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Abstract. A major problem in responding to a marine oil spill is obtaining operational data
quickly and reliably. The very close location of offshore platforms, subsea pipelines, vessel traffic,
ports, and sensitive coastal zones in the Azerbaijan part of the Caspian Sea means even a short delay
in the initial assessment can affect response priorities. Current oil spill models, such as GNOME and
OSCAR, are typically used after scenario-specific inputs, such as spill location, wind, current,
shoreline, and oil characteristics have been produced. These models are useful, however, for broad
trajectory, fate, weathering, and response studies. To mitigate this initial delay, this research proposes
a pre-modeling decision-support framework and an Al-ready regional remote sensing database. The
database includes Sentinel-1 SAR, Sentinel-2 optical imagery, thermal observations, AIS vessel
movement, offshore infrastructure layers, hydrological and meteorological fields, historical spill data,
and environmental sensitivity data. When an oil-like anomaly is detected, the framework produces
initial impact scenarios of high, medium, and low risk, checks for nearby vessels and infrastructure,
compares with regional baseline conditions, and screens for potential false positives. It is not
proposed as a replacement for OSCAR or GNOME. Rather, it is designed as an upstream operational
layer that offers structured inputs and a first-response intelligence package for subsequent
comprehensive modeling. It integrates artificial intelligence, real-time verification of maritime traftic,
knowledge of the regional baseline, and rapid impact scenario generation to be ready for any oil spill
in the Caspian Sea.

Annomayus. Tlpu pearmpoBaHMM Ha pa3iuBbl HEYTH B MOPCKOM U MPUOpPEKHON cpene
o0ecredeHre OMepaTuBHOTO JOCTyNa K JOCTOBEPHBIM JTaHHBIM UMEET pelaroliee 3HadeHue. Jlaxe
HeOoJbIast 3a7epKKa B TIEPBUYHOM OIICHKE MOXKET TOBJIUATH HA TMPUOPHUTETHI pEearupoBaHMS,
MTOCKOJIbKY MOPCKHE TIaT(OPMBI, TIOABOIHBIE TPYOOIPOBOBI, CYOXOAHBIC MApIIPyThl, TOPTH U
HKOJIOTUYECKH YyBCTBHUTEIbHBIC OeperoBbie 30HHI B azepbaiipkanckoM cektope Kacnuiickoro mMops
pPacIoJIOKEHbl B OTHOCUTEIBHO KOMMAKTHOM MpocTpaHcTBE. CyIlEeCTBYIOIIUE MOJETH Pa3JIMBOB
Hedtu, Takue kak GNOME u OSCAR, HeoOXomuMbl NJisi THIATEIILHOTO aHajiu3a TPaeKTOPHH,
pactpoCTpaHEHHs, BBIBETPHBAHUS W Mep pearupoBaHus. OJHAKO WX HCIOIB30BAHHE OOBIYHO
HauMHAETCSl TMOCJE€ IMOATOTOBKM BXOAHBIX JIAaHHBIX JJII KOHKPETHOTO CIIEHapHsi, TaKHX Kak
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KOOPJIMHATHI pa3JiiBa, BETep, TeUEHUs, OeperoBas JUHUS U CBOiicTBa HepTu. B cTarbe npennaraercs
cUCTeMa MOAJIEPKKHU PElIeHUi Ha 3Tare MpeABapUTEIILHOIO MOJICIMPOBAHMS U pErHOHANbHAA 06a3a
JAHHBIX JIUCTAHIIMOHHOTO 30HIMPOBAHMS, TOTOBas K MPUMEHEHHUIO HCKYCCTBEHHOTO WHTEJICKTA.
Ilenb cocToWT B TOM, YTOOBI COKPATUTh BpeMsl MEXIy OOHApYKEHHEM aHOMAJIMH W TEPBUYHON
OTepaTUBHOM OlIeHKOW. ba3a maHHBIX BKiIrOoUaeT ontuueckue nanHeie Sentinel-2 u Sentinel-1 SAR,
TeIUIoBble HaOmroneHus, AaHHble AIS o ABWXKEeHHMH CyHOB, CJIOM MOpPCKON HHGPACTPYKTYpHI,
TUAPOAMHAMUYECKHAE TOJS M CBEACHHMS O TMPOLUIBIX pa3iuBax, a TakKXKe 3KOJIOTHYECKH
qyBCTBUTEIbHBIE 00BEKTHI. [Ipn oOHapykeHHH HePTEernoq00HONH aHOMAINH CUCTEMA COMOCTABIIAET
€€ C peruoHaIbHbIMU 0a30BBIMH YCIIOBUSIMH, IPOBEPSET OJIN30CTh CYI0B U HHPPACTPYKTYPHI, YTOOBI
CHU3UTH BEPOATHOCTbH JIOKHBIX HHTEPIPETALUI U CO3AeT MpeABAPUTENbHbIE CLICHAPUHU BO3ICHCTBUS
C BBICOKUM, CPEJIHUM U HU3KUM YpOBHEM pucka. Meron ucrnonb3yercs He kak 3ameHa GNOME win
OSCAR, a xak mpeaBapuTENbHBIA ONEPAaTUBHBIM CIION, CO3AAIONIMI OCHOBHOM MakeT JaHHBIX U
CTPYKTYPHpPOBaHHbIEC BXOJIHbIE TaHHBIE AJIs MOCJIEAYIONIETro AeTaJbHOTO MOJCIUPOBAHHUS.

