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Abstract 

Artisanal and small-scale gold mining can occur on land or in riverbeds. However, the 

activity needs to be supported by a Mining Permit, issued by the Agência Nacional de 

Mineração, which is the Brazilian institution responsible for mining management, and 

the appropriate environmental license from the competent environmental agency. The 

use of images from Sentinel-2 satellites presents itself as a potential tool for 

identifying gold mining vessels due to the temporal resolution, free imagery, global 

coverage, and more refined spatial resolution. So, this study aimed to identify gold 

mining vessels on the Madeira River near Porto Velho city, Rondônia state, located at 

Brazilian Amazon, in 13 Sentinel-2 images from 2018 to 2021 using the classifiers: 

Support Vector Machine (SVM), K-Nearest Neighbors (KNN) Random Forest (RF) and 

Spectral Angle Mapper (SAM). The results showed that machine learning classifiers 

obtained the best performance, especially the object-oriented SVM classifier, which 

had the best average F1 score (0.91).  In addition, the detection percentage of gold 

mining vessels originated by this classifier was satisfactory, with only 0 to 4 active 

gold mining vessels with sediment plumes being omitted per image. Therefore, based 

on the results obtained, it was concluded that the use of machine learning classifiers 

proved to be effective in identifying gold mining vessels. 
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INTRODUCTION 

 

 

Artisanal and small-scale gold mining activities 

occur on land or in riverbeds and they can 

operate in possession of an Artisanal and Small-

Scale Gold Mining Permit (PLG in Portuguese) 

issued by the Agência Nacional de Mineração, 

which is the institution responsible for mining 

management in Brazil (Brasil, 1989). Gold 

mining in rivers are vessels that dredge bottom 

sediments that can contain from 3 to 30 g/m³ of 

gold (Balzino et al., 2015). These vessels have all 

the necessary machinery to produce gold. Also, 

they are characterized by releasing tailing from 

the production process directly into the river 

and grouping it together during the operation 

(Figure 1). The tailings released have a higher 

sediment concentration than the natural water 

and what can lead to the formation of sediment 

plumes (Fernandes et al., 2014).  

The plumes formation depends on the 

dredging capacity, type of sediment, watercolor, 

among others. (Cetem, 2018; Barbosa et al., 

2019).  

The spectral response of water registered by 

optical sensors is a result of the interaction of 

electromagnetic radiation with the water 

column and its Optically Active Compounds 

(OAC), such as inorganic particles, organic 

matter and phytoplankton pigments (Lobo et al., 

2012).  

Barbosa et al. (2019) compiled several studies 

that apply remote sensing in water resources, 

demonstrating the capability to differentiate 

watercolor, to estimate OAC and to evaluate 

reflectance of each type of OAC along the 

electromagnetic spectrum. 

 

Figure 1 - Example of a Gold Mining Vessel. 

 
Source: Balzino et al. (2015). 

 

Several remote sensing methods are used to 

identify gold mining sites located on land (Asner 

et al., 2013; Isidro et al., 2017; Simionato et al., 

2021). Yet, methods dedicated exclusively to the 

identification of gold mining vessels are scarce 

due to: small size of the targets and its high 

locomotion capacity (Lobo et al., 2018; Trindade; 

Barbosa Filho, 2002); the lack of automatic and 

real- time location systems (Dechesne et al., 

2019), either by the relevant level of informality 

or the precariousness and small size of the 

vessels (Cetem, 2018). 

Despite the lack of methods related to gold 

mining vessels, there are several methods that 

use satellite images for vessels detection. 

Ciocarlan and Stoian (2021) used the U-Net 

deep learning architecture, achieving a mean F1 

score of 53.1. They concluded that such methods 

show promising results, obtaining a lower 

incidence of false negatives, both for large (> 

2,500 m²) and small (<2,500 m²) vessels. 

However, they emphasized that these methods 

are sensitive to the quantity and quality of the 

training samples. Heiselberg (2016) proposed an 

algorithm for geometric and spectral evaluation 

of the vessels. The author was successful in 

detecting vessels, identifying the navigation 

orientation, and measuring the width and 

length of targets above 30 m. Vessels smaller 

than 30 m were only detected, without 

estimating the other parameters. 

