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Abstract 
The environmental impacts caused by frequent oil spills along the Congolese 
coast pose a significant concern. The main objective of this work is to study 
the dynamics of coastal pollution due to hydrocarbons using hyperspectral 
images in the Madingo-Kayes area, located in the Kouilou department in the 
southwest of the Republic of Congo. To achieve this, two multi-temporal Hy-
perion hyperspectral datasets, acquired by the EO-1 satellite on February 18, 
2014, and December 30, 2016, respectively, were retrieved from the USGS da-
tabase. These images were then analyzed and processed using ENVI 5.0 and 
QGIS 3.16 software to detect and map surface hydrocarbon indicators in the 
study area using three methods. The first method is based on the calculation 
of sub-band ratios in the absorption wavelength ranges of hydrocarbons (1700 
- 1800 and 2300 - 2350 nm). The HD ratio detected 443 hydrocarbon indica-
tors in the 2014 Hyperion image, while 629 indicators were detected in the 
2016 image. The HI ratio detected 155 indicators in 2014, compared to 133 in 
2016. The second method is the SAM classification, based on prototype hy-
drocarbon absorption signatures. It detected 387 indicators in the 2014 image 
and 73 in the 2016 image. The third method is the SSM classification, based 
on vegetation stress signatures caused by hydrocarbons within the 680–740 
nm wavelength range. It detected 168 hydrocarbon-related indicators in veg-
etation in 2014 and 18 in 2016. 
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1. Introduction 

The Republic of Congo, one of Africa’s leading crude oil producers [1], has a 
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coastline that is subject to intense oil activity. The country’s economy is essentially 
based on oil, which accounts for around 90% of exports [1] [2], two-thirds of na-
tional GDP, and 80% of government revenue [3]. The country’s territorial waters 
are home to oil infrastructures that pose a permanent and real threat of pollution 
[4]. Pollution also comes from neighbouring countries, carried by sea currents [5] 
and wind [6]. Oil slicks have been observed on the coast of Gabon [7] and in the 
Gulf of Guinea [8].  

Assessing the extent of the evolution of this pollution remains a challenge. Nu-
merous studies have highlighted the environmental impact of oil spills on the 
Congolese coast [2] [5] [9]-[11]. The environmental consequences are dramatic: 
degradation of soil and water, contamination and mortality of fish, damage to 
fishing gear and boats, damage to commercial fishing, negative impacts on tour-
ism, incidence of diseases such as digestive, cardiac and neurological disorders, 
lung disease, skin rashes, mucous membrane disorders, and breathing difficulties.  

This study focuses specifically on the Madingo-Kayes area because of several fac-
tors that make it a site of interest for coastal pollution research. Firstly, the area is 
an oil exploration and production site [1]. The presence of oil infrastructure in-
creases the risk of oil spills, making it a relevant site for studying environmental 
impacts. For example, an oil spill occurred on 20 January 2011 in the Madingo-
Kayes district, at one of Sintoukola Potash’s potash exploration sites, causing major 
damage in the villages of Sintoukola and Nkoutou. Around 600 people were evacu-
ated from the surrounding villages. In addition, the Madingo-Kayes coastal zone is 
home to sensitive ecosystems, such as mangroves and marshy areas, which are par-
ticularly vulnerable to oil pollution. Organisms living in the mangrove ecosystem 
can suffer both the direct effects of oil and, in the longer term, the loss of their hab-
itat [12]. The study of pollution in this area also makes it possible to assess the socio-
economic consequences of oil spills for the local population, which depends on nat-
ural resources for its livelihood, including small-scale inland fishing [13]. Tourism 
can be destabilised by the presence of oil slicks in the water and tar balls on the coast.  