Keywords: artificial intelligence, oil spill detection, Sentinel-1 SAR, AIS, remote sensing,
Caspian Sea, pre-modelling, decision support, false-positive reduction, GNOME, OSCAR.

Kniouesvie cnosa: NCKyCCTBEHHBIN HHTEIICKT, OOHapykeHHe He(TSHBIX pa3iauBoB, Sentinel-1
SAR, AIS, aucranumonHoe 30HaupoBanue, Kacnuiickoe Mope, mpeaBapuTeIbHOE MOICIUPOBAHUE,
MOJAepkKKa pelIeHH, CHIKeHHe JToxHbIX cpabaTeiBanuil, GNOME, OSCAR.

Oil spills are still a severe environmental threat to coastal and marine areas. The risk is greater
when sensitive coastal receptors are near offshore production, subsea pipelines, terminals, ports, and
busy navigation routes. Such a confluence of circumstances exists in the Azerbaijani sector of the
Caspian Sea. For a country with a long tradition of offshore and coastal oil and gas production, early
discovery and quick initial assessment are especially important, as a slow reaction may increase
ecological damage and make operational decision-making more difficult. One of the most effective
techniques for monitoring oil pollution over large water bodies is satellite remote sensing. Synthetic
Aperture Radar (SAR) is particularly useful because it can image at night and in cloud cover. Oil
slicks tend to appear as dark patches in SAR images because oil layers tend to reduce radar backscatter
and suppress short surface waves [14].

But a dark SAR object is not always an oil spill. Similar signs can be created by low-wind
zones, rain cells, natural films, internal waves, algae, or ship wakes. Therefore, SAR detection needs
to be supplemented by contextual data before an operational decision can be made. This paper
proposes the concept of a regional database that is created in advance of an incident. Instead of
searching for all input layers only once a spill is detected, the database is continually updated with
historical and current data for the Azerbaijani area of the Caspian Sea. If an oil-like anomaly is
detected, these pre-generated layers are immediately available to estimate local conditions, identify
nearby infrastructure and vessels, estimate initial directions of movement, and support early response
until more detailed GNOME or OSCAR modeling is initiated. The first few hours after an oil spill
are normally the most crucial in planning the response. However, in practice, some tasks could delay
the start of the evaluation: identification and processing of satellite imagery, collection of wind and
current fields, mapping the surrounding infrastructure, and setup of the modeling case. Web GNOME
is a trajectory and fate model that simulates oil transport and weathering due to winds and currents
[1]; however, the user still sets the spill scenario and may need to supply data on wind, current, and
shoreline. OSCAR provides a more complete oil fate, effect, weathering, and reaction modeling
environment for hindcasting, forecasting, and contingency analysis [2]. These tools are still useful,
but they don’t eliminate the need for a quick preliminary image right after detection. The study topic
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is thus both scientific and practical: how can an initial operational assessment be created before a
complete modeling scenario is prepared? The system should quickly identify the location of the
anomaly, whether it is likely to be oil or a lookalike, which vessels and platforms are nearby, which
direction the slick might initially move, which industrial or environmental objects could be affected,
and whether the initial risk level should be high, medium, or low.

