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Abstract: In this paper, we present a probabilistic approach which uses nadir-looking wide-band radar
to detect oil spills on rough ocean surface. The proposed approach combines a single-layer scattering
model with Bayesian statistics to evaluate the probability of detection of oil slicks, within a plausible
range of thicknesses, on seawater. The difference between several derived detection algorithms is
defined in terms of the number of frequencies used (within C-to-X-band ranges), as well as of the
number of radar observations. Performance analysis of all three types of detectors (single-, dual- and
tri-frequency) is done under different surface-roughness scenarios. Results show that the probability
of detecting an oil slick with a given thickness is sensitive to the radar frequency. Multi-frequency
detectors prove their ability to overcome the performance of the single- and dual-frequency detectors.
Higher probability of detection is obtained when using multiple observations. The roughness of
the ocean surface leads to a loss in the reflectivity values, and therefore decreases the performance
of the detectors. A possible way to make use of the drone systems in the contingency planning is
also presented.

Keywords: oil spill; remote sensing; reflection coefficient; electromagnetic roughness; multi-
frequency detector; multiple observations; probability density function; probability of detection;
contingency planning

1. Introduction

Enormous applications and industries use petroleum products worldwide, and thus require
the presence of petroleum materials on site. This need stresses the necessity of moving petroleum
substances using maritime ships or underwater pipelines internationally between different continents
and countries. In addition to the intentional petroleum waste spill in sea water, transportation is
vulnerable to involuntary oil spills from tanker collisions with rocky shoals, ship accidents and pipeline
ruptures [1]. The European Space Agency (ESA) stated that more than 4.5 million tons of oil is the
estimate of the annual spill worldwide, where 45% of the amount is due to operative discharges
from ships [2]. Oil spills in sea water are one of the major incidents which adversely cause long-term
repercussions for the maritime environment. They are happening on a global scale, and their influence
on the ecosystem is extremely severe. Oil spills, including gasoline, fuel, crude, and bulk oil, will affect
the ecosystem starting from maritime life and ending in the human life and environmental disasters.
Marine oil spills can be highly dangerous since wind, waves and currents can scatter a large oil spill
over a wide area within a few hours in the open sea. Environmental rules, regulations and strict
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operating procedures have been imposed to prevent oil spills, but these measures cannot completely
eliminate the risk [3]. Therefore, oil spill detecting and monitoring systems are extremely important in
order to react quickly and to limit contamination.

Oil spill detection and monitoring is done with the aid of several techniques and sensors.
State-of-the-art sensor technology for oil spill surveillance is listed and described in [4–6]. Infrared
sensors are relatively cheap remote-sensing technologies which can be used to detect oil spills.
However, thermal radiation from sea weeds appear similar to the radiation arising from the oil
which may lead to a false positive result. In addition, infrared sensors require the absence of cloud
and heavy fog for good operation [4]. Ultraviolet (UV) sensors cannot detect oil thickness greater
than 10 microns. Less UV use is being made for oil spills in today’s remote sensing because of the
low relevance of thin slicks to oil spill cleanup [6–8]. Microwave radiometer (MWR) is an additional
passive sensor that is used for oil spill detection and oil thickness measurements. However, MWR
sensors are costly and it is complicated to put them into operation. Microwave radiometer sensors
require information about many environmental characteristics and oil properties to accurately detect
the oil [4]. There are interferences, and signal differentials may be poor. Currently, microwave is not
being used for slick imaging [6].

Radar is a very useful active sensor to detect oil over a large area. Thus, it can be used as a first
assessment tool to detect the possible location of an oil spill. SAR (Synthetic Aperture Radar) and SLAR
(Side-Looking Airborne Radar) are the two most common types of radar which can be used for oil spill
remote sensing [4,9]. Synthetic Aperture Radar is the most widely used sensor on spaceborne platforms
for oil spill detection [4]. Imaging SAR systems are off-nadir instruments whose backscattering over the
ocean is primarily due to Bragg scattering at relevant incident angles. In [10–13], comparison between
different spaceborne and airborne SAR algorithms is done. Synthetic Aperture Radar technique is
highly prone to false targets, however, and is limited to a narrow range of wind speeds (approximately
2 to 6 m/s). At winds below this, there are not enough small waves to yield a difference between
the oiled area and the sea [3]. At low wind speed it is not possible to distinguish between thick and
thin oil slicks. The ocean’s slight surface roughness due to very low wind speed (<3 m/s) leads the
backscattering to be dominated by the specular component, challenging SAR systems for oil spill
detection [12]. Therefore, it would be advantageous to study the radar observations from nadir-looking
systems since they cover scenarios that cannot be studied by SAR systems. Being largely independent
of surface roughness, the returns from nadir (or near-nadir) systems will benefit from the dominance
of the specular scattering and enable detection in very low wind conditions.

