create one
representative line output. The pseudocode in
Algorithm 1 describes our Novel Line Pooling
algorithm, which takes a line set LS comprising of
redundant line detections and outputs the unique line
set US. Since mooring lines usually appear at certain
angles in the images and cannot be horizontal or
vertical lines, we state that each detected line L belongs
to a mooring object M if it is neither vertical nor
horizontal. The Formula below expresses the mooring
line condition:

LeMiff (®¢[90+v] or DE[0+v]) | v=5 (2)

V is chosen as a constant after careful inspection of the
mooring images to discard the lines like horizontal or
vertical lines and hence, cannot be potential mooring
lines. Let's represent each mooring line L that satisfies
the criteria in (2) by two representative points (Xy,Y1)
and (Xp,y,). Formula (3) calculates the center point
C(x,y) of each line:

Clx.y)=((x+x2)/2,(y1+y2)/2) 3)

All such L detected lines constitute the line-set LS.
Two or more lines in the set LS are considered
redundant per mooring object line M if and only if
these lines lie spatially close to each other that is the
distance Dt between these L lines lies within the range
of [0,10] units, and they share similar inclination angles
@ such that the Difference Df (must be a whole
number W) between the inclination angles of these
lines lies within a range of [0,1]°. All the other lines in
LS which do not satisfy these redundancy conditions
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are considered unique UL and added to the unique line-
set US. Formula (4) describes these conditions:

L is redundant if f:
Dt € [0,10] and (Df € [0,1]° | Df € W) 4)

Every line L from LS is compared against the US's
lines using the redundancy conditions stated in (4). If a
match is detected, our line pooling algorithm pools the
redundant UL lines (the line originally stored in US). It
also pools L with a single representative line L' with
end-points ((X:,y1), (X2,y2)) and angle ®' which are
obtained by averaging the representative end-points
((X1,y1), (X2,¥2)) and angles of the redundant lines
respectively. Finally, UL is redundant with L from LS
replaced by the pooled version L' in the US's unique
set. The distance Dt, angle difference Df and the
pooling calculations between each line L from the set
LS and each UL from the set US are complete. If all the
lines in LS and US have been used, the calculations are
complete. If only one of the conditions from (4) occurs,
the lines are unique for different mooring objects and
added to the US set. The inclination angles (®s- @4,
,,,,,, @, of all the lines are calculated via the slope m
derived from the slope-intercept form of the line
represented mathematically as:

o=tan * (m) | 7=(r— il v—1) (5)

If we assume the redundant lines to be parallel,
then according to Euclidean geometry, the distance Dt
between them is calculated by computing the
perpendicular distance from any point on one line to
the other line as shown in (6). We take the center point
calculated from (3)).

Dt=|An + B+ (/A + F) (6)

3.4.1 Algorithm
Input: LS Output: US
count<1
while line L in LS do
found<False
if count is 1 then
move first line L to US for initialization
else
while line UL in US do
Calculate inclination angles ®_and @,
using (5)
Df= abs(d)UL-d)L)
Dt= |Ax1 + By: + C|/V(A? + B2) where
A,B and C are coefficient of line L
represented by line equation
Ax+By+C=0 and (xy,y,) is the center
point Cy_ of line UL calculated from (3).
if Df<1 and Dt<10 then

found<True (redundancy
detected)
L' (X2, y1), (X2',y2))=
(rutx1) /2, (yiuty)/2),
(Ceawtx21)/2,(y2uty2)/2)
L' (D)= (Dy +D)/2
Replace UL with L"in US
break
end if
end while
if found is False then
move line L to US
end if
end if
end while

Lastly, all the lines in the final set US, which are unique per
each mooring line object M are localized by plotting them on
the image.

3.5 Mooring Departure Angle Calculation for

Detected Mooring Lines

So far, we have detected the mooring lines and
localization using the Hough transform with our novel
line pooling method from the SVM detected mooring
window region in the image. The corresponding angles
of the detected mooring lines are calculated using (5)
stored in the storage for determination of the angle shift
ahead. The mooring lines detection and the
corresponding angle calculation are done in intervals to
ensure consistent monitoring. The time interval for the
line detection and angle calculation is adjusted to meet
the requirements.
3.6 Mooring Fault and Statistics

Visualization

We established the mooring line faults are via the
shift calculation of the detected mooring departure
angles. We calculate the angle shift for a mooring line
as the difference between the last calculated mooring
line angle and the initially computed angle. The
difference is then compared with a threshold value to
decide the shift category. Suppose the difference is
greater than a specified threshold value. In that case,
the shift is significant and minor. The shift category
decides the severity of the moored vessel's drift, and
accordingly, mitigation strategies are added. The
complete statistics of the mooring line angles are
finally displayed. Other relevant information such as
the camera for image taking, the date, and angle shift,
if any, show the shift category.

