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Abstract: The Remote Sensing and machine learning techniques are cost-effective ways of mapping land use and 

cover, especially forestry areas. This is essential for the management and planning of such resources. The purpose of 

this study was to identify which classifier (Random Forest or Support Vector Machine) reach the best accuracy in land 

use and cover classification and determine which is the best season of year for Pinus spp. forest mapping. PlanetScope 

multispectral image was used with 3.7 m of spatial resolution, collected over the coastal region of Rio Grande do Sul 

state. The input variables for the classifiers were the four spectral bands: RGB and NIR, and the NDVI vegetation 

index. In both classifiers, high accuracy values were obtained, as well as for all seasons of the year. The Random 

Forest classifier obtained better results in the spring and summer seasons, while in the autumn and winter seasons 

there was no significant difference between the classifiers for the classification of Pinus spp. forests. The results 

reached an adequate precision to be used for the management and monitoring of the land use and cover in the 

municipality of São José do Norte, RS.  

Keywords: Mapping. Pine. Machine Learning. GIS. Remote Sensing. 

 

Resumo: O uso do Sensoriamento Remoto e técnicas de aprendizado de máquina são amplamente utilizadas para o 

mapeamento do uso e ocupação do solo, e em especifico, de áreas de silvicultura, de forma ágil e acessível. Esse 

resultado é fundamental para a gestão e planejamento desses recursos. O objetivo do trabalho foi identificar qual 

classificador (Random Forest ou Support Vector Machine) atinge melhor acurácia na classificação do uso do solo e 

determinar qual é a melhor época do ano para o mapeamento de florestas de Pinus spp. Foram utilizadas imagens 

multiespectrais PlanetScope, contendo 3,7 m de resolução espacial, coletadas sobre a região costeira do estado do Rio 

Grande do Sul. As variáveis de entrada utilizadas nos classificadores foram as quatro bandas espectrais: RGB e NIR 

e o índice de vegetação NDVI. Em ambos os classificadores se obteve altos valores de acurácia, bem como em todas 

as épocas do ano. O classificador Random Forest obteve melhores resultados nas estações primavera e verão, já nas 

estações outono e inverno não houve diferença significativa entre os classificadores para a classificação de florestas 

de Pinus sp.. Os resultados atingiram precisão adequada para serem utilizados de forma confiável no gerenciamento 

e monitoramento da cobertura da terra na região costeira do Rio Grande do Sul. 

Palavras-chave: Mapeamento. Pinus. Aprendizado de Máquina. SIG. Sensoriamento Remoto. 

 

 

 
 

https://doi.org/10.14393/revbrascartogr
https://orcid.org/0000-0003-1801-3355
https://orcid.org/0000-0000-0002-0400
https://orcid.org/0000-0002-0405-9603
https://orcid.org/0000-0001-6209-8232
https://orcid.org/0000-0002-7151-8697


Rev. Bras. Cartogr, vol. 75, 2023                                         DOI: http://dx.doi.org/10.14393/rbcv75n0a-67769 

    2 

1 INTRODUCTION  
 

Land use maps contribute to the forwarding of land use policies, planning, conservation, agricultural 

monitoring, agricultural management, and forestry management. However, accurate mapping of heterogeneous 

landscapes is a challenge (CHEN et al., 2021; SCHULZ et al., 2021). To improve the accuracy of a land cover 

classification using satellite images, it is important to select suitable predictor variables from calibrated remote 

sensing data, in order to encompass the representative statistical parameters of each class of land use and land 

cover. As high spatial resolution data usually have restricted spectral information (few bands), the addition of 

spatial features becomes critical (LI et al., 2014; DHINGRA; KUMAR, 2019). Individual bands, vegetation 

indices, or even transformed images (XIE et al., 2019) represent spectral variables. For Xie et al. (2019), 

several studies explore the classification of tree species using high spatial resolution image and with several 

variables such as spectral signatures, vegetation indices, textural metrics, among other auxiliary data; however, 

not all input variables are useful and even some combinations of predictive variables can lead to a decrease in 

classification accuracy (BREUNIG et al., 2011). Luo et al. (2022) reports that excessive input resources can 

decrease classification accuracy and increase computation time. Therefore, developing feasible, assertive, and 

low-complexity classification protocols is essential for the process of technology transfer to the productive 

sector. 