Most recent ones are those done remotely using airborne [14,15] and satellite systems [16–21].
Satellites face the limitations of overpass frequency and low spatial resolution [5], whereas airborne
systems, despite their high cost due to aircraft dedication, can be used directly when needed for
real-time dataset processing [4]. The European Maritime Safety Agency (EMSA) launched in 2016 the
need to complement the satellite maritime surveillance systems—that can detect only 25% of pollution
accidents—by drones [22]. According to [23], aerial surveillance could be improved significantly by
the admission of drones.

According to [7], sensors should provide the following information for oil spill contingency
planning:

• info 1: the location and spread of an oil spill over a large area,
• info 2: the thickness distribution of an oil spill to estimate the quantity of spilled oil,
• info 3: a classification of the oil type in order to estimate environmental damage and to take

appropriate response activities,
• info 4: and timely and valuable information to assist in cleanup operations.

From a system-level perspective, we study the incorporation of both C-band and X-band using
remote sensing nadir-looking wide-band radar sensors that can be implemented on drones as oil spill
detection systems. The drone-based radar will allow quick assessment of the area where the flag of
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possible spills is raised by witnesses. Winds and the ocean’s currents may spread the spilled oil to a
large area within a short period of time [4], hence the proposed systems will be able to provide the
most critical information needed for an effective contingency planning by specifying the location of
the oil (info 1) and its spread over the ocean. Nevertheless, working as nadir-looking systems will
definitely decrease the surface of the scanned area viewed by the radar compared to that scanned by
“side-looking” radars. However, parallelization in scanning can be used to cover large area in a critical
time. This means that instead of using a single drone with several scans to cover a large area, multiple
drones can be used at the same time. Using the radar on drone platforms will be a complementary
solution to the satellite systems. Once we have a flag of possible oil spill (due to collision of tankers,
or to the rupture of pipelines), the drones can be used to start the scans as tactical-response systems.
Afterwards, the satellites can be used for strategic planning by providing the synoptic view of the scene.
This will assist later in cleanup operations by providing valuable data as needed (info 4). Furthermore,
scanning with drones provides high spatial resolution compared to satellite and with a principal
advantage of relative low cost compared to dedicated airborne detection systems. With respect to
(info 2), we proposed in [24] using the same drones systems implementing different algorithms to
estimate the thickness of the oil. This information is very important to the effectiveness of oil spill
contingency planning because it allows the estimation of the total volume spilled.

We developed in [25,26] dual- and multi-frequency algorithms using only single observations
for oil spill detection. The model adopted was a planar multi-layer structure. The ocean surface
was assumed to be totally smooth corresponding to scenarios where the wind speed is very low.
Performance analysis of the proposed algorithms was presented in [27]. In this journal, we extend
the previously proposed approach by applying Bayesian statistics on the reflectivity values evaluated
at multiple frequencies and collected with multiple observations. A full derivation of the different
algorithms is presented. In addition, the multi-layer structure is no more assumed to be planar.
The statistical attributes of the ocean surface are presented. The performance of the detectors is tested
under different roughness scenarios. Since the oil properties (info 3) are not known during the first
stages of an oil spill, we study the effect of this missed information on the overall performance of the
proposed algorithms.

2. Methods

2.1. Reflection Coefficient Calculation for the Multi-Layer Planar Structure

From a physical point of view, the problem is considered to be a multi-layer structure where
we study the reflection of the electromagnetic waves from the sea layer covered by an oil layer.
The electrical properties and the physical characteristics are defined for the layers at the boundaries
where interaction with electromagnetic waves occurs.

In our model, we assume that there is an oil slick, with d thickness (in mm), on the top of the
sea water surface. An oil spill on the sea surface will dampen the waves and hence reduce the
surface roughness. Furthermore, at open ocean space, with low wind speeds (2–6 m/s) which are
considered to be optimal for oil spill detection [4], the correlation length of the ocean waves is large
and the root-mean-square (rms) height of the capillary waves is very small. Hence, we assume that
the multi-layer structure is planar. We consider that this assumption is indeed realistic when the
ocean’s surface is very smooth due to the very low wind conditions. When the roughness increases,
it decreases the reflection measurements made or increases the noise level of the environment.