Heiselberg and Heiselberg (2017) developed 

a supervised object-oriented classifier for 

detecting vessels and differentiating them from 

other targets (ice, small islands, and clouds). 

They highlighted the loss of efficiency as vessel 

size decreases, since 32% of vessels smaller than 

10 m were confused with clouds and other small 

objects. 

Kanjir (2019) achieved satisfactory results 

related to vessels detection, including those 

smaller than 20 m, reaching a detection rate up 



PEREIRA et al.                                                                                                    Identification of gold mining vessels 

3 
Soc. Nat. | Uberlândia, MG | v.36 | e69409| 2024 | ISSN 1982-4513 

to 0.96. A decision tree was used after 

performing a pre-detection based on band 

subtraction. The author pointed out that the low 

presence or absence of vessels per image can 

lead to a deterioration in the efficiency of the 

method, such as the small size of the target. 

So, one of the major challenges for these 

studies is to obtain enough quality training 

samples as there may be few vessels in the 

selected images (Ciocarlan; Stoian, 2021). 

Therefore, the present study aims to evaluate 

the use of Sentinel-2 images to identify gold 

mining vessels using the machine learning 

classifiers Support Vector Machine (SVM) 

(Vapnik, 1995), K-Nearest Neighbors (KNN) 

(Fix; Hodges, 1951), Random Forest (RF) 

(Breiman, 2001), and the spectral classifier 

Spectral Angle Mapper (SAM) (Kruse et al., 

1993). 

 

MATERIALS AND METHODS 

 

 

Study area 

 

The study area comprises the Madeira River, in 

the region of Porto Velho city, Rondônia state, 

located in Brazilian Amazon (Figure 2). The 

study area covers 80 km of the river, and it is 

one of the main gold mining spots through 

vessels in Brazil. By the time of this study, there 

were 9,400 hectares of Small-Scale Gold Mining 

Permits (in Portuguese PLG) and 14,400 

hectares of PLG Requests (Sigmine, 2022). 

The Madeira River is a white-water river 

with a high concentration of suspended solids 

(Espinoza Villar et al., 2013). The region's 

climate is classified as Awi and its rainfall 

ranges from 38.7 to 329 mm/month (Bezerra et 

al., 2010). Its hydrological behavior is typically 

seasonal, with water flow from 5,000 m³/s in the 

dry season to 50,000 m³/s in the rainy season 

(Adamy, 2016).  

In addition, it has good navigability 

conditions with a width of 700 to 2,000 m and 

fluviometric level from 8 to 20 m (Rodriguez et 

al., 2017). 

 

Methodology  

 

The methodology was divided into five steps, as 

shown in Figure 3. 

 

Step 1 – Image selection 

 

The Sentinel-2 mission is composed by the 2A 

and 2B satellites with Multispectral 

Instruments (MSI). The MSI registers 

information in 13 spectral bands from blue to 

shortwave infrared with a revisit time of 5 days, 

when considering both satellites, and 12-bit 

radiometric resolution. 

 

Figure 2 – Study Area. 

Source: The authors (2023). 
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            Figure 3 – Methodology Used. 

 
Source: The authors (2023). 

 

The images are free and georeferenced, and 

the bands present the following spatial 

resolutions: i) 10 m for Blue, Green, Red and 

Near Infrared (NIR); ii) 20 m for Red Edge (RE) 

1 to 4 and Shortwave Infrared 1 and 2 (SWIR); 

iii) 60 m for Aerosol, Water Vapor and Cirrus 

(ESA, 2015). Images from the 20LMR orbit 

between the years 2018 and 2021 were 

evaluated to select those with the presence of 

gold mining vessels that coincided with the 

dates of the images that were used to validate 

the classifications. 

The evaluation was performed visually by 

applying histogram enhancement in a false-

color composite using Red, Green and Blue 

bands (Figure 4).

 

Figure 4 – Sediment Plumes from Gold Mining Vessels in False Color Composite (Blue, Green and 

Red Bands) in 06/14/2021 Sentinel-2 image: a) No enhancement; b) With Enhancement of the Red 

band. Green Line is the Sediment Plume. 

 
Source: The authors (2023). 