Diagnosis

4. Validation of Proposed Framework

4.1 Experimental Setup
We implement MoorFDM using Python with
OpenCV and Sci-kit Image libraries. As specified in
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section IIl, a linear SVM classifier with sliding
windows search is used as an object detector to identify
the mooring region of interest containing the thin
mooring line objects from the input images. The top of
Figure 5 shows the SVM object detection pipeline. The
RGB image data containing minor mooring line objects
(positive samples are the mooring line regions) and
some non-mooring items train the detector. The latter
comprise negative examples likely to occur with
mooring objects in the image data such as the ship, sea,
deck, etc. We obtain the data via web scraping and
Malaysian oil and gas company indicators during their
daytime offshore activities. The web-based images
were obtained from the search engines using the
keywords "mooring lines,” "mooring,” and "mooring
hawser." Duplications, if any, are removed from the
acquired data. Data augmentations are performed on
the positive and negative sample subsets to account for
the scarcity of data in training the detector. Figure 3
provides the data augmentations employed for training.
All the samples are cropped and resized to a patch size
of 120x120. We extracted Histogram of Gradients
(HoG), color histograms, and spatial features for all the
image samples. The resulting feature maps are scaled,
shuffled, and then split into training, cross-validation,
and test sets for training the linear SVM classifier. One
makes hard harmful mining to retrain the classifier on
the augmented dataset containing false-positives from
the cross-validation set before evaluating the test set. A
variable-sized sliding window search is conducted on
the bottom part of the image only to reduce
computations. There should be no mooring region
above the horizon or in the upper part of the picture.
Features are computed for all the windows during the
window search and provided to the trained SVM
classifier to identify mooring objects of interest. The
windows which contain the object features are
classified as positive while the others are negative.
Redundant windows per item are suppressed using a
non-maximal suppression technique, and a final output

o' Fliptopbottom

Skewtilt

] — 3
pood = ’w—?

Fig.3 Data augmentations for training data
bounding box outlines the detected mooring region of

interest. We train the linear SVM classifier with
squared hinge loss, L2 penalty, and C regularization
[44]. It achieves a test-set accuracy of 80% with
75%/20%/5% split for the train/cross-validation/test
datasets. Table 3 provides the parameters employed for
the experimental setup and identified via tweaking,
trial, and error.

Table 3 Optimal parameter values for MoorFDM training and

testing
Type Parameter Value
Feature Descriptor Color space YUV
HOG features True
Color histogram True
features

Spatial binning features ~ True
HOG library Channels 3

Patch size (120,120)
Cell size (8,8)
Block size (2,2)
HOG bins (orientations) 20
Signed gradients False
Color histogram bins 16
Spatial bin size (20,20)
SVM Loss Squared
Hinge
Penalty L2
C (Regularization 1000
Parameter)
Sliding Window Sliding window initial (90, 90)
Detector size
Sliding window x 0.7
overlap
Sliding window y step 0.01
Sliding window x range  (0.02, 0.98)
Sliding window y range  (0.55, 0.89)
Sliding window scale- 1.3
up
Probabilistic Hough r 1
Transform 0 /180
\oting threshold 100
Min line length 100-250
Max line gap 15
Line Pooling Distance Dt threshold [0,10] units
Angle difference Df [0,17°
threshold
Departure Shift Angle Threshold 10°

4.2 Performance Evaluation

4.2.1 Line Pooling Algorithm Results for Redundancy

Suppression

We report the results of our novel line pooling
algorithm that detects redundant lines from the
probabilistic Hough transform according to the
redundancy criteria in (4). We also use a single pooled
line output, which is the average of the redundant lines,
on full-sized images instead of cropped mooring
regions detected by the SVM object detector for better
error analysis. Figure 4 presents the results.
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Fig.4 Redundant Lines (in green) from Hough Transform vs.
Refined Lines (in red) from Proposed Line Pooling Algorithm

The images with green lines represent the unpooled
lines from the probabilistic Hough transform. In
contrast, the images with red lines represent the unigque
mooring lines identified and refined by our novel line
pooling algorithm. Our line pooling algorithm
effectively reduces the redundant lines and the lines
that do not correspond to mooring objects that are the
horizontal and vertical lines. A total line count of the
sequences detected by the probabilistic Hough
transforms in images from Fig. 4. We summarized
those left after identifying a mooring object and
refinement by our line pooling algorithm in Figure 5. It
is evident from the results depicted in Figs. 4-5 that our
novel line pooling algorithm significantly reduces the
non-motoring and redundant line detections while
preserving only the meaningful ones for the full-sized
images. Hence, we can achieve a further improvement
in the results if detection and pooling are performed
only within a specified area of interest (the region
containing mooring lines only) specified in the
products depicted in Figs. 6-9.