The relative dielectric constants of the air, oil, and sea water are respectively ε1, ε2 and ε3.
The different media are assumed to be non-magnetic. The refractive indices n for the different
materials are ni =

√
εi. The electromagnetic waves are assumed to be normally incident on the ocean

surface. We assume that the sea water is deep enough so that we can neglect the radar reflections from
the sea-floor. The field reflection coefficients for the first interface (between air and oil) and the second
interface (between oil and water) are respectively:
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ρ12 =
n1 − n2

n1 + n2
, (1)

ρ23 =
n2 − n3

n2 + n3
. (2)

Across the boundaries, E is conserved. Using continuity property at these interfaces, the
reflectivity (power reflection coefficient) for the three-layer structure is derived in [25] as:

R = |ρ|2 =
ρ2

12 + ρ2
23 + 2 ρ12 ρ23 cos(2 δ)

1 + ρ2
12 ρ2

23 + 2 ρ12 ρ23 cos(2 δ)
. (3)

The phase shift δ is dependent on the oil-refractive index n2, the wavelength of the electromagnetic
wave λ0, and the thickness of the oil slick t. It is given by:

δ =
2 π f

c
n2 t =

2 π

λ0
n2 t, (4)

where c is the speed of light.
The reflectivity R is a trigonometric function with period TR that is dependent on the oil-refractive

index and the frequency of the electromagnetic wave. The period is expressed as:

TR =
2 π
2 δ
t

=
π

2 π
λ0

n2
=

λ0

2
√

ε2
. (5)

2.2. Smooth or Rough Surface

Several statistical attributes can be calculated for a random surface [28]. The collection of surface
height measurements may be described using standard statistical parameters. The surface height
measurements are denoted by z(i,j) in two-dimensional array N × N collected at a horizontal step-size
∆x over an area whose length and width are given by L [29]:

z(x,y)(∆x, L) (6)

with (x, y) ∈ [1, ..., N][1, ..., N].
Collecting big number of measurements, the height probability density function p(z) can be

approximated to one of many well-known distributions such as Gaussian, Exponential, or Rayleigh.
For most random surfaces, the probability density function (pdf) looks approximately Gaussian in
shape, that is [28,29]

p(z) =
1√

2 πs2
e
−z2

2s2 (7)

where s2 is the variance of surface heights. With zero-mean distribution, the variance is equal to the
standard deviation.

Given p(z), we can calculate several statistical attributes of the random surface, including [28]:

• the height standard deviation s given by

s =

√∫ + inf

− inf
z2 p(z)dz (8)

which is also called the rms-height , and
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• the surface correlation function defined by

l(ξ) =
〈z(x,y)z(x′ ,y′)〉

s2 (9)

where (x, y) and (x′, y′) are two locations on the surface, and ξ is the lateral separation
between them.

The correlation function l(ξ) is a measure of the degree of correlation between the surface at
different locations. The value of the correlation function decreases with ξ. Hence, if the spacing
between two locations is greater than a certain distance called the correlation length, we can assume
that the heights are considered to be statistically uncorrelated [28].

Electromagnetically, the roughness of a surface is measured relatively to the electromagnetic (EM)
wavelength λ. According to [28], for a surface with rms height s, its electromagnetic roughness ks is:

ks =
2π

λ
s (10)

For a perfectly smooth surface (flat surface) with rms height s = 0, an incident EM wave is
reflected along the specular direction, and the reflected power is related to the incident power by the
reflectivity formula given in Equation (3).

The component of the scattering pattern of the perfectly smooth surface consists of only a coherent
component. If the surface is rough with ks, the scattering pattern will also include a non-coherent
component along all other directions. In that case, the reflectivity along the specular direction will be
noted as the coherent reflectivity Rcoh, expressed as

Rcoh = R e−4ψ2
(11)

where
ψ = ks cos(θi) =

2π

λ
s cos(θi) (12)

with θi being the incident angle of the EM wave to the interfaces.
With respect to the oil spill problem, according to [11,13], an oil spill on the sea surface dampens

the waves and hence reduces the roughness of the surface. Furthermore, at open ocean space, with very
low wind speed ( <2–3 m/s) which are considered to be optimal for oil spill detection [4], the correlation
length of the ocean waves is large and the rms height s of the capillary waves is very small. Hence, the
electromagnetic roughness ks is negligible and all interfaces are assumed to be planar.