Nowadays, remote sensing, and more specifically hyperspectral imagery, is 
widely used for exploring and monitoring oil pollution [6] [14]-[19]. Hyperspec-
tral images can be used to identify hydrocarbons using absorption between 1700 
- 1800 nm and 2300 - 2350 nm [20] [21], with peaks at 1730 nm and 2310 nm [20] 
[22]-[24]. These specific absorption bands highlight the presence of hydrocarbons 
mixed with sand [20] [25]. Several methods have been developed to detect hydro-
carbon indicators: the calculation of sub-band ratios such as Hydrocarbon Detec-
tion (HD) [26] and Hydrocarbon Index (HI) [27], the use of spectral signatures 
in the absorption bands at 1700 nm and 2300 nm [25] [28], and 680 - 740 nm for 
hydrocarbon-contaminated vegetation [29]-[31].  

The aim of this work is to study the dynamics of coastal oil pollution using 
hyperspectral images in the Madingo-Kayes area, with a view to analysing the spa-
tio-temporal dynamics of oil pollution and setting up a remote pollution moni-
toring tool to supplement existing data and increase observation capacity along 
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the Congolese coast. The study will thus contribute to a better understanding and 
management of this major environmental problem.  

2. Presentation of the Study Area  
2.1. Physical Environment  

The study area is located in Madingo-Kayes, in the department of Kouilou, in the 
south-west of the Republic of Congo, between latitudes 4˚22'6.25'' and 4˚25'58.34'' 
south and between longitudes 11˚34'22.28'' and 11˚40'58.29'' east (Figure 1). It 
covers an area of around 55 km2. The area is bounded to the north by lakes 
Louandjili and Ndembo, to the south and west by the Atlantic Ocean, to the north-
west by the village of Bellelo, and to the east by the Route Nationale 5 (Madingo-
Kayes-Nzambi). Madingo-Kayes is a district located around 42 km from Pointe-
Noire, the country’s economic capital, and is home to the largest deep-water port 
in Central Africa. The climate is humid tropical [32] [33], with alternating hot 
rainy seasons (October-May) and cool dry seasons (June-September) [32]-[34]. 
Average annual rainfall is around 1282 mm [33]. The topography comprises three 
main elements: plateaux, large valleys, and a coastal plain. Altitude is generally 
less than 150 m [34]. Vegetation is dominated by a forest-savannah mosaic [32] 
[34]-[37]. The hydrographic network is organised around two types of water-
course [32] [34]: small rivers originating on the western edge of the coastal plateau 
and the Kouilou River. Its average flow is 913 m3/s at Sounda and 1150 m3/s at its 
mouth. The soil types encountered in the study area are [38] [39]: poorly devel-
oped soils, hydromorphic soils, podzolic soils, and highly desaturated ferralitic 
soils, which are by far the most widespread. All the soils derive from loose original 
materials, which are the sands of the Cirques series [38] [39], of Miocene to Plio-
cene age, forming a fluvial to deltaic glacis that covers the entire coastal basin and 
overlies the Mesozoic substratum in unconformity [40].  
 

 
Figure 1. Geographical location and map of the study area (CERGEC, 1992 modified). 
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2.2. Wind Regime  
2.2.1. Wind Direction  
Winds blow most often from the west (August-October) and from the south (Oc-
tober-August). The prevailing moderate to strong winds (2 to 5 m/s) are from the 
south and south-west, decreasing in frequency from south (50.0%) to south-west 
(16.7%). The south-westerly wind blows continuously throughout the year [33]. 
Moderate easterly winds (2 to 3 m/s) are less frequent and blow from east to west. 
Northerly winds are fairly rare.  

2.2.2. Types of Wind  
There are calm winds (67.7% of observations), with an average speed of less than 
1.0 m/s, and non-calm winds, with an average speed of 1.5 m/s.  

In addition to the general winds, there are local winds (land and sea breezes) 
perpendicular to the coast at any time of the year [33].  

2.3. Oceanic Factors  
2.3.1. Tides  
The tidal range is relatively small (0.60 m to 1.70 m) [41].  

2.3.2. Currents  
1) Tidal currents  
Tidal currents generally run parallel to the coast [42].  
2) General ocean currents  
Several general ocean currents influence the area, including the South Equato-

rial Current, the South Equatorial Counter Current, the trade wind drift, the An-
gola Current, and the Benguela Current [43].  