Lines Detected

,
i = 1 I
. LTI

Image

m Probabilistic Hough Transform Line Poaling Algorithm

Fig.5 Line detection count results from Hough Transform (in
blue) vs. from Proposed Line Pooling Algorithm (orange).

4.2.2 Thin Mooring Lines Detection and Fault
Diagnosis Results for Web-based Images

Figures 8-9 illustrate the results of the proposed
framework MoorFDM on the web-based images
containing visible sets of mooring lines from different
perspectives. We can see from Figs. 8-9, the MoorFDM
successfully detects the mooring lines (RHS of the
image) using the probabilistic Hough transform
algorithm along with our novel line pooling algorithm
in a specific area of interest (lower part of the ship in
the picture) only. This particular area of interest
contains the mooring lines detected by our SVM and
sliding window detector. The mooring line object
detection is followed by angle calculation in degrees
(LHS of the image) for each detected line. The
identified mooring lines are assigned labels (MO, M1,
and M2) according to their spatial positions, where MO
is the mooring line with the smallest x2 coordinate and
likewise so on.

Notifications:
Detected three mooring lines

File uploaded successfully: C:/Users/rub
ee/OneDrive/Desktop/mooring images/ship.
jpg

Angles found successfully and are as fol
lows:

MO: 54.04580126159077 Y &
Ml: 41.03383975176091 3
M2: 29.998681539528512

¥

Mooring
? lines
Corresponding angles detected  gatection

Fig.6 Right: mooring lines and left: corresponding angles detection
in degrees by MoorFDM result 1

0

Detected three mooring lines
File uploaded successfully: C:/Users/rub 100
ee/OneDrive/Documents/PhD UTP 2019/Docum
ent drafts/Grant docs/Mooring angle proj
ect/mooring images/img2.3jpg
Angles found successfully and are as fol 0
lows:
M0: €0.04412080364077 7?0
Ml: 47.99704258028368 ~ 600
M2: 35.08194623606231
. 700
? Mooring
lines %0
detection o

Corresponding angles detected 200 400 600 800 1000 1200 1400

Fig.7 Right: mooring lines and left: corresponding angles detection
in degrees by MoorFDM result 2

4.2.3 Thin Mooring Lines Detection and Fault
Diagnosis Results for Mooring Images from Oil
and Gas Organization
Figure 8 the validation result of the proposed

framework MoorFDM on images obtained from a

Malaysian oil and gas company during their offshore

operations. The photos contain partially submerged

mooring lines and were taken in bright daylight by the
marine vessel crew members, as shown in Fig. 8. The
result of mooring lines and corresponding angle
detection in Fig. 9 reveals that the proposed method
works sufficiently well for real-time sea images despite
the visible sea clutter depicted in them (Figs. 8-9).
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Fig.8 Right: Mooring lines image from offshore operations

Detected three mooring lines p
File uploaded successfully: C:/Users/rub 100 §
ee/OneDrive/Desktop/mooring images/img3. 2

Ipeg
Angles found successfully and are as fol 300
lows: :
M0: 20.952847947753117 0
M1l: 22.0244455637602
M2: 22.02557023432338

~ 50

x
Mooring

Corresponding angles lines

detected detection

Fig.9 Right: Mooring lines and left: corresponding angles detection
in degrees by the proposed method for image data from an oil and
gas company
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Fig.10 Summary of the detected mooring line angles and their
corresponding shift class

4.3 Statistics and Summary Visualization

After the mooring line detections and their
corresponding angles, the proposed method generates a
complete summary of all the mooring line angles
detected for all image inputs along with their shift
classes/categories. Fig. 10 illustrates the result with the
full summary details.

In Fig 10, the first four columns viz the Camera,
File, Date and Time describe the information
regarding the image input such as the camera which
captured the image containing the mooring lines, the
image file saved to the storage the image date and time.
The Mooring line and Mooring Angle columns
describe the mooring lines detected from the captured
inputs and their corresponding angles in degrees,
respectively. Finally, the difference and the Shift Class
columns help in the identification of the mooring lines
fault. The difference is calculated by subtracting the
mooring lines' current angles from the first angles and
then compared with a threshold value, which helps

identify the shift class. A threshold value of 10 degrees
is assumed for the intended angle shift monitoring but
can be adjusted as per the requirements accordingly.
Then, we select mitigation strategies based on the shift
class.