Materials and methods

The essay provides a conceptual and methodological framework based on contextual
verification and data readiness. It combines layers of environmental sensitivity, offshore
infrastructure mapping, satellite remote sensing, real-time maritime traffic data and Al-based data
fusion. Table 1 summarizes the main components of the database.

Table 1

MAIN DATA LAYERS OF THE PROPOSED REGIONAL DATABASE

Data layer

Examples

Operational purpose

Remote sensing
data

Sentinel-1 SAR, Sentinel-2 optical,
thermal infrared observations

Detection of oil-like anomalies,
shoreline impact and surface
condition changes

AIS vessel data Vessel identity, position, speed, course  Verification of ship-related sources,
and time of passage wake effects and possible illegal
discharge
Oil and gas Platforms, subsea pipelines, terminals, Identification of fixed risk objects
infrastructure ports and pipeline corridors and possible anthropogenic sources
Meteorological Wind speed, wind direction, air Initial transport estimation and
data temperature and visibility false-positive screening
Hydrodynamic Surface currents, wave height, wave Preliminary movement scenario
and hydrophysical direction and sea surface temperature ~ generation
data
Historical Previous SAR/optical scenes, known  Comparison of new anomalies with
baseline look-alike areas and historical normal regional conditions
pollution records
Environmental Protected areas, fisheries, bird Impact scenario classification and
sensitivity habitats, beaches and settlements response prioritisation
=
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Figure 1. Conceptual architecture of the proposed rapid pre-modelling oil spill decision-support system
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SAR-based detection and radiometric basis. The first detection step uses SAR backscatter
analysis. After calibration, the radar backscatter coefficient can be expressed in decibels as follows
[4, 5]:

6lg = 101ogo(c”) (1

Here, sigma nought is the radar backscatter coefficient. In practical terms, oil films tend to
smooth the sea surface by reducing small-scale roughness. As a result, oil-like areas usually have
lower backscatter values than the surrounding water. An initial dark-spot mask can be produced with
an adaptive threshold:

D(x.y) — { 1, Gg(x=y) < Tiocal (2)
‘ 0, o (x:y) 2 Tiocal

In this expression, D(x,y) is the binary candidate slick mask, while T local is a local threshold
calculated from neighbouring sea-surface statistics. The output of this step is only a candidate layer.
It highlights dark objects that require further checking, but it does not by itself prove that the object
is an oil spill.

Al-based classification and contextual verification. Next, an Al model trained on the regional
data is used. The model does not depend only on pixel brightness. It also considers the shape of the
dark object, its texture, edge behavior, local wind conditions, AIS vessel information, proximity to
platforms or pipelines and the historical behavior of the same area. Oil probability is expressed
conceptually as:

Foit = f(FSARv F.‘s'h.apev Frextures Fwind s FAIS, Fplatf(:rmu F}Ii.vt()ry) (3)

In this formulation, F_SAR refers to backscatter features; F shape to the geometry of the
candidate slick; F texture to textural properties; F wind to wind conditions; F_AIS to vessel
movement; F_platform to proximity to oil and gas infrastructure; and F_history to historical baseline
patterns. Deep learning models such as FC-DenseNet, U-Net and graph-based segmentation
approaches have already been used in the literature for SAR oil slick or dark-spot detection [7-10].