2.3.3. Swells  
Swells have long periods (10 s to 15 s) and significant heights (3 m and 4.5 m), 
with a south to south-westerly direction [41]. The south-west to north-east swell 
is present all year round, with maximum intensity during the dry season [34].  

2.3.4. Water Temperature  
Sea surface temperatures vary between 25 and 30˚C [43].  

3. Materials and Methods  
3.1. Materials  

This study required the use of Hyperion multitemporal hyperspectral image 
data acquired on 18 February 2014 at 08:28:49 and 30 December 2016 at 
06:49:55, respectively, during NASA’s New Millennium Program EO-1 space 
mission [44], and archived in the USGS database [45]. The downloaded hyper-
spectral image data are in the form of L1R (HDF format) and L1Gst (Geotiff 
format) products. They were processed using two software packages: ENVI 5.0 
and QGIS 3.16. Table 1 shows the specifications of the Hyperion EO-1 sensor. 
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Table 1. Specifications of the EO-1 hyperion sensor. 

Number of 
Bands 

Spectral Range 
(nm) 

Spectral Resolution 
(nm) 

Spatial Resolution 
(m) 

Radiometric  
Resolution (bit) 

Temporal  
Resolution (days) 

242 400 - 2500 10 30 16 16 

3.2. Methodology  
3.2.1. Image Pre-Processing  
The images were pre-processed using ENVI 5.0 software, which involved first re-
ducing the images over the study area (to approximately 55 km2) to ‘standard 
ENVI’ format. After this operation, 46 bad bands (1 - 7, 58 - 76, and 225 - 242) 
were eliminated, leaving only 198 good bands (8 - 57 and 77 - 224). The bands, 
which are generally due to imperfect calibration, were then removed from the im-
ages. Taking into account sensor irregularities, sensor noise, and atmospheric 
noise, the 198 good bands were calibrated, and the data in “.BSQ” format were 
converted to “.BIL” format so that they could accurately represent the reflected or 
emitted radiation measured (reflectance) by the sensor. Next, the atmospheric 
correction of the FLAASH universal model was applied to the images to reduce 
the effects of the atmosphere (vapor, dust, gases, aerosols, etc.) emitted at the 
Earth’s surface and to obtain the reflectance of the surface; the scaling factor is 400 
for the VNIR channels (bands 8 - 57) and 800 for the SWIR channels (bands 77 - 
224). After atmospheric correction, the water vapor absorption bands were re-
moved (121 - 130 and 166 - 180 for the 2014 Hyperion image; 120 - 133 and 165 - 
181 for the 2016 Hyperion image), then applied band by band, under Band Math, 
to correct for negative reflectance values and spectral aberrations, using the Post 
FLAASH equation: 

( ) ( ) ( ) ( )1 0 0 1 10000 1 1 0 and 1 10000 1 10000+ + ∗b le b ge b gt b lt float b   (1) 

where, b: band, le: less than or equal to, lt: less than, ge: greater than or equal to, 
gt : greater than.  

Finally, geometric correction was carried out on the basis of ground control 
points (GCP), using the L1 Gst image as a reference image in order to assign the 
actual ground coordinates to the L1 R image. The images were then reprojected 
onto the WGS84-UTM projection system, Zone 32S.  

3.2.2. Image Processing  
Image processing began with ENVI 5.0 and was completed with QGIS 3.16. It 
consisted of detecting and mapping hydrocarbon indications on the surface of the 
study area using three methods. The first method is based on the calculation of 
sub-band ratio indices using the HD (Hydrocarbon Detection) and HI (Hydro-
carbon Index) algorithms over the hydrocarbon absorption wavelength intervals 
(1700 - 1800 and 2300 - 2350 nm).  

