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Abstract 
The present work proposed a method for match SAR and AIS data to detect 
vessels carrying out suspicious activity in the Ivorian EEZ. Two superposition 
methods, detected AIS and SAR data, based on point-to-point association on 
the one hand and point-to-line on the other hand, were used to detect suspi-
cious vessels in Ivorian marine waters. The results showed that most vessels 
detected in the Ivorian EEZ do not declare their positions to avoid being 
spotted. These funds are likely to practice illegal, undeclared and unregulated 
fishing (INN fishing). This clandestine activity is very recurrent in Ivorian 
waters. This is illustrated by the number of suspicious vessels detected by SAR 
radar imagery which is greater compared to declared or authorized vessels. 
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1. Introduction 

Safety and security at sea are today worrying problems for those involved in 
fishing and for our governments. Like the Exclusive Economic Zones (EEZ) of 
West African countries, due to their potential in fisheries resources, that of Côte 
d’Ivoire attracts numerous vessels and is subject to all forms of maritime activi-
ties; overfishing, maritime traffic, illegal fishing, etc. The United Nations Food 
and Agriculture Organization (FAO) has highlighted the need to manage marine 
resources so that the rate of harvest is commensurate with their capacity to 
self-renew [1] [2]. This is why improving maritime domain knowledge and the 
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sustainable use of oceans, seas and marine resources has gained importance [3]. 
This requires monitoring tools that can provide observations on fishing net ac-
tivity [4] [5]. Thus, the strengthening of maritime surveillance must be done in 
this area, particularly in the ship detection system [6]. Today fishing activities 
can be monitored by several systems which can be broadly classified as coopera-
tive (AIS system) and non-cooperative (radar system). But given the limitations 
presented by the Automatic Identification System (AIS) data in ship surveil-
lance, the non-cooperative system such as satellite-based synthetic aperture ra-
dar (SAR) is the most suitable because it allows the detection of ships over wide 
bands without being seriously affected by weather conditions and day-night 
cycles [7] [8] [9] [10]. However, this system lacks regular and global coverage of 
the oceans [11]. Given their distinct limitations, the synergistic exploitation of 
the two aforementioned data (AIS-SAR) represents an opportunity to effectively 
monitor fishing activities [12] [13] and detect abnormal activities [14]. So it is 
true that vessel monitoring through the integration of SAR and AIS has attracted 
a lot of attention [15] [16]. This study, initiated by CURAT (University Center 
for Research and Application in Remote Sensing) and financed by the Fund for 
Science, Technology and Innovation (FONSTI), fits into this context by propos-
ing a method for match SAR and AIS data to detect vessels carrying out suspi-
cious activity in the Ivorian EEZ. The Ivorian Exclusive Economic Zone (EEZ) is 
an integral part of the entire marine ecosystem of the Gulf of Guinea located in 
West Africa and is between 1˚0' and 5˚5' North latitude and 3˚30' and 7˚5' West 
longitude. It is bounded to the east by the Cap des Trois Pointes on the Gha-
naian border and the Cap des Palmes on the Liberian border, bordering the 520 
km long Ivorian coastline. Figure 1 below shows the location of the Ivorian EEZ. 

2. Materials and Methods 
2.1. Data 
2.1.1. SAR Data 
The SAR data used in this study relate to the Sentinel-1A synthetic aperture ra-
dar. Sentinel-1A (S1A) is a mission of the European Space Agency ESA and was 
launched on April 3, 2014. It operates in C-band and it is the IW mode which is 
the main mode of operation of Sentinel-1 which has been used. This mode al-
lows systematic monitoring of large land and coastal areas with a ground resolu-
tion of 5 m × 20 m and a temporal resolution of 6 to 12 days. The data was up-
loaded to the Copernicus website at: https://scihub.copernicus.eu/dhus/#/home. 
Total coverage of the entire Ivorian EEZ required seven Sentinel-1 scenes. The 
downloaded data covers the months of January, June and September 2020 and 
totals approximately 27 scenes. 

2.1.2. AIS Data 
The data was provided by the Directorate of Aquaculture and Fisheries of Côte 
d’Ivoire (DAP) via its fisheries monitoring service. The temporal and spatial  
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Figure 1. Location of the Ivorian Exclusive Economic Zone (EEZ). 

 
resolution of AIS data is modeled on that of Sentinel-1A satellite imagery. In-
deed, the data are those for the year 2020 and cover the months of January, June 
and September and are distributed across the entire Ivorian EEZ. All AIS data 
were also acquired between 6 p.m. and 7 p.m. The information contained in AIS 
data is the vessel identification number (MMSI), its geographic position, posi-
tion time and timestamp received. 