Remote sensing has been used for a long time to map land use and land cover, allowing it to cover 

large territorial extensions and with a good cost-benefit ratio (XIE et al., 2019). Sheykhmousa et al. (2020) 

exposes that the classification of an image becomes a costly task due to the large volume of data, the landscape 

heterogeneity, as well as limited and unbalanced training data between classes. The competence and 

computational cost of image classification are influenced by different classification algorithms, sensor types, 

training samples, input resources and by pre- and post-processing techniques, auxiliary data, target classes, 

and the final product accuracy (LI et al., 2014; SHEYKHMOUSA et al., 2020). High spatial resolution images 

can improve the quality of forest distribution mapping (XU et al., 2021). On the other hand, due to some 

implications, such as difficulty in automatic classification, number of available bands, high cost of purchasing 

images, and computational cost for processing large volumes of data; these images are little used in forestry 

applications. However, on local and regional scales, high spatial resolution data achieve better results (XIE et 

al., 2019). In this context, recent satellite constellations have generated a large volume of data in different 

spectral ranges (PERKO et al., 2018; SOZZI et al., 2019; WULDER et al., 2019).  

Promoting the miniaturization of satellites and associating technological advances, satellite 

constellations have emerged in different areas of application. The PlanetScope satellite constellation operates 

with more than 150 satellites (3U model) in different generations (PLANET TEAM, 2019). Given the large 

number of satellites, images are basically taken every day with a spatial resolution of 3.7 meters. Although the 

recent generation has increased the number of bands, they are generally limited to visible and near infrared 

(NIR). This fact may limit the different tree species classification accuracy, due to the spectral similarity 

between species (XIE et al., 2019; HILL et al., 2010). Therefore, in a complementary manner, phenological 

information can increase the separability between tree species, given that the phenological cycle of forest 

species causes a variation in reflectance at different dates. It is noteworthy that for some species, phenological 

differences are costly to obtain, and sometimes not noticeable with orbital sensors (HADDAD et al., 2022; 

GRABSKA et al., 2019). 

Remote sensing techniques, especially optical images, have long been analyzed and applied for forest 

assessment (HILL et al., 2010). In this context, several classifiers have been created and used for land cover 

mapping; however, their individual performance may vary according to input data, reference class definitions, 

and environmental conditions of the region of interest. A classifier may work well in a given geographic area 

and may not work well in another (SCHULZ et al., 2021). Xie et al. (2019) mentions that it is currently not 

conclusive which classification algorithm provides the best performance and which different seasonal 

characteristics and different data sources lead to a better land cover classification or forest classification. The 

image acquisition time may be more important than the number of images in a multitemporal analysis 

(GRABSKA et al., 2019). In this context, the Random Forest (RF) (BELGIU; DRĂGU, 2016; LARY et al., 

2016; OK; AKAR; GUNGOR, 2012) and Support Vector Machine (SVM) (PAL; FOODY, 2010; MONNET; 
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CHANUSSOT; BERGER, 2011; MOUNTRAKIS; IM; OGOLE, 2011) machine learning algorithms have 

been showing promising results, being widely used by the scientific community.  

In this perspective, this study aims to evaluate the performance of two machine-learning methods 

(Random Forest and Support Vector Machines) and the use of high-resolution PlanetScope satellite imagery 

acquired in different seasons on mapping land cover and use classes with distinction of Pinus spp. forestry 

species from other land use and covers in southern Brazil at the Pampa biome. We aim to evaluate the impact 

of seasonality on the accuracy of classifications, as well as to identify the best date for the separation of Pine 

Forestry, using high-resolution PlanetScope spatial images. This is important to achieve accurate and cheap 

land cover classification for landscape planning in the region. 

 

2 MATERIALS AND METHODS  
 

The developed workflow basically involved three steps (Figure 1). The first phase of data acquisition, 

followed by processing and, finally, with post-classification.  