When the variation of the ocean waves increases due to higher wind speed, the electromagnetic
roughness increases respectively with the rms height s. Therefore, the surface is not considered to
be totally planar anymore, and its variation will affect its level of roughness. Depending on the
electromagnetic roughness factor, the surface can be described to be planar (ks = 0), relatively smooth
(ks = 0.2) or extremely rough (ks = 2). The effect of the electromagnetic roughness on the reflectivity
value is displayed in Figure 1 [28].
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Figure 1. Effect of the electromagnetic roughness on the reflectivity value.

2.3. Detection Algorithms

From the mathematical perspective, the detector algorithms use the statistical characterization
of the reflectivity values and its distribution under different oil thicknesses in order to obtain a final
decision whether oil exists or not. These reflectivity values are assumed to be independent events.
Any previous knowledge about the existence or absence of oil in the surface scanned should be taken
into consideration to weight the probability of the decision in the detector block. Nevertheless, without
any previous knowledge about the spill situation, the detector decision will be totally based on the
statistics of the calculated power reflection ratio.

Let “o, w” be the events indicating the presence of the oil slick and the water, respectively. Let R
be the event representing the reflectivity value(s) measured. R could represent one or more reflectivity
values repeated at the same frequency or at different frequencies. In all cases, these reflectivity values
are assumed to be uncorrelated in time domain (at multiple observations) and in frequency domain
(at multiple frequency measurements). The difference between these cases will be studied in the
following subsections. With “·” being the numerical multiplication, the probability of oil presence and
absence given R are respectively

Pr(o|R) = Pr(o ∩ R)
Pr(R)

=
Pr(R|o) · Pr(o)

Pr(R)
(13)

Pr(w|R) = Pr(w ∩ R)
Pr(R)

=
Pr(R|w) · Pr(w)

Pr(R)
(14)

Without any previous knowledge about the spill situation, i.e., with Pr(o) = Pr(w) = 50%,
the ratio of probabilities of oil presence to water presence is given by

Pr(o|R)
Pr(w|R) =

Pr(R|o) · Pr(o)
Pr(R|w) · Pr(w)

=
Pr(R|o)
Pr(R|w)

. (15)

The probability of obtaining a measured reflectivity value given that the oil exists is evaluated
using the corresponding pdf. Similarly, the probability of obtaining the same reflectivity value given
that the water exists is evaluated. If the ratio in (15) gives a result greater than unity, the decision will
indicate the oil existence.
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2.3.1. Single Observation at Multiple Frequencies

If R in (15) represents single observations of reflectivity measured at different frequencies (up to I
total frequencies), then we can express it as

R = R f1 , R f2 , ...R f I (16)

Replacing (16) in (15), we obtain

Pr(o|R)
Pr(w|R) =

Pr(R f1 , R f2 , ...R f I |o)
Pr(R f1 , R f2 , ...R f I |w)

=
Pr(R f1 |o) · . . . · Pr(R f I |o)
Pr(R f1 |w) · . . . · Pr(R f I |w)

=
Pr(R fi

, R f j
, ..|o)

Pr(R fi
, R f j

, ..|w)
· Pr(o)

Pr(w)
(17)

=
∏i Pr(R fi

|o)
∏i Pr(R fi

|w)

= ∏
i

Pr(R fi
|o)

Pr(R fi
|w)

2.3.2. Multiple Observations at Single Frequency

If R in (15) represents multiple observations (up to M total observations) of reflectivity measured
at single frequency, then we can express it as

R = R(1)
f1

, R(2)
f1

, ...R(M)
f1

(18)

Replacing (18) in (15), we obtain

Pr(o|R)
Pr(w|R) =

Pr(R(1)
f1

, R(2)
f1

, ...R(M)
f1
|o)

Pr(R(1)
f1

, R(2)
f1

, ...R(M)
f1
|w)

=
Pr(R(1)

f1
|o) · . . . · Pr(R(M)

f1
|o)

Pr(R(1)
f1
|w) · . . . · Pr(R(M)

f1
|w)

(19)

=
∏m Pr(R(m)

f1
|o)

∏m Pr(R(m)
f1
|w)

