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ABSTRACT

Computer Vision, Deep Learning, and Machine Learning Algorithms make it possible to detect
various dynamic issues in nature. Tankers, oil fields, oil pipelines, and hydrocarbon leaks and
spills create serious problems for the sea ecosystems. [1] Utilizing this type of model can help
detect oil leaks promptly, guide scientists’ predictions, compile cleaning plans, make urgent
decisions on time, and stop or reduce the negative impacts of those incidents. Numerous recent
scientific studies have been taken on this issue [2-7]. Illegal Pollution requires continuous
monitoring and remote tracking technique employing satellites is an intriguing solution for the
detection of oil leaks [8]. In this article, the solution to this problem is provided with the help of a
recently updated model [9]. Specifically, emphasize the automatic approach of differentiation of
oil marks and other similar marks.

Keywords: Oil, Oil Leak, Artificial Intelligence, Image Localization Models, PyTorch, YOLOvS.

Introduction

One of the most serious ecological issues that can quickly cause damage to a large area is oil
spills. A multitude of factors, such as pipeline rust and disregard for process safety rules, can lead
to oil leaks. One thing is for sure: preventing the environmental catastrophe may depend greatly
on early problem diagnosis [10]. Deep learning models can assist us in detecting oil spills from
faraway locations, which makes early detection tools crucial. About the image samples (Fig. 1.):

The image samples are sourced from the Roboflow online platform, an online open-source
model dataset, which has the general use license, titled "OilSpill Dataset”. The dataset consists of
2500 images and was created in 2023. The images, captured by drones and satellites, have
dimensions of 640x640 pixels. The images are collected in a natural setting; therefore, this makes
the model we have developed more suitable to adapt during practical application [11, 12].
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Fig. 1. Collected images used for model training.

Considering the possibility of the drone and satellite images taken from different angles,
initially basic transformation methods are applied to the image set. These methods encompass
horizontal and vertical conversion of the images and adjustments to light levels within the range
of -25% to 0%, among others. During the training of the Machine Learning Models, it is
recommended to split the dataset into three parts. Approximately 2400 images are used to train
the model. Around 60 images from the test set will be used for testing the trained model and
implementing necessary adjustments during the training of the model. Along with this, the
validation set consists of 40 images that the model has not encountered before. The purpose of
using the validation set is to ensure the accuracy of the trained model in real-case applications.

In Fig. 1, examples of images for model training are demonstrated. As depicted, Oil Leaks
are not always in the same colours and shapes. This variability is observed across all images.

About the Model

The YOLO model is commonly used for real-time object localization in robotics, self-driving
cars and video monitoring programs. There are numerous modifications and new architectures in
the YOLO library, among them YOLOVS is the most recent. Similar to other YOLO models, this
model also includes Nano, Small, Medium, Large, and Huge Neural Networks [13].

e

| PAHTEI
| 422 | PROCEEDINGS OF AZERBAIJAN HIGH TECHNICAL EDUCATIONAL INSTITUTIONS




Evaluation Metrics
F1 score is one of the commonly used metrics to check the model accuracy in Binary
Classification problems. It provides insights into both the accuracy and reliability of the model.

2= precision=recall

F1=

(1)

precisiontrecall

Precision is the ratio of true positives (or true negatives) to total number of positive (or
negative) predictions, while recall indicates the ratio of true predictions to the total number of
samples in that class. Therefore, both precision and recall should be high to achieve a high F1
score [14]. We will investigate the impact of changes in precision and recall along with the F1
score.

Additionally, three loss functions should be explored for YOLO models.

Bounding Box Loss, also known as Localization Loss, measures the error between the
predicted bounding box and the ground truth. The specified loss function employs relevant
functions as regression models use.

The Confidence Loss measures the ability of the model to detect the presence or absence of
an object. It penalties when the object is not detected, or it is detected multiple times, resulting in
a high loss function value. This loss is determined by the overlapping area between the bounding
box and the actual box.

The Class Loss function measures the error of probabilities assigned to each bounding box.
The YOLO model assigns probabilities for each bounding box, and this loss function calculates
the discrepancy between the predicted probabilities and actual ones, resembling the loss functions
used in Classification Models [15].

Experimental
YOLO version 8 is utilized during the training of the model. Each of the Nano, Medium,
Large and Huge Neural Networks used during training was retrained with 20-25 iterations.
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Fig. 2. Results of Small YOLOv8 Model Training.
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Fig. 3. Results of Medium YOLOv8 Model Training.
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Fig. 5. Results of Huge YOLOv8 Model Training.
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Based on the results of model training, the Large and Huge YOLOvV8 models have superior
performance in solving complex problems. For Nano, Small and Medium models, it is observed
that precision increases while recall decreases. Furthermore, the mAP50 metric also shows a high
value for the Large model. This refers to the potential for improvement of this model. With 50
iterations of training, there is a significant decrease in loss function values for both training and
testing. This means it is possible to boost the efficiency of the model by increasing the number of
iterations.
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Fig. 6. F1 Confidence Curves for Large and Huge YOLOv8 models respectively.
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Fig. 7. F1 Confidence Curves for Medium and Small YOLOv8 models respectively.

According to the F1-Confidence Curve, the highest performance belongs to the YOLOv8
model with the Huge neural network, while the results of the Large model are slightly lower. In
contrast, the performance of small and medium models is dramatically lower.”
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Fig. 8. Precision-Recall curve of Large and Huge YOLOV8 models respectively.

More area under the curve is considered a good result when analyzing Precision-Recall
curves. The Huge type of model has better performance for this evaluation as well. The Precision-
Recall curve provides the data about how much Precision should be compromised to increase
Recall or vice versa. A higher evaluation signifies that we can have a model with high precision
without losing recall value.
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Fig. 9. Results of Testing of Huge Type of Model.
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As shown in Fig. 9, the YOLOv8 model, which has a huge deep learning network, achieved

high results with just 50 iterations.