 

Figure 1 – Flowchart of the methodology. 

 
 

Source: The authors (2022). 

 

2.1 Study area 
 

The study area is located in the municipality of São José do Norte, on the coastal plain of Rio Grande 

do Sul, in the Pampa Biome (Figure 2). The region belongs to the Marine Coastal System on a peninsula 

located between Lagoa dos Patos and the Atlantic Ocean. According to the IBGE census (2021), São José do 

Norte has a population of 27,866 inhabitants, with a 1,071.824 km² area. The municipality's economic base in 

the primary sector is fishing, crop production, especially onion and rice production, livestock, mining, and 

forestry (cultivation of Pinus sp.). 

According to Pinheiro e Silva (2018) São José do Norte is the largest representative in the production 

of logs and gum in the region. It has more than 70% of its area dedicated to agricultural activities and forestry, 

with these activities being the basis of the economy; the cultivation of exotic forests covers an area of 

approximately 11,500 hectares. São José do Norte has large extensions of wetlands, which form part of the 

natural physiognomy of the municipality, normally bordering the lakes and performing the transition of the 

lakes with other formations (TAGLIANI; VICENS, 2003). The wetlands have a diversity of macrophyte plant 

communities that vary according to the water regime, morphometry, among other physical characteristics 

common to each system (GIANUCA; TAGLIANI, 2012). In this study, an area within the municipality of São 

José do Norte that has a large amount of planted forest was delimited for carrying out the research. 

The study area is located at an altitude between 3 and 5 meters above mean sea level. The soil is 
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predominantly sandy, of recent formation. According to Alvares et al. (2013), São José do Norte has hot 

summers; the classification according to Köppen and Geiger is Cfa. According to Inmet (2022), the average 

annual temperature is 16.48 ºC, and the average annual precipitation is 1,466 mm. Thus, data from the weather 

station closest to the study area from the municipality of Pelotas - RS were collected, and a climogram was 

created to identify the temperature and precipitation in the region between 10 and 30 years. 

 

Figure 2 – Location map of the study area, in the city of São José do Norte – RS. True-color composite of the 

PlanetScope image from 1/8/2021 is presented. 

 
 Source: The authors (2022). 

 

2.2 Data acquisition and pre-processing 
 

The study used high spatial resolution remote sensing images of the PlanetScope constellation, 

operated by Planet Labs (PLANET LABS, 2019). The level 3B product was used – surface reflectance, with 

orthorectified and scaled images, with a 3.7 meters spatial resolution, radiometric resolution of 12 bits, 

covering four different bands: Red (590 – 670 nm), Green (500 – 590 nm), Blue (455 – 515 nm), and NIR 

(780 – 860 nm). The images were taken without the presence of clouds in the four seasons of the year, on the 

dates: autumn: 5/12/2021, winter: 7/29/2021, spring: 10/28/2021, and summer: 1/12/2022. The seasonal 

approach aims to enhance the discrimination between forestry areas and other land cover and uses. Therefore, 

knowing the phenological cycle of the plants under study is considered essential, so that the most appropriate 

dates can be selected for collecting information (JENSEN, 2011). 

With the purpose of distinguishing the native forest from the forestry a hierarchical classification we 

defined two hierarchical levels for the land cover and use mapping, the first level having eight classes, and a 

second level with more detailed classes for vegetation (three classes). Pixel samples were collected through 

the photo-interpretation of the true-color composites of PlanetScope imagery. 

For the first level, 2,979 pixel samples were collected, of which, 393 water samples were collected 

from the sea, lagoon, and lakes, 513 samples of sand, 247 samples of Exposed Soil, these in areas prepared for 

planting or recently cut and burned areas, 324 samples of Grassland, 54 samples of Agriculture, 1,155 Forest 

samples, 57 samples of Wetland 1 and these having brown color, 236 samples of Wetland 2, these being 

greenish, the wetlands were separated into two classes, so that there was no confusion between other classes, 

as they are spectrally different. For the second level, the Forest samples were separated into: 556 samples of 
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Native Forest, 723 samples of Adult Pine, and 230 samples of Young Pine, the pine forestry classes were 

separated according to the canopy closure, in which Adult Pine has a closed canopy and Young Pine has a less 

closed canopy. They were randomly collected over the entire image, 70% of them were used for training and 

30% were used for validation.  With the help of Google Earth software and images taken with a Phantom 4 

UAV, during a field survey, a careful distinction and visual interpretation of the classes was carried out. 