The function f should be read as a conceptual Al classification function rather than a fixed
analytical equation. It defines the groups of input variables that would be used by a regional Al model
trained on remote sensing and contextual datasets.
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Figure 2. Proposed algorithmic sequence for rapid pre-modelling decision support
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Integration of real-time AIS, platforms and pipeline data. AIS data are used because vessel
movement is one of the most important contextual checks in the interpretation of offshore oil spills.
AIS is frequently used for marine situational awareness and offers vessel identity, position, course,
speed and navigational information [3]. Thus, the SAR dark spot is evaluated in the current system
not only as an image object, but also in relation to fixed oil and gas infrastructure and vessel tracks.
This helps to differentiate between operational discharges, ship wakes and other vessel related signals
and possible oil contamination. The distance between the detected slick candidate and a vessel
position is calculated as:

dyesset = distance(S,i, Vi) )

where S_oil represents the centroid or polygon of the detected candidate slick, and V i is the
AIS-derived position of vessel i. The vessel association score can then be written as:

Avessel = g(dvesse!aArpas.r: speed,course, vesseljype) %)

where Delta t _pass is the time difference between the vessel passage and the SAR acquisition
time. This function checks whether the anomaly may be associated with a moving vessel, ship wake,
operational discharge, collision or another maritime activity. A vessel passing close to the slick shortly
before image acquisition would increase the vessel-association score and mark the case for further
verification.

The same logic is applied to fixed oil and gas infrastructure. Offshore platforms, subsea
pipelines, terminals, port areas and industrial facilities are introduced as static spatial layers. The
distance between the detected anomaly and infrastructure object j is calculated as:

dinfra = distance(Syi, 1) 6)

where I j may be a platform, pipeline, terminal, port or other industrial object. Since a direct
distance value can distort the risk calculation when different units or scales are used, infrastructure-
related risk is expressed through a normalised distance function:

1 (7

Rip fra — 14 M

do

where d_0 is a reference distance selected for the operational scale of the study area, such as 1
km, 5 km or 10 km. With this form, a slick candidate located close to a platform or pipeline receives
a higher infrastructure-related risk score, while a candidate located farther away receives a lower
score.

For practical application, this simple distance function can be refined. It may be replaced by
weighted proximity zones, pipeline risk corridors, site-specific probability surfaces or infrastructure
vulnerability classes. This would allow the model to distinguish, for example, between a small port
facility, a major offshore production platform and a high-risk pipeline corridor.

When a SAR dark spot is found, this step operates by asking two straightforward questions: is
the anomaly near platforms, pipelines, terminals, or ports, and did a vessel recently pass close to this
location? The case is given more contextual attention if the response is in the affirmative. Although
it helps identify potential sources, prioritize inspection, and lower false alarms, this does not prove
an oil spill.

Tun nuyensuu CC: Attribution 4.0 International (CC BY 4.0) 44




broniemens nayku u npakmuku / Bulletin of Science and Practice T. 12. Ne7 2026
https://www.bulletennauki.ru https://doi.org/10.33619/2414-2948/128

2. CONTEXTUAL VERIFICATION LAYERS 4. FINAL CLASSIFICATION
Output
I 7
1. SAR DETECTION Q Wind Speed / Sea State | || check 3. DECISION LOGIC —_—
Candidate Slick 4 Low wind can Integrated Evaluation PROBABLE OIL SPILL
5 e \ mimic oil

(High Confidence)

SAR image (Sentinel-1) ﬁ EE |I v 2 ‘| —— =T
Dark spot detected O L8 N o',“pm Combine all scores ' By
= Wind factor (0-1) i g 3 i \
7 2 2 Woing Weighted integration \\ ¢ ’
L 2,
1 3 (@ Stinat = ZW; i High Sgina|
i @ AlS Vessel Tracks = c'{e“ ©-1 Oil-like + contextual
4 ‘ Ship wakes or evidence supported
| operational
|+| \ discharges = —
&  output Example factors » POSSIBLE LOOK-ALIKE
| Vessel association — o Wiing (Requires Verification)
.|| score(0-1) PR
| Avessel * Avessel o 2
* Rintra '\ q ,'
Platform / Pipeline & e | Check | e B N o d
Proximity e / Proximity to offshore history et
e = /‘f,r- ~ ./ infrastructure (EE— o ";ed'“": Stinal .
% i - / Y - ixed signals — needs
Extracted candidate ;. Q v 4 ,'/ Output * further verification
(polygon / centroid) | ron \’ S Infrastructure risk (0-1) — \E = = o
i R