4.4 Discussion

4.4.1 Cost Reduction Analysis

We implement the proposed MoorFDM framework
smoothly using low-cost devices such as a Raspberry
Pl Processor, I/O devices, storage devices, and few
cameras for primary data acquisition. The total cost of
our proposed MoorFDM framework per moored unit
would therefore be considerably less than a full-fledged
mooring monitoring solution. Table 4 provides a
comparative analysis of the total estimated cost for a
full-fledged mooring monitoring solution and the
proposed MoorFDM for a single moored unit.

Table 4 Cost reduction analysis of MoorFDM with existing
mooring monitoring solutions

Mooring CapEx OpEXx Total
Monitoring Estimated
Cost (USD in
Million)
Existing Sensors 1.02-2.04
Mooring
Monitoring
Solutions Maintenance
MoorFDM Cameras and Repair
Raspberry
Pl
1/0 and 0.047
Storage
Devices

4.4.2 Comparative Analysis with Existing Systems

Table 5 presents a comparative analysis of the
MoorFDM framework for detecting and localizing thin
mooring line objects.

It comprises the SVM mooring region detector,
Hough transforms, and our novel deep CNNs object
detectors.

Table 6 provides the comparison of MoorFDM for
mooring fault diagnosis and monitoring with other
available approaches. The information in Table 5
demonstrates the effectiveness of the proposed method
against the deep CNNs for thin image object detections
and localizations due to the use of:

e accurate boundaries for line
instead of coarse bounding boxes

e mooring region detection via an SVM sliding
window object detector, which only requires a minimal
amount of data.

Lastly, Table 6 validates the efficacy of MoorFDM

localizations
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for the mooring fault diagnosis and monitoring process
compared to other available solutions. We compared
the simplicity, accuracy, reliability, inexpensiveness of
the proposed method for various mooring
configurations.

This research demonstrates that our proposed
MoorFDM framework is implemented via SVM sliding
window detector and probabilistic Hough transform,
and a novel line pooling algorithm. However, it works
effectively for thin mooring lines detection and
subsequent monitoring and fault diagnosis but is only
applicable to image input comprising visible mooring
lines. Moreover, parameter tuning and optimization for
SVM sliding window object detector for mooring

region identification and probabilistic Hough transform
for mooring lines object detection and localization are
achieved via hand-crafted tweaking, trial, and error
instead of a fixed rule. Hence, these selected
parameters might not work optimally for some class of
input images, which is a separate research topic on its
own. The SVM sliding window object detector is
extremely slow as it performs feature calculation and
classification at each location of the sliding window
search space. Lastly, MoorFDM uses a static threshold
value to decide the shift class/category for the detected
mooring lines' angles, likely replaced with an
intelligent shift prediction mechanism.

Table 5. Comparative analysis of MoorFDM with Deep CNNs for thin image object detections and localizations

Approach  Principle Image Feature Detection Localization Dataset Mechanism
Extraction Speed Mechanism
Mechanism
Deep Line detection through bounding box- Automatic Fast (automatic  Coarse Huge and Complex
CNNs based region proposals and feature bounding extensive
classifications. extraction) boxes
MoorFDM  Line detection through probabilistic Hand-crafted via ~ Slow (uses Actual lines Minimal Simple
Hough transforms in a specified region  tweaking, trial, sliding
of interest and redundancy suppression  and error window)
via line pooling algorithm.
Table 6 Comparative Analysis of MoorFDM with Available Mooring Monitoring Approaches
Approach Simple Low-Cost Accurate Reliable Timely Advisory Generalization
Line Tension Measurements v x x x v x x
Watch Circle v v x x x x v
Deep CNNs x x v v v v
MoorFDM v v v v v v v
5. Conclusion
Mooring operation fault diagnosis and monitoring is
a critical and expensive task in the oil and gas industry. References

An image-based optimized framework MoorFDM is
proposed in this research to effectively monitor and
diagnose the faults in the mooring operation of marine
vessels via object detection and departure angle
monitoring of thin mooring lines from images.
MoorFDM reports positive results on web-based
nautical photos and marine pictures of offshore
mooring operations obtained from an oil and gas
company. We reduce the cost of mooring monitoring
and fault diagnosis by 70-80% compared to the existing
solutions that are expensive, inaccurate, and less
reliable. Moreover, the proposed research also presents
a viable alternative to the inefficient deep CNNSs.

Currently, MoorFDM relies on hand-crafted
features for thin mooring lines detection and
localization and  subsequent  departure  angle
monitoring. Employing deep learning mechanisms as a
part of future research work improve the procedure.
Lastly, we can use photogrammetry to display the final
statistics in a realistic graphical view of mooring
operations.
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