 

Thirteen images between June and 

September from 2018 to 2021 were selected 

(Table 1). This is the period of lowest rainfall 

and cloud cover from 0 to 40% in the Amazon 
region (Martins et al., 2018).  

 

                    Table 1 – Date of Sentinel-2 Images Used 

Date 

Gold Mining 

Vessels Without 

Sediment 

Plume 

Gold Mining 

Vessels With 

Sediment Plume 

06/30/2018 Yes Yes 

07/25/2018 Yes Yes 

08/19/2018 Yes No 

06/20/2019 Yes No 

07/09/2020 Yes Yes 

09/22/2020 Yes No 

06/14/2021 Yes Yes 

07/14/2021 Yes Yes 

07/24/2021 Yes Yes 

07/29/2021 Yes Yes 

08/08/2021 Yes No 

08/13/2021 Yes Yes 

08/18/2021 Yes Yes 

         Source: The authors (2023). 
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Step 2 - Pre-Processing 

 

Images were acquired at the L1C processing 

level without atmospheric correction. They were 

converted to the L2A level to discount 

atmospheric effects using the Sen2Cor plugin, 

developed for Sentinel-2 images (ESA, 2015; 

Louis et al., 2016). 

Subsequently, the infrared bands were 

resampled to 10 m, except for the Near Infrared, 

which already has this resolution. 

 

Step 3 – Subset and Masking 

 

The images were subsetted with the limits of the 

study area and a mask was applied in the 

continental portion. The masks were generated 

from manual editing of the vector file of water 

bodies of Brazil – produced in scale 1:100,000 by 

the Agência Nacional de Águas e Saneamento, 

which is the federal agency responsible for the 

implementation and regulation of Brazilian 

water resources and sanitation policies (Brasil, 

2022). 

 

Step 4 – Training and Classification. 

 

The training samples were collected in the 

thirteen Sentinel-2 images used. The number of 

samples was not the same for each image, since 

the number of vessels, gold mining vessels and 

sediment plumes varies between different dates. 

Also, sometimes there are few targets in the 

image. 

3,000 pixels were collected for water (in the 

absence of sediment plumes), vegetation and 

soil. Vegetation and soil occur on the islands and 

on the sandbanks along the river. The collected 

number of pixels reached the maximum possible 

when there were sediment plumes in the image. 

In these cases, the amount of water pixels was 

the same. Also, the maximum possible number 

of pixels per image were collected for gold 

mining vessels (Table 2 and Figure 5).  

RF, KNN, SVM and SAM were used to 

classify the images. RF randomly generates 

decision trees based on a subset of data and 

search for the best result from a voting process 

(Breiman, 2001). KNN evaluates the distance of 

the sample in relation to its “k” nearest 

neighbors (Fix; Hodges, 1951).

Table 2 - Number of Training Pixels per Image. 

Date 

Classes 

Vegetation Soil Water 
Sediment 

Plumes 
Vessels 

Gold Mining 

Vessels 

06/30/2018 3000 3000 1000 1000 250 95 

07/25/2018 3000 3000 1200 1200 330 145 

08/19/2018 3000 3000 3000 None 230 100 

06/20/2019 3000 3000 3000 None 380 80 

07/09/2020 3000 3000 1500 1500 390 100 

09/22/2020 3000 3000 3000 None 160 45 

06/14/2021 3000 3000 1000 1000 130 100 

07/14/2021 3000 3000 2000 2000 300 200 

07/24/2021 3000 3000 1000 1000 270 225 

07/29/2021 3000 3000 1500 1500 450 160 

08/08/2021 3000 3000 3000 None 285 120 

08/13/2021 3000 3000 1000 1000 420 100 

08/18/2021 3000 3000 1000 1000 255 135 

                                                           Source: The authors (2023). 
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Figure 5 - Examples of Samples: a) Water and Vessels; b) Gold Mining Vessels; c) Sediment Plumes 

with Enhancement; d) Vessels and Water; e); Vegetation, Water and Sediment Plumes Without 

Enhancement. 

 
Source: The authors (2023). 