According to Novo (2010), although digital processing tools have great agility in the process of extracting 

information from large amounts of data, this extraction often only becomes complete with the visual analysis 

of the images. All processing was conducted in the QGIS 3.22.4 software (SHERMAN, 2002). 

 

Figure 3 – Example of the land cover classes that were photo-interpreted with the PlanetScope images. 

 
Source: The authors (2022). 

 

2.3 Land cover and use mapping 
 

For each of the four images (from each seasons) data processing was carried out involving the 

computation of vegetation indices and hierarchical classification. For this, the R programming language was 

used, through the RStudio software (RStudio 4.1.2 (2021-11-01)). The Normalized Difference Vegetation 

Index (NDVI; ROUSE et al., 1973) is based on the normalized difference between the reflectance of the red 

and near-infrared bands, allowing to differentiate pixels that comprise healthy and unhealthy vegetation, being 

closely associated with pigments (LEITE; SANTOS; SANTOS, 2017). Furthermore, the Enhanced Vegetation 

Index (EVI; HUETE et al., 2002) was calculated, which tends to improve sensitivity for high biomasses 

(JANSEN; VANDERWEL, 2011). Due to results not statistically superior to the NDVI, the study continued 

only with the NDVI, in order to simplify the process.  

Considering the classification processes, for both classifiers (RF and SVM) and both classifications, 

the input spectral variables were the Red, Green, Blue, and NIR and NDVI bands. It should be noted that tests 

were carried out with the inclusion of textural metrics: Mean, Homogeneity, Second Moment, and 

Correlation, in a 3x3 window using the Red and NIR bands; however, the results of both classifications 
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with eight and three classes did not significantly differ from the classification without textural metrics, 

according to the Hudson & Ramm test (1987). Analyzing the small percentage difference and the large 

computational demand, we decided not to use the textural metrics in the classification in order to reduce the 

classification processing time. Through the “caret” package (KUHN, 2015), in R, the samples were randomly 

divided into 70% training samples and 30% validation samples, based on each class data. The “caret” package 

has the function of developing parameter adjustments, selecting the values that maximize the precision 

according to the selected validation; it also allows to define the number of values used for each adjustable 

parameter, even if the specific values cannot to be selected (FERNÁNDEZ-DELGADO et al., 2014). In 

addition to the CARET package, the “raster”, “rgeos”, “randomForest”, and “e1071” packages were used 

(MEYER et al., 2021).  

The RF classifier uses a tree structure in which each internal node is symbolized by a question related 

to the value of an attribute, and each external node is related to a class (FACELI et al., 2021). The RF uses a 

subset by randomly selecting datasets from samples and training variables producing multiple decision trees. 

It has the ability to successfully deal with high dimensionality of data and multicollinearity, being fast and 

insensitive to overfitting (FACELI et al., 2021). Its performance can be affected by two parameters, which are 

the number of variables randomly selected at each node (mtry) and the number of decision trees (ntree) 

(BEHERA et al., 2021). In the study, ntree was set as equal to 500, and mtry equal to 2. 

The SVM is a linear binary classifier, which from a given test sample assigns a class of one of two 

probable labels. In remote sensing, the sample to be labeled is usually the individual pixel coming from the 

multispectral or hyperspectral image (MOUNTRAKIS et al., 2011). It is a training algorithm that automatically 

configures the ability of the classification function, leveraging the margin between the training examples and 

the class limit, after removing some atypical or nonsensical examples from the training data if necessary 

(CORTES; VAPNIK, 1995). In the study for each autumn, winter, spring, and summer image, the C-

classification and linear kernel parameters were used. The resulting classification function depends on said 

support patterns, which are training examples that come closest to the decision limit and are commonly a subset 

of small training data (CORTES; VAPNIK, 1995).  