Results

1. The YOLOV8_x model has been trained to detect oil leaks in photos captured by drones

and satellites.

2. The latest models for this problem are checked and compared to each other.
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PEYK VO DRON SOKILLORI VASITOSI iLO DONiZO NEFT
SIZMASININ SUNi INTELLEKT MODELLORI iLO
LOKALLASDIRILMASI
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XULASO

Sokil dyranilmasi, dorin yronma masin dyronma alqoritmlari tobistds bir ¢ox problemin dinamik
bir sokildo askar edilmosini miimkiin edir. Tankerlor, neft buruqlar1 vo neft borusundan tobii
karbohidrogen sizintilar1 vo dagilmalari doniz ekosistemi {igiin ciddi problem yaradir [1].
Praktikada bu tipli modellorin totbiqi neft sizmalarinin tez bir zamanda askarlanilmasinda,
alimlora etdiklori toxminlori istigamatlondirmsinds, tomizloms planlarini tortib edilmosindo,
vaxtinda vo tocili gorarlar verilmasindo vo belo hallarin neqativ toraflorinin dayandirilib va
azaldilmas: {igiin istfads edils bilorlor. Son dévrlordo mohz bu problem iizorinds yiizlorlo maqalo
dorc edilmisdir [2-7]. Qanunsuz ¢irklonmoa davamli monitoring tolob edir vo peyk vasitasilo
uzagdan zondlama texnologiyasi neft dagilmalarinin operativ askarlanmasi {giin colbedici
variantdir [8]. Bu moqalads an son modifikasiya edilmis modellorin komayi ilo bu problemin
operativ hall edilmasi omoliyyati icra edilmisdir [9]. Xiisusilo, biz niimunonin taninmasinda neft
lokalori vo oxsar lokalor arasinda ayri-segkilik etmok iiglin avtomatik yanasmalarin istifadosine
diqqot yetiririk.

Acar sozlor: Neft, neft sizintisi, siini intellekt, sokil lokallagdirma modellari, PyTorch, YOLOVS.

JOKAJIM3AIIAA YTEYEK HE®THU B MOPE C HCI10JIb30OBAHUEM
CHHYTHHUKOBBIX U I[POHHBIX N30BPA’KEHUU C MOIEJISIMHN
NCKYCCTBEHHOI'O HHTEJUIEKTA

B.M. Ad6acosl, P.J. A3uzos?, 3.3. Aramaiues®, D.A. Aiignncoii’, H.IO. Anumanariau®

1,3,4,5 Axanemuk FO.X. MHCTUTYT HepTeXMMHUIECKUX TpolieccoB MMeHN MamenanneBa MuHICTEPCTBA HAYKH U
obpaszoBanus Azepbaiimkanckoi Pecrrybnmkn, baky, AzepOaiimkan

2 CyMrauTcKuii TOCyJapCTBeHHBIH yHUBepcuTeT, Cymrant, A3epbaimkan

3 AzepOaiixaHCKHN TOCYAapCTBEHHBIN YHHBEPCUTET HE()TH U MPOMBIIIICHHOCTH, baky, A3epOaiixan

ABCTPAKT

AJTOpUTMBI KOMIIBIOTEPHOTO 3pEHUS, TITyOOKOro 00y4YeHHUS! ¥ MAIIMHHOTO 00YYeHHS MO3BOJISIOT
oOHapyXHUBaThb pa3lWYHble JWHAMUYecKHue Mpodiaembl B mpuponae. TaHkepbl, He]TIHbIE
MECTOPOXKJCHHS, HEPTENPOBO/AbI, YTEUKH M pPas3JIMBbl YIJEBOJOPOJOB CO3/AIOT CEephE3HBIE
npoOseMbl Asii MOpckuX skocucteM. [1] VMcnonb3oBanue 3TOro THIa MOAEIH MOXET MOMOYb
OIEpPaTUBHO OOHAPYKUBATh YTEUYKH HE(PTH, ONPEAEISATh MPOTHO3bI YUEHBIX, COCTABIIAThH IJIAHbI
OYUCTKH, BOBpEMs MPUHUMATh CPOYHBIE PEIICHHS, a TaKXKE€ OCTAaHABIMBATH WM YMEHbILATh
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HEraTUBHBIE MOCIEACTBUS ATUX UHIUACHTOB. [1o ’TOMy Bompocy B mocieaHee BpeMsi IPOBEICHbI
MHOTOYHCJICHHBIE Hay4YHbIE HccleqoBanus [2-7]. HezakoHHOE 3arps3HeHHe TpeOyeT MOCTOSTHHOTO
MOHHMTOPHUHTA, @ TEXHOJIOTUS JUCTAHIIMOHHOTO OTCIEKHUBAHMS C HMCIOJIH30BAHUEM CITyTHHUKOB
SIBIIICTCS. MHTPUTYIOLIUM peEIIeHrueM s oOHapykeHus yredek Hedru [8]. B manHO# crarbe
perieHre 3TOH MpoOIeMbl MPEACTABICHO C IMOMOIIBI0 HEJAaBHO OOHOBJIEHHOW Momenu [9]. B
YaCTHOCTH, TMOAYEPKHUTE aBTOMATUYECKHI MOJIXOJ K Pa3IMYEHUI0O MAapOK Macjia M JPyrux
M0/I00HBIX 3HAKOB.

KiaroueBbie cioBa: HedTh, yTeuka He()TH, UCKYCCTBEHHBIA WHTEIUIEKT, MOJETH JIOKATU3AIHH
uzobpakenwuii, PyTorch, YOLOvVS.
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