 

SVM plots samples as points in a n-

dimensional space and searches for the best way 

to separate classes by building a hyperplane 

that acts as a boundary between classes 

(Vapnik, 1995). The SAM is based on the 

similarity of the spectral responses and 

calculates angles between the samples to 

classify the pixels (Kruse et al., 1993). RF, KNN 

and SVM are machine learning classifiers. They 

may have a pixel-based approach or object-

oriented (OB) approach. The pixel-based 

approach uses the spectral information of the 

pixels as the object-oriented approach group 

pixels to create objects that have a certain 

similarity. The segmentation is a crucial step 

within this approach (Simionato et al., 2021).  

The segmentations were performed in the 

ArcGIS Pro software using the Mean Shift 

Segmentation algorithm (Comaniciu; Meer, 

2002). 

The pixels are plotted in a n-dimensional 

space and the algorithm builds an interest area 

and then calculates the centroid and the 

direction in which the area of interest should 

move. After, the interest area changes its 

centroid and repeats the process until 

convergence is reached and all pixels are 

grouped into segments. ArcGIS Pro software 

requires three parameters to perform the 

segmentation: spectral and spatial detail (unit 

from 1 to 20); and minimum segment size (unit 

in pixels) (ArcGIS PRO, 2023). Spectral detail 

refers to the level of importance given to spectral 

differences between pixels. Spatial details 

control the level of relevance given to the 

proximity between the pixels. Minimum size 

segment one is the minimum size of the segment 

that will be created (Lodi et al., 2019). As for 

spectral detail, larger values are appropriate for 

separating objects that have similar spectral 

characteristics, while smaller values are 

appropriate for object generalization. For 

spatial detail, larger values are appropriate 

when objects are small and form clusters 

(ArcGIS PRO, 2023). 

Different combinations were tested, and the 

segmentations were visually evaluated. Two 

main questions were observed: if the generated 

segments were consistent to the size of the gold 

mining vessels: if it was possible to separate 

water from sediment plumes. By the end, it was 

decided to use 20 for spectral detail and 18 for 

spatial detail. This combination generated 

segmentations composed by several small 

segments suitable to separate gold mining 

vessels and sediment plumes. The minimum 

size segment used was 1 pixel (10 m). It is the 

smallest size of a gold mining vessel mine 

according to the resolution of the Sentinel-2 

images.  

Finally, the training pixels of the pixel-based 

approach were plotted on the segmented image 

to collect the training segments. 
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Step 5 – Classification Validation. 

 

300, 150 or 100 pixels were used to validate the 

classifications. The quantity of pixels varied 

depending on the quantity and size of vessels, 

gold mining vessels and sediment plumes 

present in the images.  

The pixels were collected using Planet 

images with 3 m of spatial resolution that were 

made available by the “Brasil MAIS” 

Programme, coordinated by the Polícia Federal, 

which is the Federal Policy of Brazil 

(Redemais/MJSP © 2020 Planet, 2022). The 

Kappa coefficient and F1 score were used to 

validate the classification (Cao et al., 2020; 

Salgado et al., 2019). 

The F1 score (Equation 1) is calculated based 

on the precision (Equation 2) and recall 

(Equation 3) that indicate the accuracy of target 

detection and discrimination capability. 

 

𝑆𝑐𝑜𝑟𝑒 F1 = 2 ∗  
P∗R

P+R
        (1)                                        

 

P =  
ΣTP

ΣTP+ΣFP 
               (2)                                                  

 

R =  
ΣTP 

ΣTP +ΣFN 
              (3)                                                 

 

P = precision; R = recall; TP = true positive; FP 

= false positive; FN = false negative. 

 

Regarding F1 results, a balance between 

precision and recall must be sought, since a high 

result of precision and low recall means that few 

targets were properly classified. However, these 

few targets are very similar to the control data. 

It has relations to false negatives. On the other 

hand, low precision and high recall indicate that 

the targets were widely classified. But the 

targets are generalized. It is related to false 

positives (Cao et al., 2020; Barbosa et al., 2021). 

Finally, the percentage of detection and 

omission of operating gold mining vessels were 

calculated according to Equations 4 and 5.  

Gold mining vessels that originate sediment 

plumes were considered as operating gold 

mining vessels (Figure 4). 