After the models were trained, they were applied to predict the land cover and use classes for the whole 

region for each of season. As post-processing, a median filter was applied to homogenize the classes by using 

a moving window of 3x3 pixels. After that, a thematic vector map was created to facilitate the polygon area 

calculations. 

 

2.4 Analysis 
 

For the hierarchical classification for both classifiers, the validation of the results was firstly performed 

through visual inspection, followed by the evaluation of the confusion matrix and the Kappa index, in the 

classifications of first and second level, 890 and 451 pixels were used for validation, respectively; these were 

not used in the model training process. To identify whether the results of the classifications between seasons 

and classifiers have statistically significant results, the statistical test by Hudson & Ramm (1987) was 

performed.  

With the purpose of increasing the accuracy of the classification, a test was performed using the 

summer image, adding textural metrics, comparing the values through the Hudson & Ramm (1987) test, with 

the Kappa index values of the summer image, without textural metrics. Finally, to quantify the classified areas, 

the image that obtained the best classification was vectorized to perform the area calculation using the field 

calculator. 

 

3 RESULTS AND DISCUSSION 
 

In both classifications, the best classification accuracy was observed in the RF classifier, in the eight-

class classification mean Kappa = 0.95 and in the three-class classification mean Kappa = 0.69 compared to 

the SVM classifier, classification eight classes mean Kappa = 0.94 and classification three-class mean Kappa 

= 0.59. In Table 1 we can analyze the results of the Kappa index and Accuracy of classifications. 
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Summer image, adding textural metrics, comparing the values through the Hudson & Ramm (1987) 

test, with the Kappa index values of the summer image, without textural metrics, both values indicated in Table 

1. There is no statistically significant difference between them. 

 

Table 1 - Kappa index and global accuracy resulting from the classification using the Random Forest (RF) and Support 

Vector Machine (SVM) classifiers of each image referring to each season of the year and hierarchical levels.  

Image Classifier Kappa Accuracy 

 

Autumn 

Random Forest 1st hierarchical level 0.94 0.96 

Random Forest 2nd hierarchical level 0.65 0.79 

Support Vector Machine 1st hierarchical level 0.91      0.93 

Support Vector Machine 2nd hierarchical level 0.43         0.68 

 

Winter 

Random Forest 1st hierarchical level 0.93 0. 95 

Random Forest 2nd hierarchical level 0.68 0.81 

Support Vector Machine 1st hierarchical level 0.92        0.94 

Support Vector Machine 2nd hierarchical level 0.58 0.76 

 

Spring 
Random Forest 1st hierarchical level 0.96 0.97 

Random Forest 2nd hierarchical level 0.76     0.86          

Support Vector Machine 1st hierarchical level 0.95        0.96 

Support Vector Machine 2nd hierarchical level 0.72 0.84 

 

Summer 
Random Forest 1st hierarchical level 0.98          0.98 

Random Forest 2nd hierarchical level 0.67      0.80       

Support Vector Machine 1st hierarchical level 0.96     0.97 

Support Vector Machine 2nd hierarchical level 0.63 0.79 

Summer with 

textural metrics 

Random Forest 1st hierarchical level 0.98 0.98  

Random Forest 2nd hierarchical level 0.72 0.84         
Elaboration: The authors (2022). 

 

 Through the Hudson & Ramm (1987) statistical test, it can be identified whether there is a statistically 

significant difference, for the classification of eight classes the summer and autumn images, the RF classifier 

presented a statistically significantly higher Kappa index than the SVM classifier, for the spring and winter 

images there was no significant difference between the Kappa of the classifiers. For the classification 

containing three classes, in the images of the autumn and winter seasons, the RF classifier presented a 

significantly higher kappa than the SVM, and for the spring and summer season images, there is no statistically 

significant difference between the Kappa of the classifiers. 

The seasons that obtained the best accuracy and Kappa index results were spring (Kappa = 0,96 from 

RF model) and summer (Kappa = 0,98 from RF model), of which summer had the best accuracy in the first 

level classification and spring had the best accuracy in the second level classification. In the classification of 

first level, the Hudson & Ramm (1987) test demonstrated that the Kappa of the summer season image is 

significantly higher than that of spring. In the classification of second level, the RF classification in spring 

presented a significantly higher Kappa index than in summer. Such results can be related to the effect of the 

large presence of non-photosynthetically active vegetation in spring and, due to the greening rates in summer. 