The hydrocarbon detection ratio (HD) was calculated using the formula in [26]:  

HD
2
+

=
∗

A C

B

B B
B

                          (2) 
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If HD ≥ 1, hydrocarbon indices are detected; AB , BB  and CB  represent the 
absorption bands of surface objects.  

The hydrocarbon index (HI) was calculated using the formula in [27]:  

( )2
3

= − + −C A A BHI R R R R                   (3) 

If HI ≳ 0, the surfaces are affected or contaminated by hydrocarbons; RA, RB 
and RC are the spectral reflectance values of the surface objects.  

The second method is the SAM (Spectral Angle Mapper) classification, based 
on the prototypical signatures (endmembers) of hydrocarbon absorption, ex-
tracted from the images after unmixing or demixing (one-by-one spectral analy-
sis) over the hydrocarbon absorption wavelength ranges (1700 - 1800 and 2300 - 
2350 nm). The last method is the SSM (Spectral Similarity Mapper) classification, 
based on the signatures of vegetation stress by hydrocarbons over the 680 - 740 
nm wavelength range. After the various classifications, the confusion matrices 
were applied to the reference images.  

3.2.3. Hydrocarbon Index Mapping  
To carry out this step, all the images obtained after processing in ENVI 5.0 were 
imported into QGIS 3.16 software in order to vectorize the hydrocarbon indices 
and produce hydrocarbon index maps.  

3.2.4. Analysis of Oil Pollution Dynamics  
The analysis of the spatio-temporal dynamics of hydrocarbon pollution consists 
of comparing the different hydrocarbon index maps in order to monitor the evo-
lution of pollution in space and time, while determining the agents and dynamic 
factors driving the movements of this pollution in the environment between the 
years 2014 and 2016.  

The adapted methodological approach is summarized in the figure below 
(Figure 2).  

4. Results  
4.1. Results Obtained from the Calculation of Index Sub-Band Ratios  
4.1.1. Results of the Calculation of Indices Using the Hydrocarbon  

Detection (HD) Algorithm  
The maps (Figure 3) are the results of applying the HD algorithm to Hyperion 
images. On the 2014 Hyperion image, the algorithm produced 443 hydrocarbon 
indices, including 167 in the 1700 to 1800 nm wavelength range and 276 in the 
2300 to 2350 nm wavelength range. In contrast, on the 2016 Hyperion image, the 
algorithm produced 629 indices, including 177 in the 1700 to 1800 nm wavelength 
range and 452 in the 2300 to 2350 nm wavelength range. The indices are repre-
sented by several grayscale dots. Black and dark gray dots indicate strong indices, 
medium gray dots indicate medium indices, and light gray dots indicate weak in-
dices.  
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Figure 2. Adapted methodology.  

 

 
Figure 3. Result of the HD index calculation.  
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4.1.2. Results of Index Calculation Using the Hydrocarbon Index (HI)  
Algorithm  

The maps (Figure 4) are the result of applying the HI algorithm to Hyperion im-
ages. On the 2014 Hyperion image, the algorithm produced 155 hydrocarbon in-
dices (red dots), including 69 in the wavelength range from 1700 to 1800 nm and 
86 in the wavelength range from 2300 to 2350 nm. In contrast, on the 2016 Hype-
rion image, the algorithm produced 133 hydrocarbon indices (red dots), including 
70 in the wavelength range 1700 to 1800 nm and 63 in the wavelength range 2300 
to 2350 nm.  
 

 
Figure 4. Result of the HI index calculation.  

4.1.3. SAM (Spectral Angle Mapper) Classification Results  
The maps (Figure 5) are the result of SAM classification, based on endmembers or 
prototypical absorption signatures of hydrocarbons. On the 2014 Hyperion image, 
the classification yielded 387 hydrocarbon endmembers (red dots), including 193 
in the wavelength range 1700 to 1800 nm and 194 in the wavelength range 2300 to 
2350 nm. In contrast, on the 2016 Hyperion image, the classification yielded 73 
hydrocarbon indices (red dots), including 34 in the wavelength range 1700 to 1800 
nm and 39 in the wavelength range 2300 to 2350 nm. The results are very similar 
to those obtained with SAM classification and the HD report on the 2300 to 2350 
nm wavelength range. To evaluate the accuracy of the different classifications, con-
fusion matrices were generated, including the overall accuracy, which was 100%, 
and the corresponding Kappa coefficient, which was 1.  
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Figure 5. Hydrocarbon index results according to SAM classification.  