 

% Detection = (
𝐺d∗100

𝐺𝑡
)                          (4) 

 

% Omission = (
Go∗100

Gt
)                     (5) 

 

Gd = operating gold mining vessels detected;  

Gt = total of operating gold mining vessels in the 

image; Go = operating gold mining vessels 

omitted. 

 

 

RESULTS AND DISCUSSION 

 

 

The targets in the images were water, sediment 

plumes, gold mining vessels, vessels (various 

sizes), soil, sandbanks, and vegetation (Figure 

6a). The waters of the Madeira River are turbid, 

and they present high concentration of 

suspended sediments with naturally higher 

reflectance than water with a low concentration 

of sediments (Espinoza Villar et al., 2013). 

Water and sediment plumes showed very 

close reflectance, but sediment plumes 

reflectance is a little lower than the waters 

surrounding the gold mining vessels. The 

reflectance peak, as well as the greatest 

difference between these targets (0.03), occurred 

in the Green, Red and RE1 bands. The higher 

difference was realized in the Red band, but still 

very low.  Higher reflectance in Green and Red 

bands occurs due to greater scattering of 

electromagnetic radiation by the presence of 

particulate matter and lower absorption of 

water in this range (Barbosa et al., 2019; Goodin 

et al., 1993). 

The difference between water and sediment 

plumes, as well as their reflectance value, 

decreases from RE1, tending to zero in the SWIR 

region. 

It is noteworthy that the natural 

concentration of OAC in Amazonian rivers 

varies depending on the hydrological period – 

dry or flood season (Barbosa, 2005). 

Furthermore, the sediment plumes (Figure 

6b) may show the same spectral behavior as the 

water in other parts of the river when the 

concentration of suspended sediments is 

similar. This was noticed in areas close to 

sandbanks.
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Figure 6 – Reflectance of the Targets: a) All Targets; b) Water and Sediment Plume. 

 
Source: The authors (2023). 

 

Heiselberg (2016) identified that large 

vessels (>100 m) present higher reflectance, 

reaching higher values in SWIR bands. White 

sandbanks present similar behavior. These two 

targets have similar spectral response, with 

greatest difference in the RE1 band. Smaller 

vessels, gold mining vessels and sandbanks with 

water content, with muddy appearance, present 

inferior and close reflectance in all bands. 

The smaller dimensions of the vessels make 

it difficult to register them into images due to 

the limitation of spatial resolution of the sensor 

and the cover type of the vessels. Straw, wood, 

and similar materials present low reflectance 

(Kanjir, 2019). Finally, the classes used in the 

study were: water; sediment plumes (if any); 

vessels (large, medium, and small); gold mining 

vessels (grouped medium and small vessels); 

soil; and vegetation. 

Figure 7 exemplifies the classifications of the 

07/14/2021 image. The Figure highlights how 

the sediment plumes were detected according to 

the classifier used. Table 3 shows that the 

Kappa coefficient ranged from 0.70 to 0.95 - 

results considered “very good” (0.6 < k < 0.8) or 

“excellent” (0.8 < k < 1) (Salgado et al., 2019). 

Also, the F1 score ranged from 0.74 to 0.96.  

“Very satisfactory” results (Barbosa et al., 2021; 

Cao et al., 2020).  

The mean Kappa ranged from 0.76 to 0.89 

and mean F1 from 0.80 to 0.91, with a standard 

deviation from 0.06 to 0.02. In this sense, SVM 

OB performed best, followed by SVM Pixel, 

KNN OB, KNN Pixel, RF OB, RF Pixel and SAM 

(Table 4). 

These results were similar to the literature 

in which the performance factor varied from up 

to 0.68 to 1 (Heiselberg; Heiselberg, 2017). It is 

noteworthy that mean Kappa and F1 were not 

so different between the SVM, KNN and RF 

classifiers: Kappa from 0.81 to 0.89; F1 from 

0.84 to 0.91
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Figure 7- 07/14/2021 Image Classifications: a) SVM Pixel; b) SVM OB; c) KNN; Pixel; d) KNN OB;  

e) RF Pixel; f) RF OB; g) SAM. 

 
Source: The authors (2023). 

 

Table 3 - Kappa Coefficient and Score F1 Results. 