According to the Confusion Matrix (Table 2) all classes obtained excellent classification results The 

Forestry class presented the lowest misclassification due to its high greenness index throughout the seasons. 

Both native Forest and pine forestry keep their leaves throughout the year, while the grassland, for example, 

suffers with the low temperatures in the winter, compared to other seasons of the year (as we can analyze in 

the climogram generated for the study region, Figure 5 ) – presenting low NDVI values. The classes that did 

not represent vegetation were easily detected during all seasons. On the other hand, wetland, grassland, and 

pine were confused with each other, due to the fact that they are spectrally similar. In this region, wetlands 

usually have low depth and allow the development of vegetation, leading to a confusion with acicular forestry 

and even with grassland areas.  
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Table 2 - Confusion matrix of the summer image RF classification without textural metrics, with eight sample classes. 

Class Agricultur

e 

Water Sand Wetland 

1 

Wetland 

2 

Grassland Forest Expose

d Soil 

Kappa 

Agriculture 15 0 0 0 0 0 1 0  

Water 0 116 0 0 0 0 0 1  

Sand 0 0 153 0 0 1 0 0  

Wetland 1 0 0 0 66 0 1 1 0  

Wetland 2 0 0 0 1 17 0 0 0  

Grassland 0 0 0 3 0 95 0 6  

Forest 1 1 0 0 0 1 345 0  

Exposed Soil 0 0 0 0 0 3 1 72  

Kappa         0.9783 

Elaboration: The authors (2022). 

 

Then, in the second classification with three classes, Table 3, where the Forest class was reclassified 

into Native, Adult Pine, and Young Pine, there was little confusion between Native and Adult Pine and vice 

versa, while the Young Pinus class had much more confusion between the other classes, mostly among the 

Adult Pine class. This is justified by the fact that they are the same forest species and are practically the same 

spectrally speaking. 

 

Table 3 - Confusion matrix of the summer image RF classification without textural metrics, with three sample classes. 

Class Native Forest Adult Pine Young Pine Kappa 

Native Forest 151 14 13  

Adult Pine 8 186 30  

Young Pine 7 16 26  

Kappa    0.6749 

Elaboration: The authors (2022). 

 

Considering the seasonal variations of precipitation and temperature for the region for the period with 

images (Figure 5 b), we verified that the highest monthly accumulated precipitation occurs in the months of 

August and September. As the temperature slowly begins to increase in August, vegetation begins to sprout 

causing vegetation greening, in which we expected that there would be greater confusion between vegetation 

classes; however, this was not the case, the spring season, which begins in September, was the one that obtained 

the best results in the classification. This is because the forestry and the native forest do not suffer as much 

from the cold as from the fields and wetlands. 

 
Figure 5 – Climograms for the study area, showing a) precipitation and temperature data for a period of 10 years (2012 

– 2021) and b) precipitation and temperature data from April 2021 to January 2022. 

 
Source: Inmet (2022). 

 

Observing the confusion matrices of the SVM classifier using three classes, Table 5, it classified only 

four training samples as Young Pine, generating a lower precision in the classification. However, accuracies 

were similar, as reported by the models presented in Breunig et al. (2020). When visually analyzing the maps 

presented in Figure 6, referring to the classifications in the different seasons of the year, we observed that they 

are visually similar on a large scale. When observing the details of each class, it appears that the SVM classifier 
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confused the Young Pine with Adult Pine classes (arrow indicated in Figure 6), and both classifiers in the 

spring and summer seasons confused Young Pine with Native Forest. Still, through the visual interpretation it 

can be identified through the RGB image that these are the Young Pine and Adult Pine classes, which can be 

proven by the confusion matrix, Table 4.   

Considering the results associated with commercial forestry areas, we observed that both classifiers 

were able to map with high accuracy the large forest masses existing in the study area.  