4.1.4. Results of the SSM (Spectral Similarity Mapper) Classification  
The maps (Figure 6) are the result of the SSM classification. The classification 
identified the presence of vegetation stress (green dots) linked to hydrocarbon 
contamination in the wavelength range from 680 to 740 nm. In the 2014 Hyperion 
image, 168 hydrocarbon indices were detected in the vegetation, while in the 2016 
Hyperion image, 18 hydrocarbon indices were detected in the vegetation. The re-
sults are very similar to those obtained with SAM classification and the HD ratio. 
The confusion matrices for SSM classification gave an overall accuracy of 100% 
and a Kappa coefficient of 1.  
 

 
Figure 6. Result of vegetation stress according to the SSM classification in the wavelength 
range of 680 to 740 nm.  
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The table below summarizes the number of hydrocarbon indices obtained with 
the different methods used (Table 2).  
 

Table 2. Summary of the results obtained. 

Method 

Number of Hydrocarbon Indices 

Year 2014 Year 2016 

680 - 740 nm 1700 - 1800 nm 2300 - 2350 nm 680 - 740 nm 1700 - 1800 nm 2300 - 2350 nm 

HD  167 276  177 452 

HI  69 86  70 63 

SAM  193 194  34 39 

SSM 168   18   

 
To illustrate the dynamics of hydrocarbon pollution in the study area as a func-

tion of ocean circulation, the following maps were developed (Figure 7).  

5. Interpretation and Discussion  
5.1. Analysis and Interpretation of the Spatio-Temporal Dynamics 

of Oil Pollution  
5.1.1. Analysis Using the HD Algorithm  
The maps obtained using the HD algorithm reveal a wide variety of hydrocarbon 
indices, ranging from white to black, corresponding to low to very high concen-
trations. In 2014, 443 indices were detected, compared to 629 in 2016, indicating 
a significant increase in the detection of hydrocarbons over this period. The rela-
tive stability of indices in the 1700-1800 nm wavelength range (167 in 2014 com-
pared to 177 in 2016) contrasts with a notable increase in the 2300-2350 nm range 
(276 in 2014 compared to 452 in 2016).  

Hydrocarbon indices are mainly located along the south-western sector, slightly 
in the south-eastern sector with a small migration towards the north-western sec-
tor, along the coast. Inland, the indices are located in the northeast and east sec-
tors. In 2016, this trend became more pronounced, with increased concentration 
along these sectors, but a reduction inland, where they became almost invisible in 
some sectors.  

5.1.2. Analysis with the HI algorithm  
The maps obtained using the HI algorithm show a reverse trend: in 2014, 155 in-
dices were detected, but this number decreased to 133 in 2016. This could indicate 
a reduction in the detection or presence of hydrocarbon indices according to this 
algorithm, despite the increase observed with HD. The distribution of indices re-
mains relatively stable in both periods, but with a slight decrease in the 2300-2350 
nm range.  

Hydrocarbon indices are located in several areas, including offshore, along the 
coast, and inland.  
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Figure 7. Distribution of hydrocarbon indices related to ocean circulation.  

 
Ocean dynamics, influenced by winds and currents, particularly those of the 

trade winds, Benguela, and Guinea, explain the dispersion and migration of oil 
slicks. Surface currents, combined with natural degradation and coastal erosion, 
contribute to the displacement of hydrocarbons, creating a variable distribution 
along the coast and in the maritime zone.  