Classifier Metric 
Data 

06/30/18 07/25/18 08/19/18 06/20/19 07/09/20 09/22/20 06/14/21 07/14/21 07/24/21 07/29/21 08/08/21 08/13/21 08/18/21 

SVM Pixel 
Kappa 0,86 0,83 0,84 0,88 0,80 0,84 0,87 0,89 0,87 0,90 0,86 0,85 0,85 

F1 0,88 0,86 0,87 0,91 0,83 0,87 0,89 0,91 0,89 0,92 0,88 0,88 0,87 

SVM OB Kappa 0,88 0,84 0,93 0,93 0,87 0,87 0,95 0,89 0,91 0,91 0,87 0,89 0,89 

F1 0,89 0,86 0,94 0,94 0,88 0,89 0,96 0,91 0,92 0,92 0,89 0,90 0,91 

KNN Pixel 
Kappa 0,81 0,80 0,83 0,86 0,81 0,80 0,86 0,88 0,86 0,89 0,86 0,85 0,85 

F1 0,84 0,84 0,86 0,89 0,83 0,84 0,88 0,90 0,88 0,91 0,88 0,87 0,88 

KNN OB 
Kappa 0,81 0,80 0,87 0,88 0,81 0,82 0,84 0,86 0,87 0,88 0,86 0,86 0,85 

F1 0,84 0,83 0,89 0,90 0,83 0,85 0,86 0,89 0,89 0,90 0,88 0,88 0,87 

SAM 
Kappa 0,70 0,73 0,80 0,85 0,72 0,79 0,82 0,72 0,73 0,71 0,82 0,83 0,73 

F1 0,74 0,76 0,84 0,87 0,76 0,82 0,85 0,77 0,77 0,75 0,85 0,85 0,78 

RF Pixel 
Kappa 0,73 0,79 0,83 0,74 0,71 0,74 0,81 0,86 0,87 0,89 0,83 0,83 0,92 

F1 0,77 0,82 0,85 0,76 0,74 0,79 0,84 0,87 0,90 0,91 0,86 0,82 0,93 

RF OB 
Kappa 0,74 0,85 0,85 0,84 0,84 0,79 0,84 0,83 0,84 0,82 0,85 0,85 0,82 

F1 0,77 0,87 0,86 0,86 0,86 0,80 0,86 0,84 0,85 0,84 0,87 0,85 0,84 

Note: pixel = pixel-based approach; OB = object-oriented approach. 

Source: The authors (2023). 
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Table 4 – Mean Kappa and F1 and Standard Deviation 

Classifier 
Mean 

Kappa  

Standard 

Deviation 

Mean 

F1 

Standard 

Deviation 

SVM OB 0,89 0,03 0,91 0,03 

SVM Pixel 0,86 0,03 0,88 0,02 

KNN OB 0,85 0,03 0,87 0,02 

KNN Pixel 0,84 0,03 0,87 0,02 

RF OB 0,83 0,03 0,84 0,03 

RF Pixel 0,81 0,06 0,84 0,06 

SAM 0,76 0,05 0,80 0,04 

 Source: The authors (2023).

Precision and recall values were more varied. 

Precision ranged from 0.43 to 1 and recall from 

0.2 to 1 (Figure 8). Some classes were easily 

classified, like vegetation and water when there 

were no sediment plumes. In these cases, 

precision and recall were equal to 1. However, 

the classifiers presented difficulty in separating 

classes with close spectral responses, such as 

vessels and gold mining vessels. In these cases, 

precision ranged from 0.77 to 0.88 (gold mining 

vessels) and from 0.78 to 0.89 (vessels). Recall 

ranged from 0.58 to 0.71 (gold mining vessels) 

and 0.69 to 0.87 (vessels), which means that 

there was a greater occurrence of false 

negatives.  

This behavior is common when analyzing 

different types of vessels classification methods 

because the spectral response of the vessels does 

not show a clear pattern. Sometimes they are 

similar, sometimes they are very different, 

affecting the performance of the methods 

(Heiselberg, 2016). Furthermore, the small size 

of the vessels affects the methods. Heiselberg 

and Heiselberg (2017) identified a drop down in 

the performance factor for smaller vessels from 

0.93 to 0.68 because of omissions and confusion 

with other small targets. 