2.2. Methods 

Detection of unauthorized vessels undergoes a rigorous process in Sentinel-1A 
(S1A) image processing. This process requires, first, the preprocessing and 
processing of Sentinel-1 SAR images and AIS data to then map suspicious ves-
sels operating in Ivorian marine waters. 

2.2.1. Sentinel-1A Image Preprocessing 
Preprocessing is an essential step in the processing of all types of satellite im-
agery (optical, radar). Preprocessing Sentinel-1A SAR images will help reduce 
interference in the form of speckle noise caused by the impact of the backscatter 
signal process and geometric distortions due to microwave propagation [17]. 
Figure 2 presents a summary of the preprocessing process followed. 

1) Thermal noise correction 
It is a radiometric correction which makes it possible to reduce the effects of 

noise between the sub-beams of the acquisitions, by normalizing the backscat-
tered signal over the entire area of the scene and by minimizing the discontinui-
ties in the signal of the modes of transmission multibeam acquisitions like IW. 
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Figure 2. Schematic summary of the methodology used for vessel detection. 

 
2) Correct satellite location 
Since the location on the orbit during acquisition provided by default in the 

meta-data file is generally not precise, it is important to correct the location of 
the satellite. 

3) Edge noise correction 
The edge noise correction algorithm integrated into SNAP will remove 

low-level noise and invalid data at the edges of Sentinel-1 scenes. 
4) Noise filtering 
The purpose of this noise filtering operation is to remove or reduce the effects 

of speckle noise and increase the readability of the image. For this purpose, there 
are numerous filter tests in order to find the best compromise between noise fil-
tering and preservation of the radiometric quality of the signal. Thus, the LEE 
filter with a window size 3 × 3 was used in this study [18]. 

2.2.2. Treatment 
The processing stage will make it possible to detect ships in the SAR images. The 
oceanic objection detection operator integrates four main processing stages: 
land-sea masking, calibration, the adaptive threshold and the object discrimina-
tion or identification phase. 
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1) Land-Sea Masking 
Our study area is essentially composed of the oceanic area (for most of the 

images) but also certain images of the coastline straddling land and sea. In order 
to avoid detecting false targets outside the study area, the land-sea mask was 
used to mask the land area. 

2) Calibration 
In reality, the raw images of SAR data are amplitude images and we cannot 

exploit them quantitatively. To this end, it is necessary to replace or transform 
the amplitude image with a calibrated product (sigma_0) for quantitative use of 
SAR products. Calibration is therefore necessary so that the pixel values truly 
represent the radar backscatter from the reflecting surface [19]. 

3) Adaptive threshold or pre-selection of objects 
The core of the most common ship detection process is based on the Constant 

False Alarm Rate (CFAR) algorithm developed by Veridian ERIM in which ma-
rine echoes are modeled according to an appropriate statistical distribution and 
then a threshold is calculated based on a desired Probability of False Alarm 
(PFA). Thus, this detection algorithm is a local process that allows locating re-
gions of light image samples that are statistically different from the surrounding 
ocean clutter [20]. The CFAR detection algorithm is automatic type and is im-
plemented in SNAP’s ocean object detection tool for rapid vessel detection. The 
algorithm is applied in a moving window and the user is supposed to define the 
parameters of the moving window: the target window corresponds to one or 
more pixels to test (local window size for a signal box supposed to contain the 
ship); the guard window prevents contamination of the background values by 
the target pixels (buffer window size which contains the signal window) and a 
background window size which contains the buffer window (also the signal 
window signal) [20]. 

The approach to calculating the CFAR detection form used in this study is 
based on that used by [20] [21] [22]. According to this approach, for each pixel 
to test a new threshold, the value is calculated based on the statistical characte-
ristics of its local background. For this purpose, if the pixel value is above the 
threshold, the pixel is classified as a target pixel (then a ship is detected). How-
ever, if the pixel value is below the threshold, no vessel is detected as in Equation 
(1). 

Xt ≥ T = Target; Xt < T ↔ none Target               (1) 

With Xt the pixel tested and T a given threshold. Furthermore, the probability 
of false alarm (PFA) was given by the following formula: 

( ) ( )1 d d
T

T

PFA f x x f x x
∞

−∞
= − =∫ ∫                    (2) 

( )d Cible
T

f x x PFA
∞

< =∫                       (3) 

where f(x) is the probability function of ocean clutter and x is the range of possi-
ble pixel values. In addition, the decision criterion is expressed under the for-
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mula below, if the Gaussian distribution is assumed to be constant for the ocea-
nic clutter: 

xt > μb + σb = Target (the target window is a single pixel) or,      (4) 

μt > μb + σb = Target (the target window contains several pixels)    (5) 

where xt is the target pixel value; µt is the average value of the target window; µb 
is the background mean and σb is the background standard deviation. 