5.1.3. Analysis Using SAM Classification  
The SAM method, based on the absorption signature of hydrocarbons, shows a 
sharp reduction in the number of indices detected, from 387 in 2014 to only 73 in 
2016. This significant decrease suggests a reduction in hydrocarbon pollution in 
the area. The spatial distribution indicates that, in 2014, hydrocarbons were pre-
sent in several areas, particularly offshore and in certain inland locations, with 
high concentrations in the northwest. In 2016, this presence was significantly re-
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duced, especially in land areas, indicating an improvement in environmental qual-
ity. The accuracy of this classification is excellent, with a success rate of 100% and 
a Kappa coefficient of 1, attesting to the reliability of the results.  

5.1.4. Analysis Using the SSM Classification  
This method, which indirectly detects hydrocarbon pollution via plant stress, con-
firms the downward trend. The reduction in the number of hydrocarbon indices 
in vegetation, from 168 in 2014 to 18 in 2016, indicates an improvement in plant 
health, probably linked to the decrease in pollution. The spatial distribution shows 
that, as with SAM, the presence of hydrocarbons was more pronounced in 2014, 
particularly in terrestrial and coastal areas, but decreased in 2016. The consistency 
between these two methods reinforces the credibility of the results.  

5.1.5. Environmental and Dynamic Factors  
Variations in the distribution and quantity of hydrocarbons can be explained by 
several factors. Dispersion at sea is influenced by wind dynamics, particularly 
south to south-westerly winds, reinforced by sea breezes, which spread and move 
oil slicks in the form of thin parallel bands. The deviation to the northeast and 
west is linked to ocean currents, such as the trade winds, Benguela and Guinea 
currents, as well as tidal currents. The fragmentation and burial of slicks by coastal 
erosion, combined with natural biodegradation, also explain the gradual reduc-
tion of hydrocarbons in certain areas.  

On land, the reduction of hydrocarbons is due to several processes: dispersion, 
dissolution, evaporation, infiltration into the soil, formation of soluble or persis-
tent products (tar balls), and biodegradation. Temperature, oxygen availability, 
and nutrients also play a role in hydrocarbon degradation. These processes ex-
plain the decrease in plant stress and the reduction in hydrocarbon indices de-
tected in terrestrial areas.  

5.1.6. Impact of Human Activities and Temporal Evolution  
Analysis of the maps shows that oil pollution has decreased in several areas, par-
ticularly in the villages of Tchiboula, Kouani, and Magneli Dimba, located in the 
north-west and north-east (Figure 7). This decrease is probably linked to clean-
up operations and a reduction in oil production. Production did indeed decline 
between 2014 (approximately 91.4 million barrels [46]) and 2016 (approximately 
84.6 million barrels [47]), which could explain the decrease in spills and pollution.  

5.2. Discussion  

The main objective is to understand how pollution evolves in space and time by 
identifying the geographical distribution of hydrocarbons. The methodology is 
based on the use of hyperspectral images, which offer a valuable capability for 
remote monitoring of this pollution. The algorithms applied make it possible to 
detect hydrocarbon indices, thus confirming the presence of hydrocarbon pollu-
tion on the Congolese coast, in line with previous work [6].  
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The results obtained with the HD algorithm show an abundance of hydrocar-
bon indices, with a wide geographical distribution. However, there are differences 
compared to a previous study carried out with a Hyperion image in 2015 [6]. In 
particular, this study found more indices in the south-western sector at Madingo-
Kayes, whereas the previous study did not detect as many in the Djéno terminal 
sector. The difference could be explained by the absence of MNF (Maximum 
Noise Fraction) processing in our study, which eliminates noise and improves de-
tection.  

Detection is more effective in the 2300 - 2350 nm range than in the 1700-1800 
nm range, which contrasts with previous results [6]. The quality of the results may 
also be influenced by oceanographic and climatic factors, such as temperature, 
wind speed, and ocean circulation, which affect the degradation of hydrocarbons.  