= ∏
m

Pr(R(m)
f1
|o)

Pr(R(m)
f1
|w)

2.3.3. Multiple Observations and Multiple Frequencies

If R in (15) represents multiple observations (up to M total observations) of reflectivity measured
at multiple frequencies (up to I total frequencies) , then we can express it as

R = R(1)
f1

, ..., R(M)
f1

, R(1)
f2

, ..., R(M)
f2

, ..., R(1)
f I

, ..., R(M)
f I

(20)
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Replacing (20) in (15), we obtain

Pr(o|R)
Pr(w|R) =

Pr(R(1)
f1

, ..., R(M)
f1

, R(1)
f2

, ..., R(M)
f I
|o)

Pr(R(1)
f1

, ..., R(M)
f1

, R(1)
f2

, ..., R(M)
f I
|w)

=
Pr(R(1)

f1
|o) · . . . · Pr(R(M)

f1
|o)

Pr(R(1)
f1
|w) · . . . · Pr(R(M)

f1
|w)

×
Pr(R(1)

f2
|o) · . . . · Pr(R(M)

f2
|o)

Pr(R(1)
f2
|w) · . . . · Pr(R(M)

f2
|w)

× . . . (21)

×
Pr(R(1)

f I
|o) · . . . · Pr(R(M)

f I
|o)

Pr(R(1)
f I
|w) · . . . · Pr(R(M)

f I
|w)

=
∏m Pr(R(m)

f1
|o)

∏m Pr(R(m)
f1
|w)
× . . .

∏m Pr(R(m)
f I
|o)

∏m Pr(R(m)
f I
|w)

= ∏
i

∏
m

Pr(R(m)
fi
|o)

Pr(R(m)
fi
|w)

3. Results and Discussion

3.1. Simulation Setup

Probability of detection calculations are performed using Monte Carlo Simulations in MATLAB.
The dielectric constant of the air is ε1 = 1. The dielectric constant of the thick oil is assumed to be real
ε2 = 3 (the imaginary part of order 0.01 j can be neglected without affecting the results). Sea water
dielectric constant, ε3, is function of the water temperature tw, water salinity sw and the frequency of
the electromagnetic signal used. For its calculation, we use the model mentioned in [28] with tw = 20◦

C and sw = 35 ppt. The noise variance in the system is considered to be additive white Gaussian
(AWG) in linear scale, with variance of σ2 = 0.02.

3.2. Reflectivity Behavior with Smooth and Rough Surfaces

Figure 2 shows the reflectivity values (coherent component) calculated from the planar multi-layer
structure versus the oil thickness, under different electromagnetic roughness (ks = 0, 0.2 and 0.5).
The plot of Rcoh,w is simply a copy of the value obtained at d = 0 mm at the given frequency. For totally
smooth surfaces, the plot of Rcoh,o at 4 GHz is almost monotonically decreasing in the range (0–10 mm).
It has a very small slope at small thickness values (0–3 mm), but this slope increases with the increase of
the oil slick thickness (3–7 mm). At some thicknesses, any error in the power reflectivity measurements
at 4 GHz would mislead the oil detection due to the very small variation between Rcoh,o and Rcoh,w.

The variation of the reflectivity values at 12 GHz is quite high for consecutive values of thicknesses.
This variation allows the oil detection for small thicknesses (1–3 mm). As discussed in Equation (5), the
reflectivity is a trigonometric function and has a cyclic behavior. This is observed clearly at f = 12 GHz;
the reflectivity repeats every 7.2 mm. Due to the cyclic behavior, many thickness values give the same
reflectivity value leading to false interpretations. Therefore, it is important to use more than one
frequency to improve the detection. When the electromagnetic roughness of the surfaces increases, the
reflectivity values decrease as presented in Equation (11). Increasing the surface roughness ks from 0.2
to 0.5 leads approximately to 4 dB loss in the reflectivity.
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Figure 2. Comparison between the reflectivity values (in dB) versus the oil thickness (in mm) at 4 GHz
and 12 GHz for different roughness scenarios. Ro and Rw in each graph represents the oil and water
reflectivity values, respectively.