/
S — = Stinal : N ’

Output (Oil Spill Probability) Low Spaat
Y inal
Baseline similarity (0-1) Consistent with natural
Bhistory conditions / baseline

\
S . 5 L ) REJECTED FALSE ALARM
| (Low Confidence)
} @ Historical Baseline . S (C"”k i “on s
| £y Recurring look-alike
1 / 7 R

| | areas ! !
| | e,
Noim e e e e e 7 ans
D
= 5

Goal - Data S_"""‘:es Benefits Output Products
(:’ e o \umgs  ° Sentinel-1 SAR + Higher detection reliability - Risk map
di i g + Meteo / Wave model « Faster decision for response « Slick probability layer
.an mcr'ease. conny e'nce * AlS data * Better resource allocation « Priority response zones
in real oil spill detection * Infrastructure database

» Reduced operational cost * Reporting dashboard

» Historical archive

Figure 3. Contextual screening reduces false interpretation of SAR dark spots as oil spills

Contextual verification is used to reduce the misinterpretation of SAR dark-spot candidates. In
SAR data, oil slicks are often black because they dampen short gravity-capillary waves. However,
similar fingerprints can also be created by low-wind cells, natural surface films, algae, ship wakes,
rain cells and other hydrometeorological events. The framework, therefore, does not classify all SAR
dark objects as oil. Each applicant is evaluated based on historical baseline behaviour, proximity to
platform and pipeline, wind and sea conditions, and AIS vessel movement.

The anomaly is classified as a probable oil spill with high confidence, assuming that the context
and picture data match. If the data is conflicting, then a drone, outdoor observation or further
photography should be used to confirm the case as it could be a lookalike. If the anomaly corresponds
to natural recurring patterns or poor detection conditions, it is classified as a low-confidence false
alarm. This multi-layer check makes the decision making less risky when relying only on SAR
brightness.

False-positive reduction and confidence scoring. False positives remain one of the main
disadvantages of SAR based oil spill detection. Dark areas that resemble oil can be caused by low
winds, natural films, internal waves, rain cells, algae, plankton and ship wakes. The framework
provides a false positive probability that depends on the operational and environmental context:

Pfalse = h(W,C,H,A[S,B) (8)

where W denotes wind and sea-state conditions, C denotes current and wave context, H denotes
historical look-alike frequency, AIS denotes vessel activity and B denotes the baseline background
behaviour of the local area. The final oil confidence value is then calculated as:

Coii = Paii X (1 - Pfalse) (9)

Ahigh C oil value indicates a probable oil spill. A moderate value suggests that the case should
remain under verification. A low value indicates a likely look-alike or false alarm.
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Pre-modelling movement and scenario generation. Before detailed physical modelling is
carried out, the system generates a first-order estimate of slick movement. This estimate is not
intended to replace GNOME or OSCAR. It is a quick approximation for the first response period,
when decision-makers need an initial direction of movement before detailed model outputs are
available. A simple vector-based displacement can be expressed as [1, 5]:

where X t is the current slick position, X {t+Delta t} is the estimated position after the time
interval Delta t, U c is the surface current vector, U w is the wind vector and alpha is the windage
coefficient. The result provides an initial indication of possible movement direction. The system then
combines this movement estimate with oil confidence, environmental sensitivity, shoreline proximity,
infrastructure exposure and vessel association.

Riora1 = w1Coir + WaRinfra+w3Reny +WaRpore +WsR g0l (11)

where R _total is the total risk score; R _env is the environmental sensitivity risk; R _shore is the
shoreline impact risk; R vessel is the vessel association risk; and wl, w2, w3, w4 and w5 are
weighting coefficients assigned by expert judgement or calibrated from historical cases.