 

Figure 8 - Precision and Recall for Classifications: a) SVM OB; b) SVM Pixel; c) KNN OB; d) KNN 

Pixel; e) SAM; f) RF OB; g) RF Pixel. 

 

Source: The authors (2023).  

 

A similar behavior was noticed for gold 

mining vessels and sandbanks with content of 

water. It is justified by the low and close spectral 

response of these targets and the reduced size of 

some sandbanks that present a similar response 

to small non-water targets (Kikaki et al., 2022). 

By analyzing the mean F1 scores it is 

possible to confirm the better behavior of the 
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SVM OB. Besides achieving a better F1, SBM 

OB presented greater constancy, with a lower 

quantity of false negatives and false positives. 

SVM OB was followed by the SVM Pixel (Table 

5). KNN and RF were inferior, and RF presented 

greater inconstancy, mainly regarding the 

occurrence of false negatives. SAM obtained the 

worst results, with a greater level of confusion, 

mainly between gold mining vessels and vessels, 

targets with similar spectral response (Figure 

9). 

Still, SAM presented difficulty in classifying 

water and sediment plumes. In some cases, the 

confusion was so strong that it could not even 

delimitate the sediment plumes. This occurred 

due to the low variation in the concentration of 

OAC, since different types of water are better 

classified when the difference is more 

pronounced (Barbosa, 2005; Vantrepotte et al., 

2012). 

 

Table 5 - Precision, Recall and F1 Score of the Classifications. 

Source: The authors (2023). 

 

Figure 9 - Confusion between Small Vessels and Gold Mining Vessels with Other Targets. In Red 

Small Sandbanks with Water Content. In White Small Vessels and Gold Mining Vessels a) Image 

from 07/24/2021. b) 08/18/2021. 

 
Source: The authors (ano).

 

When comparing pixel-based versus object-

oriented approaches, it is clear the advantage 

for SVM OB that improved all validation metrics 

(Table 5). Keshtkar et al. (2017) and Noi and 

Kappas (2017) achieved similar results, since 

SVM presented the best metrics for identifying 

different types of water. Also, the performance 

improved when using an object-oriented 

approach (Hartoni et al., 2022). The results for 

KNN and RF were varied. Although the mean 

F1 scores were very close, precision and recall 

were more random, improving or worsening the 

Kappa and F1 depending on the class. Besides, 

they still proved to be more effective than SAM. 

The pixel-based approach had many commission 

errors between vessels and gold mining vessels. 

It generated classifications with systemic errors 

(Figure 10). However, all object-oriented 

approach classifications significantly 

attenuated the systemic errors, producing 

cleaner classifications. It happened because the 

ability to distinguish between classes is 

improved when evaluating segments with a 

Classes 

SVM Pixel  SVM OB KNN Pixel  KNN OB RF Pixel RF OB SAM 

Mean 

Precision  

Mean 

Recall  

Mean 

Precision  

Mean 

Recall  

Mean 

Precision  

Mean 

Recall  

Mean 

Precision  

Mean 

Recall  

Mean 

Precision  

Mean 

Recall  

Mean 

Precision  

Mean 

Recall  

Mean 

Precision  

Mean 

Recall  

Water 0,88 0,96 0,90 0,99 0,92 0,95 0,85 0,96 0,89 0,95 0,88 0,91 0,75 0,78 

Sediment Plume 0,88 0,94 0,91 0,94 0,90 0,87 0,90 0,88 0,82 0,81 0,82 0,82 0,65 0,70 

Gold Mining Vessels 0,84 0,72 0,88 0,72 0,84 0,69 0,86 0,59 0,77 0,63 0,78 0,64 0,78 0,65 