The next step is the discrimination of ocean objects. 
4) Object discrimination 
This phase is the last in the ocean object detection process. It allows you to 

filter fake targets based on minimum and maximum size limit criteria. A target 
with a dimension less than the minimum size threshold is eliminated and a tar-
get with a dimension greater than the maximum size threshold is also eliminat-
ed. 

The minimum and maximum sizes determined in this study, for vessel detec-
tion, are 20 m and 600 m respectively. The minimum size of 20 was chosen be-
cause in Ivory Coast the boats of artisanal fishermen of the Fanti type with mo-
tor have a length ranging from 5 m to 18 m or even 20 m [23]. The size of 600 m 
was chosen in order to have a wide range in the detection of very large vessels 
such as tankers and cargo ships which can reach up to 500 m. 

5) Geometric terrain correction 
Geometric correction makes it possible to orthorectify the image in order to 

clean it of distortion effects, georeference the image to project it into a geo-
graphic terrestrial reference frame (WGS). This last processing operation will 
thus make it possible to reproject the image in the right direction, assign it a 
projection and correct the effects linked to the terrain [17]. 

2.2.3. AIS Data Processing 
In order to have quality AIS data that is easily manipulated, we have prepro-
cessed it and cleaned it of bias. To do this, we proceeded as follows: 

Grouping of data from the same month in order to have a single csv file con-
stituting all the AIS of the month. 

Quality control of AIS data in order to remove duplicate position signals from 
the database 

Importing data into a GIS (QGIS) by converting it into Shapefile (.shp) form 
to facilitate processing. 

2.2.4. Mapping of Suspicious Vessels (INN Fishing) 
In order to map declared and suspected vessels, we compared the AIS/S1A data 
using the overlay technique. Thus, we adopted two methods inspired by those 
used by [6] [24] and [25] proposing two types of associations based on mini-
mum distance criteria between AIS and SAR positions. 
• Point-to-point method 

The data association method consists of a time and position matching step 
[26]. At this level, we did a spatial analysis using a buffer zone (200 m) based on 
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a distance criterion to match the SAR vessels detected from AIS positions; this is 
the nearest neighbor matching system. SAR data within the buffer radius are 
considered reported vessels. On the other hand, those which are far from the AIS 
buffer zone will be qualified as suspicious vessels which have not declared their 
positions. 
• Point-to-line method 

It is a method based on the identification of the ship’s route. The idea is to 
reconstruct the route or trajectory of the vessel by transforming the AIS position 
points likely to belong to the same vessel into a line. To do this, the data (points) 
were converted to AIS online. Thus, the route traveled by the ship is recon-
structed. Subsequently, we created a 50 m buffer around the lines created and 
superimposed the SAR data on it. By clipping (extracting) the buffer from the 
SAR data, if there is a SAR data item that is in the buffer zone of a ship’s route, 
then it is considered to be the same ship and is qualified as a declared vessel. 
However, SAR data that is outside of a vessel’s route buffer will be considered 
suspicious vessels. Figure 3 below illustrates the method of mapping suspicious 
vessels. 

 

 
Figure 3. Schematic diagram of the matching be-
tween SAR and AIS data for suspect ship mapping. 

3. Results and Discussion 
3.1. Results 
3.1.1. AIS Overlay—Sentinel-1A Radar (S1A) 
There Figure 4 below represents the overlay between AIS data and vessels de-
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tected by sentinel-1A radar satellite imagery for the months of January, June and 
September 2020. On this map, the purple dots represent fishing vessels detected 
by sentinel satellite imagery -1A and blue dots are recorded vessel AIS positions. 
Indeed, there are 343 AIS vessel positions recorded and 237 vessel positions de-
tected by S1A radar satellite imagery for the month of January. For the month of 
June, there are 544 AIS positions recorded and 203 vessel positions detected by 
S1A radar satellite imagery. As for the month of September, 426 AIS positions 
and 490 ship positions were recorded detected by S1A radar satellite imagery 
(Table 1). The crossing of these two types of data will make it possible to know 
among the data detected by the S1A satellite those which are superimposed on 
the AIS data we will say that they are correlated or declared and those which are 
not we will say that they are not declared or illicit. This process was possible 
thanks to the 200 m buffer that was applied.  
 

 
Figure 4. Map of the mapping of SAR and AIS data for the months of January, June and September 2020. 

 
Table 1. Number of AIS data recorded and number of vessels detected by S1A for the 
months of January, June and September 2020. 