3.3. Effect of the Oil Properties on the Performance of the Single-Frequency Detectors

In real scenarios, when oil spill takes place, it is not always the case that the oil type is well known
and defined. This rises the following question from system-monitoring aspect: Does the absence of
the exact value of the oil property affects the reflectivity values? To answer this, Figure 3 presents
the reflectivity values for different relative dielectric constants of the oil (ε2 = 2.9, 3 and 3.3) at two
frequencies (4 and 12) GHz. At 4 GHz, the difference in the relative dielectric constant values does
not modify the reflectivity values at (0–3) mm. However, for higher thickness values, the reflectivities
start to change for different dielectric constants. At 4 GHz, the difference between the reflectivities
when ε2 = 2.9 and ε2 = 3.3 reaches approximately 1 dB at around 7.8 mm. At 12 GHz, the difference is
high at around 3.5 mm, decreases to null at 7.8 mm and increases again to 2 dB at 10 mm. Now, we
know that the oil type slightly affects the reflectivity value, but more importantly, is it the case for the
performance of the detectors?

Figure 4 compares between the probability of detection versus the oil thickness (in mm) for
different single-frequency detectors with single scan (M = 1) and variant oil properties. Using the
detector with single observation at 4 GHz, the probability of oil detection increases with the oil
thickness from 51% to 70%. At 8 GHz, the detector records highest detection of 69% at 5 mm but it
fails for thickness ranges (1–2 mm) and (8.5–10 mm) recording a value smaller than 55%. At 12 GHz,
the detector fails at 1 mm and between (6–8 mm), where the higher detection occurs at 3.5 mm.
The results for all these single-frequency detectors (with single observation) validate the reflectivity
behavior explained previously in Figure 2.

The effect of the variation in the reflectivity values, due to the variation of the oil properties, in
the performance of the single-frequency detectors is also presented in Figure 4. From the obtained
results, we notice that although at different thickness values there exists some noticeable difference in
the reflectivity values at the same frequency for different dielectric constants (as shown in Figure 3),
but these variations do not affect the performance of the detectors more than 2%. Therefore, even when
monitoring an oil spill, the proposed algorithms can be used with an approximate value of the oil
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permittivity without affecting the performance of the technique on the detection. This analysis is highly
useful for the monitoring system because it defines the vulnerability of the drone systems against the
absence of some information about the oil properties that are not be present during tactical response.

 

Figure 3. Reflectivity R (in dB) versus oil thickness (in mm) at different frequencies (4 GHz, and
12 GHz) and different oil dielectric constants. The electromagnetic roughness is ks = 0.5.

 

Figure 4. Comparison between the probability of detection versus the oil thickness (in mm) for
single-frequency detectors at 4 GHz, 8 GHz and 12 GHz, using single observation (M = 1) and different
oil properties. The electromagnetic roughness is ks = 0.5.
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3.4. Performance Analysis of the Multi-Frequency Detectors

Figure 5 compares between the probability of detection versus the oil thickness (in mm) for
different single-frequency detectors when the number of observations used by the detectors is varied
up to 5. The electromagnetic roughness of the surface is 0.5. The performance of all detectors improves
when the number of observations increases from 1 to 5. Using many observations for the detection
reduces the AWG noise. However, no improvement is recorded for thickness values equal to multiple
of wavelengths. Therefore, even when increasing the number of observations to reduce the effect of
the noise, there are still some thickness ranges where the decision is totally wrong. With the use of one
frequency, it is not possible to cover all the possible range of thickness values because of the periodicity
of the reflectivity. The reflectivity’s cyclic behavior highlights the need to use multiple frequencies to
achieve accurate decision about the oil spill situation.

 

Figure 5. Comparison between the probability of detection versus the oil thickness (in mm) for
single-frequency detectors at 4 GHz, 8 GHz and 12 GHz, using single observation (M = 1) and multiple
observations (M = 2 and M = 5), with electromagnetic roughness ks = 0.5.

Figure 6 compares the probability of detection for different single- and dual-frequency detectors
under different surface-roughness scenarios. Using more than one frequency in the detector increases
the range of thicknesses over which the detection is correct and omits to a certain extent the drawbacks
of the reflectivity cyclic behavior. When combining 4 GHz with 8 GHz, the probability of detection
increases to more than 70% for any thickness value exceeding 4.5 mm. Using more observations
(M = 3 and 5), the dual-frequency detectors performs respectively around 10% and 15% better than
using single observation only. The performance of the detection is much efficient when the surface
is planar. It is evaluated to be higher than 75% for thickness values greater than 2 mm when M = 5.
The probability of detection generally improves for a larger number of scans M because the noise
will be averaged out. However, with dual-frequency detectors, the probability of detection in the low
frequency range is still low. What if we increase the number of frequencies used when scanning?