High, Riorar = 0.70 (12)
Risk = { Medium, 0.40 < R, < 0.70
Low, Riorar < 0.40

The threshold values in Equation (12) are illustrative. In a real operational system, they should
be adjusted using historical spill records, expert review, field verification and comparison with
detailed GNOME or OSCAR outputs. Table 2 summarises the scenario logic.

Table 2
PRELIMINARY SCENARIO CLASSIFICATION LOGIC
Scenario Typical conditions Operational meaning

High risk High oil confidence, strong wind/current, short Immediate response mobilisation and
distance to sensitive objects or infrastructure priority modelling required

Medium Moderate oil confidence and/or moderate Targeted monitoring, drone

risk transport conditions, possible interaction with verification and model preparation
selected objects required

Low risk Low transport potential or low confidence after Continue surveillance and verification
false-positive screening before full emergency mobilisation

Results and discussion

This framework gives rise to a two-stage response procedure. The regional database initially
provides quick pre-modeling knowledge by comparing the anomaly with predefined baseline data,
current AIS data, adjacent infrastructure and false-positive situations before creating initial risk
scenarios. Second, the verified data can be imported into GNOME, OSCAR, or another oil spill model
for more detailed trajectory, fate, weathering and reaction analysis.

This is an important distinction. The framework is not put forward as yet another full trajectory
model. It helps to reduce the operational gap between accurate modeling and detection. It does this
through Al-based contextual validation, the necessary regional layers in place, and a structured first-
response image when a candidate slick is detected.

This strategy is particularly important for the Caspian Sea region of Azerbaijan. A relatively
concentrated regional system includes ports, shipping lanes, platforms, subsea pipelines and sensitive
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coastal receptors. Regular updating of the database will lead to better preparedness, allow early
warning and reduce the need to collect important input data only after the event has already occurred.

This approach may also involve thermal remote sensing. Thermal infrared observations can be
useful for assessing oil pollution, as oil coatings can alter the thermal and emissive properties of the
water surface, as noted in [11]. Thus, in the present paradigm, thermal layers are treated as extra
information to aid SAR and optical interpretation, where appropriate thermal data from satellites or
drones are available.

AIS vessel route [ .
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Figure 4. Example of high-, medium- and low-risk impact pathways generated immediately after
detection

Limitations and validation. To make this framework work the incoming data must be consistent
and of good quality. Sea state affects SAR interpretation, AIS signals can be too weak or deliberately
switched off, wind and current fields may be too coarse for local-scale movement, and previous
labelling might not be sufficient for reliable Al training. For these reasons, the framework should be
used as a decision support tool rather than as a fully independent final decision maker.

Validation should be based on a weight of evidence. Results should be compared with AIS and
platform activity logs, drone or field verification, expert interpretation of SAR images, previous oil
spill data, and GNOME or OSCAR outputs where possible. Metrics such as accuracy, recall, F1-
score, false alarm rate, and intersection-over-union can be used to evaluate the model’s performance
in segmentation tasks.

Conclusion
The research proposes an Al-ready regional remote sensing database and pre-modeling
decision-support system for rapid generation of oil spill damage scenarios in the Azerbaijan part of
the Caspian Sea. The system employs Sentinel-1 SAR, Sentinel-2, thermal observations, AIS vessel

Tun auyenzuu CC: Attribution 4.0 International (CC BY 4.0) 47




Bronnemens nayxu u npaxkmuxu / Bulletin of Science and Practice T. 12. Ne7 2026
https://www.bulletennauki.ru https://doi.org/10.33619/2414-2948/128

tracks, offshore platforms, pipelines, hydrological and meteorological data, historical baseline data
and environmental sensitivity layers.

The main contribution is a fast intelligence layer that works before the deep GNOME or
OSCAR modeling. Once an oil-like anomaly is identified, the framework provides high, medium and
low risk impact scenarios, exposes objects, reduces false positives, and verifies the case with regional
context. The strategy can help promote environmental protection in the Caspian region and improve
early reaction planning by reducing the time between detection and first operational assessment.
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