Vessels 0,80 0,78 0,89 0,88 0,76 0,79 0,77 0,83 0,78 0,69 0,81 0,72 0,73 0,72 

Soil 0,89 0,93 0,87 0,99 0,87 0,93 0,84 1,00 0,86 0,96 0,85 0,93 0,88 0,93 

Vegetation  1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 

F1 Water 0,92 0,94 0,93 0,90 0,92 0,89 0,77 

F1 Sediment Plume 0,91 0,92 0,88 0,89 0,82 0,82 0,68 

F1 Gold Mining Vessels 0,78 0,79 0,76 0,70 0,69 0,70 0,71 

F1 Vessels 0,79 0,89 0,77 0,80 0,73 0,76 0,72 

F1 Soil 0,91 0,93 0,90 0,91 0,91 0,89 0,90 

F1 Vegetation 1,00 1,00 1,00 1,00 1,00 1,00 1,00 

Score  

 Mean F1  0,88 0,91 0,87 0,87 0,84 0,84 0,80 
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certain spectral and spatial similarity and not 

just pixels (Simionato et al., 2021). 

Since SVM OB presented the best results, its 

classifications were used to evaluate the 

detection and omission percentage of the 

operating gold mining vessels. The detection 

percentage of gold mining vessels without 

sediment plumes was 100%. While the detection 

percentage of operating gold mining vessels with 

sediment plumes ranged from 73 to 100%. The 

omission percentage ranged from 0 to 26.6%, 

failing to detect 0 to 4 operating gold mining 

vessels with sediment plumes per image (Table 

6). 

 

Figure 10 - Improvements in SVM Classifier in Image from 08/13/2021: a) SVM OB; b) SVM Pixel. 

 
Source: The authors (2023). 

 

Table 6- Identification of Operating Gold Mining Vessels Using SVM OB Classifier. 

Data 
Operating Gold Mining 

Vessels (Total)  

Operating Gold 

Mining Vessels 

Detected 

% of 

Detection 

Operating Gold 

Mining Vessels  

Omitted 

 % of Omission 

06/30/2018 18 17 94,44 1 5,56% 

07/25/2018 6 6 100 0 0,00% 

08/19/2018 9 8 88,89 1 11,11% 

06/20/2019 15 11 73,33 4 26,67% 

07/09/2020 21 17 80,95 4 19,05% 

09/22/2020 8 6 75 2 25,00% 

06/14/2021 5 4 80 1 20,00% 

07/14/2021 3 3 100 0 0,00% 

07/24/2021 9 8 88,89 1 11,11% 

Média -- -- 86,83 2 13,17 

Source: The authors (2023). 

 

Kanjir (2019) observed similar results with 

detection percentage ranging from 63 to 96% 

and omission percentage from 4 to 34%.  

Heiselberg and Heiselberg (2017) also obtained 

similar results, since the detection percentage 

ranged from 67 to 100% and omission 

percentage from 0 to 33%. In all cases the worst 

performances were caused by omissions of small 

vessels. 

In the present study, the omissions of 

operating gold mining vessels did not occur due 

to the non-detection of the target itself, but 

because it was not possible to identify the origin 

of the sediment plumes on the vessel. 

In the case of gold mining vessels without 

sediment plumes, visual assessment is 

extremely necessary to confirm that the targets 

are in fact gold mining vessels. By visual 
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evaluation, it is possible to identify the typical 

behavior of gold mining vessels groupings 

together (Figure 11). 

 

Figure 11 – Grouped Gold Mining Vessel without Sediment Plume in Image of 07/29/2021. 

 
Source: The authors (2023). 

 

 

CONCLUSION 

 

 

The results showed that the SVM classifier 

presented the best evaluation metrics. When 

comparing the pixel-based versus object-

oriented approach, SVM object-oriented results 

were noticeably better, achieving the highest F1 

score in the study (0.91). 100% of the gold 

mining vessels without sediment plumes were 

detected, as well as most of the operating gold 

mining vessels. The omissions occurred because 

it was not possible to identify the origin of the 

sediment plumes on the vessel. Therefore, the 

methodology proved to be effective to detect gold 

mining vessels using machine learning 

classifiers in Sentinel-2 images. 

The performance of the classifiers is 

influenced by several factors, such as the 

characteristics of the targets and the quantity 

and quality of the training samples. Therefore, 

the choice of classifier depends on the objectives 

sought, since a method that obtained 

satisfactory performance may have significantly 

altered results when applied to another context. 

The limited number of training samples and the 

spectral similarity of certain targets is a 

sensitive point for the methodology employed. 
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