Unlike the previous study [6], where the presence of hydrocarbons was con-
firmed by laboratory analyses, here the indices detected by the HD algorithm have 
not yet been verified in the field. However, laboratory analyses in other Congolese 
sectors have confirmed the pollution [6] [9], highlighting the need to do the same 
in Madingo-Kayes.  

The results obtained with the HI algorithm show some agreement with the pre-
vious study [6], but also some differences. For example, in 2016, the hydrocarbons 
detected are evenly distributed, whereas in 2014, they are more dispersed. The 
difference could be related to temperature, which influences the oxidation and 
biodegradation of hydrocarbons. Detection is also affected by vegetation, which 
can generate false alarms, particularly in dry vegetation [25] [27] [28]. The vege-
tation cover of Madingo-Kayes is dominated by a forest-savannah mosaic, so the 
savannah can generate a large number of false alarms.  

Furthermore, the results obtained with the SAM classification do not agree with 
those found by [6] [16] [19] [25] [28]. Unlike Madingo-Kayes, where hydrocarbon 
indices vary in size and are scattered, they are more concentrated along coastlines 
in other regions such as Louisiana [16] [25] [28] and Liaodong Bay in China [19], 
where spills are more significant. The same is true in the Djéno terminal area [6], 
which handles approximately 95% of Congo’s crude oil production, or approxi-
mately 252,000 bbl/d. The difference with Madingo-Kayes could be explained by 
the smaller quantity of hydrocarbons spilled in this area. Petroleum hydrocarbons 
escape easily during extraction, transport, and refining and harm the sustainable 
development of the environment when they penetrate the soil [18].  

The results obtained are similar to those based solely on the calculation of the 
HI ratio, with slightly fewer false alarms on inland vegetation. However, the clas-
sification method gives better results than those obtained with the HI ratio calcu-
lation method, as some contaminated coastlines not detected by the latter method 
are mapped with the classification based on spectral signatures [25] [28].  

The results obtained with SSM classification show agreement with those ob-
tained by [6], in that they are very similar to those of SAM classification and the 
HD ratio.  
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Given that in the field, [6] found that the distribution of vegetation stress was 
consistent with that of the indices obtained by SSM classification and that this was 
linked to the presence of hydrocarbons in this area, probably methane burned and 
released into the air by the Djéno flare, we believe that the appropriate methodo-
logical approach would make it possible to highlight the contamination of vege-
tation by hydrocarbons in the Madingo-Kayes sector. [30]-[32] demonstrated that 
vegetation could be used as an indicator of soil contaminated by hydrocarbons. 
Laboratory analyses of sediments have revealed the presence of hydrocarbons 
along the Congolese coast, particularly in the Emeraude field area [9]. Given that 
in our context, vegetation stress evolves in line with the attenuation of hydrocar-
bon pollution, we believe that the field results, combined with the physico-chem-
ical and biological analyses of the soil on the one hand, and the biophysical and 
biochemical analyses of the vegetation on the other, would validate the results we 
obtained using the SSM classification.  

The classification methods (SAM and SSM) yielded more satisfactory results 
than those obtained from the calculation of sub-band ratios (HD and HI), which 
produce numerous false alarms. The confusion matrices of the different classifi-
cation methods provided an overall accuracy of 100% and a Kappa coefficient of 
1. This overall accuracy is close to that obtained by [14] in the southern part of 
the border region of Dera Ismail Khan (Pakistan), which ranged between 75 and 
100%. The locations identified by the seepage spectra were confirmed in the field 
and proved to be correct. While the hybrid classification based on CHI-SAM re-
vealed detailed information on spills in the Bohai Sea with an overall accuracy of 
84% [19], which is 16% less than the overall accuracy obtained on the Madingo-
Kayes images. Unlike [28], we believe that of the two methods used, only classifi-
cation based on spectral signatures (endmembers) can better detect oil spills on 
coastlines with very few false alarms, even in the presence of dry vegetation, and 
does not require field or laboratory measurements. Calculating indices, on the 
other hand, requires knowledge of the elements in advance in order to reduce the 
false alarm rate.  