Figure 7 shows the effect of increasing the number of frequencies on the performance of the
detectors. For planar surfaces, the tri-frequency detector using the combination of (4 GHz, 6 GHz
and 8 GHz) shows better performance than the combination of (4 GHz, 8 GHz and 12 GHz) in high
thickness ranges. The cyclic behavior of the reflectivity at 12 GHz leads to the 8% drop witnessed at
8.5 mm. However, its slope is steepest than the slope of the reflectivity at 6 GHz. This explains the
5–15% less efficiency at low thickness values 1–4 mm.
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Figure 6. Comparison between the probability of detection versus the oil thickness (in mm) for different
detector algorithms: single-frequency detectors at 4 GHz and 8 GHz, and dual-frequency detectors
using combinations of these frequencies, for different surface-roughness scenarios.

 

Figure 7. Comparison between the probability of detection versus the oil thickness (in mm) using
different multi-frequency detectors for smooth and rough surfaces.

Higher frequencies witness more electromagnetic loss at the same rms height (s) of the surface.
Therefore, it would be more advantageous to use lower frequencies when the ocean surface is rough.
For electromagnetic roughness ks = 0.5, the loss of the reflectivity at 12 GHz is much higher than the
loss at 6 GHz. For that reason, the tri-frequency detector that uses 6 GHz instead of 12 GHz gives
better performance over all the possible thickness values. By increasing the number of scans, more
benefit can be achieved at low thickness values.
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Overall, based on the previous obtained results, we can propose the following plan using drone
systems for oil spill detection:

1. Receiving alarm for possible oil spill (witnesses, underwater pipelines ruptures, collisions of
tankers, etc.)

• Send multiple drones to test the candidate scene.
• The drones should use wide-band radar to collect several measurements at different

frequencies in each scan.
• Depending on the weather conditions and the ocean’s waves, scan M times the scene to

reduce the effect of the noise on the collected measurements as needed.
• Data collected should be transmitted directly to base stations for post-processing.

2. Apply the detection algorithms on the collected data and analyze it. If the probability of detection
exceeds the threshold set by the persons in charge, launch the oil spill alarm and the need to start
the contingency plan.

3. Apply the oil thickness estimation algorithms [24] on the collected data to estimate the severity
of the spill. High values (>1 mm) indicate the need for quick intervention because the oil slick
will be considered to be “thick” and “heavy”, and it will persist for a long period of time [4].

4. Use the satellite systems to provide a synoptic view of the scene during the upcoming days to
track the spill.

5. Once the contingency plan is started, make use of other sensors to get all other needed information
more accurately (for example, the large-size and weight fluoro-sensor can be used to identify the
oil type [4].)

4. Conclusions

In this paper, we present a new probabilistic approach using wide-band radar for drone-based
oil spill detection applications. We derived multi-frequency algorithms that use the statistical
characterization of the power reflectivity and its distribution under various oil thicknesses and
electromagnetic wave frequencies. We first introduce multi-frequency single-observation detector that
uses single measurement of power reflection coefficient at different frequencies. Then, we present the
single-frequency multiple-observations detector that uses multiple measurements of power reflection
coefficients over several scanning for the sea area under study. We finally derive the multi-frequency
multiple-observations detector that uses different frequencies at the same time and repetitively to
provide a final decision about oil spill presence or absence. Performance analysis of all three types of
detectors is done. Results show the inability of the single-frequency detectors to effectively distinguish
between oil slicks and water for the total range of possible thicknesses. Nevertheless, increasing the
number of observations leads to an increase in the effectiveness of the detectors. Dual-frequency
and tri-frequency detectors prove their ability to overcome the drawbacks of the single-frequency
detector by providing accurate detection especially for multiple observations. The performance of these
detectors is reduced when the roughness of the ocean surface due to winds increases. The proposed
algorithms can be implemented on nadir-looking systems such as the drones to be complementary
systems for oil spill detection. Using multiple drones at the same time allow for quick intervention and
real-time data collection for post-processing. During the early stages of a possible oil spill, the drone
systems act as tactical-response systems complementing the large-scale view obtained by satellite
systems. Once the spill is confirmed, the drones can track the spill using the high spatial resolution
feature provided by the wide-band radars.
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