 AIS positions recorded Ship positions detected by S1A 

Month 

January 343 237 

June 544 203 

September 426 490 
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3.1.2. Mapping of Suspicious Vessels 
The mapping of the areas of operation of suspicious vessels for the months of 
January, June and September 2020 is shown by Figure 5. Among the vessels de-
tected by the radar imagery, those that correlated with the AIS data are 
represented by the red dots. These are called authorized or declared vessels be-
cause they have been registered and given their AIS position. On the other hand, 
vessels detected by radar imagery which did not correlate with AIS data are 
represented by black dots. The latter are classified as suspicious vessels because 
they have not declared or given their AIS position. As a result, they are likely to 
practice illegal, undeclared and unregulated fishing (INN fishing). We note that 
the number of suspicious vessels detected by radar imagery is much more com-
pared to those declared (Figure 6). For example, in January 2020, 203 suspicious 
vessels or 85.65% were detected by Sentinel-1A radar imagery compared to 34 
declared vessels or 14.35% recorded by the AIS (Table 2 and Figure 6). Spatial 
analysis of the different maps from January, June and September 2020 shows 
that the majority of declared vessels are located on the coasts. The spatial distri-
bution of suspicious vessels detected is such that most of them are located (many 
visible) in the South-West on the Liberian border, on the central coasts within 
the maritime zones of Jacqueville, in the East near the Ghanaian borders and on 
the high seas. Also, most of the vessels detected in Ivorian marine waters do not 
declare their positions so as not to be spotted and thus practice INN fishing. The  
 

 

Figure 5. Map of the detection of vessels carrying out suspicious activities in the Ivorian EEZ for the months of 
January, June and September 2020. 
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Figure 6. Difference in proportion between declared vessels and suspect vessels for the 
months of January, June and September 20. 

 
Table 2. Number of authorized and unauthorized vessels for the months of January, June 
and September 2020. 

 Ships reported (correlated) Suspicious vessels 

Month 

January 34 203 

June 40 163 

September 34 456 

 
month of September 2020 is the most characterized by strong INN fishing activi-
ties, especially on the high seas. These vessels will fish clandestinely on the high 
seas at the risk of their lives, ignoring safety conditions and thus exposing them-
selves to accidents at sea, etc. This phenomenon causes the Ivory Coast to lose 
shortfalls in fishery products and does not allow the regeneration of species. 

3.2. Discussions 

This study managed to effectively map the declared vessels which activate their 
transponder to give their AIS positions and the vessels which do not do so, thus 
qualifying them as suspects [26]. From our results, it appears that most of the 
vessels detected in Ivorian marine waters do not declare their positions so as not 
to be spotted and thus practice IUU fishing. This clandestine and illicit activity is 
so important in Ivorian waters that the number of suspicious vessels detected by 
radar imagery is much higher than the declared vessels. Our results corroborate 
those of [27], in his study on the surveillance of the Ivorian EEZ using a Senti-
nel-1A SAR imagery scene in the Abidjan marine zones to detect vessels which 
activate their AIS transponder and those which do not. It concluded that of all 
vessels detected by SAR imagery, 25% were detected by AIS data considered de-
clared vessels while 75% were not detected qualifying them as suspect vessels. 
Our results are also in the same direction as [18] who in his study on the Java 
Sea of Indonesia using Sentinel-1 imagery in the detection of fishing vessels 
showed that of all vessels detected, 7.06% were detected by AIS and 92.94% were 
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not. However, the high number of suspicious vessels detected compared to ves-
sels reported could be an intentional act or not. This joins [28] who claim that 
vessels not being identified by AIS data are a result of the lack of AIS devices on 
fishing vessels. However, possible position errors could occur between the actual 
passage of the SAR radar and the transmitted AIS signal. This discrepancy could 
affect the correct superposition of SAR and AIS data. Also, the lack of informa-
tion on a reliable database of oil and gas platforms in the Ivorian EEZ in order to 
extract them in SAR targets as false alarms have certainly been considered as 
vessels. All of these aspects constitute limitations in this study. 

4. Conclusion 

Surveillance of vessels in the Ivorian Exclusive Economic Zone was essentially 
based on the AIS system. The contribution of SAR Sentinel-1 synthetic aperture 
radar satellite imagery strengthens and makes ship detection more effective be-
cause the SAR is not affected by atmospheric or weather conditions and can op-
erate day and night. Vessel detection was possible using the Constant False 
Alarm Rate (CFAR) algorithm. The CFAR algorithm provided by the SNAP 
software and automatic type allowed us to quickly detect ships. The combination 
of AIS and SAR Sentinel-1 data made it possible to detect that most vessels op-
erating in the EEZ do not declare their positions. They are thus suspected of 
practicing illegal, undeclared and unregulated fishing (INN fishing). The month 
of September 2020 was the most characterized by strong INN fishing activities, 
especially on the high seas. Our results also showed that the spatial distribution 
of suspicious vessels detected is such that most of them are located in the 
South-West, on the Liberian border, on the central coasts within the maritime 
zones of Jacqueville, in the East near the Ghanaian borders and on the high seas. 
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