6. Conclusions 

This study focused on analyzing coastal pollution caused by hydrocarbons in the 
Madingo-Kayes area using hyperspectral images. The main objective was to detect 
and map the presence of hydrocarbons on the surface in order to better under-
stand their dynamics over time and space. To this end, several methods were used, 
including the calculation of sub-band ratios (HD and HI) and classification meth-
ods (SAM and SSM).  

The results obtained show a notable change between 2014 and 2016. In 2014, the 
HD ratio identified 443 hydrocarbon indices, distributed between two wavelength 
ranges: 1700 - 1800 nm (167 indices) and 2300 - 2350 nm (276 indices). In 2016, 
this number increased to 629 indices, with 177 in the first range and 452 in the 
second. The HI method also detected a decrease in 2016 compared to 2014, from 
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155 to 133 indices, but with a different distribution across wavelength ranges. The 
SAM classification revealed a sharp decrease in the number of hydrocarbon indi-
ces, from 387 in 2014 to only 73 in 2016, indicating a significant improvement in 
environmental quality in this area. Finally, the SSM classification, focusing on veg-
etation in the 680 - 740 nm range, detected 168 indices in 2014 compared to 18 in 
2016, highlighting a reduction in vegetation pollution linked to hydrocarbons.  

These results suggest a significant improvement in the environmental situation 
between 2014 and 2016. Oil pollution appears to have decreased, which could be 
explained by changes in human activities, oceanographic conditions, and climate. 
The ability of classification methods to provide reliable data shows that hyperspec-
tral imaging is a valuable tool for remote monitoring of coastal pollution. It allows 
the extent and dynamics of contamination to be assessed, both on land and at sea.  

However, to reinforce the validity of these results, it is essential to supplement 
this study with in situ measurements and laboratory analyses. These samples will 
enable the calibration and validation of the hydrocarbon indices detected by im-
aging, thus ensuring greater accuracy in the assessment of pollution.  

Looking ahead, we hope that studies will be multiplied to extend the field of 
observation of hydrocarbon pollution using hyperspectral imaging. To this end, 
we propose studies on the influence of temperature on hydrocarbons and the es-
timation of the quantity evaporated into the atmosphere, the assessment of the 
physico-chemical and biological quality of water and soil exposed to hydrocar-
bons, the estimation of the quantity of hydrocarbons infiltrated into the soil, bio-
physical and biochemical analysis of vegetation exposed to hydrocarbons, assess-
ment of the degree of hydrocarbon pollution on pelagic and benthic microfauna 
and on benthic macrofauna, and assessment of the degree of hydrocarbon pollu-
tion on socio-economic activities.  

Looking ahead, we would like to see more studies conducted to expand the 
scope of observation of oil pollution using hyperspectral imaging. To this end, we 
propose studies on the influence of temperature on hydrocarbons and the estima-
tion of the quantity evaporated into the atmosphere, the assessment of the phys-
ico-chemical and biological quality of water and soil exposed to hydrocarbons, the 
estimation of the quantity of hydrocarbons infiltrated into the soil, biophysical 
and biochemical analysis of vegetation exposed to hydrocarbons, assessment of 
the degree of pollution caused by hydrocarbons on pelagic and benthic micro-
fauna and on benthic macrofauna, and assessment of the degree of pollution 
caused by hydrocarbons on socio-economic activities.  

Given the vulnerability of the Congolese coastline to frequent oil spills, it is cru-
cial to implement sustainable management measures to mitigate these impacts. 
Proposed strategies include the use of oil booms, pumps, mechanical or manual 
skimmers, and absorbents to clean up contaminated areas. Other techniques, such 
as sediment washing, submerged mixing, sand screening, biostimulation, bioaug-
mentation, and natural wave cleaning, are also recommended to limit the spread 
of pollution and protect coastal ecosystems and human health. 
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