 

Table 4 - Confusion matrix of the summer image SVM classification without textural metrics, with three sample classes. 

Class Native Forest Adult Pine Young Pine Kappa 

Native Forest 152 15 14  

Adult Pine 14 201 51  

Young Pine 0 0 4  

Kappa    0.6333 

Elaboration: The authors (2022). 

 

Figure 6 – Results of classification with the Random Forest (RF) and Support Vector Machine (SVM) model for the 

Autumn, Winter, Spring, and Summer seasons, using PlanetScope multispectral images.  

 
Source: The authors (2022). 
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Studies such as that by Fagan et al. (2018), Souza et al. (2016), Xie et al. (2019) and Banskota, Wynne 

and Kayastha (2011) used other variables, such as texture, geometric variables, lidar data, time series, and 

spectral variables from hyperspectral images, using narrower bands to map different species through 

supervised classifiers. The adjustment of different mapping methods varies with the environmental situation, 

with the input data attributes and with the specific application requirements of map use (SCHULZ et al., 2021). 

The use of high-resolution PlanetScope images and the RF algorithm provided high accuracy for mapping land 

use and land cover in the region of São José do Norte, RS. The use of images from summer and spring are 

advised to obtain the best results using images from a single date. The use of multiple dates as predictors for 

the classification process could be explored in future studies. 

The SVM and RF classifier models operate from Machine Learning and are generally the most popular 

and with relatively high performance, being similar in this regard (SHEYKHMOUSA et al., 2020). In the study 

by Adam et al. (2014), in which they used high spatial resolution images, both RF and SVM were unable to 

fully deal with the high spectral variation, due to landscape heterogeneity. In this context, the PlanetScope 

images, with a spatial resolution of 3.7 m and considering the smaller spectral variance in the study area, these 

algorithms allowed to achieve high accuracy and Kappa index. 

Pine plantations are very important for the region's economy, as seen by its representativeness in land 

use and cover, covering around 20% of the area (Table 5).  Considering the spatial distribution, the main areas 

of native forest are found around wetlands 1 and 2, around the lagoon and in consortium with the areas and 

native grassland. The region identified as exposed soil is largely associated with areas prepared for short cycle 

plantings (e.g., Onion) or to regions that went through the forest harvesting process. Thus, PlanetScope images, 

associated with the use of machine learning algorithms, allowed the quantification and qualification of land 

use and land cover in the region of São José do Norte, RS. The developed methodology can be used in 

conjunction with multi-temporal PlanetScope images for forest management practices on tracking the 

development of new plantations, their growth over time changing from young to adult stages, and until the 

trees are felled. 

 

Table 5 - Relationship of area and coverage percentage of the different land use and land cover classes for 10/28/2021. 

Land use and land cover class Area (Km²) Area (ha) Area (%) 

Agriculture 2.27 226.97 0.55 

Water 41.51 4,150.98 10.14 

Sand 37.94 3,794.19 9.27 

Wetland 62.62 6,262.31 15.30 

Green Wetland 29.22 2,922.31 7.14 

Grassland 85.29 8,528.73 20.83 

Native Forest 23.06 2,306.54 5.63 

Exposed Soil 43.31 4,331.09 10.58 

Adult Pine 42.02 4,201.06 10.26 

Young Pine 42.13 4,212.80 10.29 

Total 409.38 40,936.98 100.00 

Elaboration: The authors (2022). 

 

4 CONCLUSION 
 

The results of the classification using the RF and SVM models demonstrate that Planet Scope's high-

resolution multispectral images allow obtaining high accuracy rates, even when mapping a heterogeneous and 

complex landscape. High accuracy values were achieved in both classifiers and in all seasons. The Random 

Forest algorithm obtained results statistically greater for the Spring and Summer seasons than Support Vector 

Machine, while the Autumn and Winter seasons did not have a statistically significant difference. The spring 

and summer seasons showed better discrimination between classes. 

The highly accurate classification data obtained in this study contribute with reliable information about 

the extension of the main land classes located in the municipality of São José do Norte and the developed 

methodology can be used for further environmental monitoring, forestry management, and landscape planning. 
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