
Abstract
Landslide identification is important for understanding their conditioning factors, and for constructing susceptibility, risk, and vulnerability 
maps. In remote sensing this can be accomplished manually or through classifiers. This study compares three image classifiers (Maximum 
Likelihood, Random Forest, and Support Vector Machines (SVM)) used in identifying landslides in Itaóca (São Paulo, Brazil). Two datasets 
were used: a RapidEye-5 (5 m) image and a Shuttle Radar Topography Mission (SRTM) digital elevation model (DEM) (12.5 m). Seven 
pixel-based classifications were produced, two for each classifier and a binary class that identified only landslides and non-landslides. One 
classification contained five spectral bands (5B), while the other contained six bands (6B) and included the slope derived from the DEM. The 
results were validated using Kappa index and F1 score. The SVM 6B classification achieved the best results among the validation indices used 
herein. It identified a landslide area of 399,325 m². The results contribute to landslide mapping in tropical environments using pixel-based 
classifiers. However, although the SVM classification was successful, only landslides with larger areas were captured by the algorithms, con-
firming the importance of conducting further analyses using images with finer spatial resolution.
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INTRODUCTION
Shallow landslides are very common in mountainous regions 

with steep slopes and in densely occupied cities. They are 
responsible for moving material from different origins and 
with different volumes and have long-range power, which can 
cause severe social and economic damage in a region. Shallow 
landslides can be defined as the movement of a cohesive mass 
in a sloping area with variable speed and planar rupture sur-
face, which can be controlled by discontinuities or more frag-
ile layers (Hungr et al. 2014). They occur frequently in Brazil 
because its climate and physical features are often reported to 
trigger landslides in some regions (IBGE, 2019). The often-dis-
ordered occupation of some cities tends to increase the occur-
rence of landslides and cause damage to the residents (IBGE, 
2019). Landslides of large magnitude have been triggered in 
several cities and states in Brazil, such as Caraguatatuba, São 

Paulo (1967), Cubatão, São Paulo (1985), Angra dos Reis, 
Rio de Janeiro (2010), Nova Friburgo, Rio de Janeiro (2011), 
and Antonina, Paraná (2011) (Vieira and Gramani 2015).

Certain morphological, pedological, and geological con-
ditions increase the susceptibility of regions to shallow land-
slides (Dias et al. 2017, Hussain et al. 2019, Cerri et al. 2020). 
Morphological constraints affect slope conditions that influ-
ence its stability (Sidle et al. 1985). One of the most import-
ant constraints is slope angle. Shallow landslides are directly 
affected by gravity, and a higher occurrence and susceptibil-
ity to these processes has been observed in several locations 
with slope angles of more than 25° (Pachauri and Pant 1992, 
Fernandes et al. 2001, Zhou et al. 2002, Nery and Vieira 2015, 
Dias et al. 2017). 

Identifying susceptibility, vulnerability, and risk of landslide 
processes is based on different datasets, including inventories 
(van Westen et al. 2008). Susceptibility mapping for shallow 
landslides is a very common approach for mass movements 
studies (Dou et al. 2020, Merghadi et al. 2020, Wang et al. 
2020, Dias et al. 2021). Landslide detection and mapping are 
the first steps to assess the susceptibility, vulnerability, and 
risk of this type of natural hazard. For example, susceptibility 
assessment methods are developed based on the premise that 
future landslides will occur under the same conditions that 
triggered landslides in the past (Aleotti and Chowdhury 1999, 
Guzzetti et al. 2012). Therefore, the use of inventories forms 
the basis for any predictive analysis of landslides. The landslide 
inventory is a crucial factor since mapping accuracy directly 
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depends on its results, and inventories with errors can modify 
the susceptibility analyses to create distortions in the mapping 
(Steger et al. 2016). 

According to Guzzetti et al. (2012), landslide inventories 
can be constructed with different objectives, from a geomor-
phological or a historical (e.g., event; seasonal; multi-tempo-
ral) perspective. Mapping shallow landslides in the landscape is 
crucial for the prevention and improved understanding of these 
processes’ dynamics. Scars on the landscape can be identified 
manually, semi-automatically, or automatically (Hölbling et al. 
2017). Conventionally, geomorphological field mapping and 
visual interpretations of aerial photographs have also been used 
for landslide identification (Guzzetti et al. 2012). Recently, high 
or very high-resolution satellite images have been frequently 
used for landslide mapping (Hölbling et al. 2017).

Although many studies on inventories have been con-
ducted, the criteria for mapping are yet incipient and vari-
able (Guzzetti et al. 2012). Different methods have been 
used to analyze multispectral images aiming at landslide 
recognition, including the application of indices, such as 
pixel-based classifications (Marcelino et al. 2009), object-
based classifications (Stumpf and Kerle 2011, Dou et al. 
2015, Comert et al. 2019), and convolution networks (Lei 
et al. 2019, Wang et al. 2021). The objective of this study 
was to compare the performances of three image classifi-
ers (Maximum Likelihood, Random Forest, and Support 
Vector Machines) in identifying shallow landslides gener-
ated during a 2014 high precipitation event in the city of 
Itaóca (São Paulo, southeastern Brazil).

STUDY AREA
The city of Itaóca is located in the southern part of São 

Paulo State, in Brazil, and has a total area of 183 km² (Fig. 1). 
The city borders four municipalities: Apiaí (SP), Iporanga 
(SP), Ribeira (SP), and Adrianópolis (PR) and is part of the 
Ribeira do Iguape River Basin. 

The relief in this region is strongly undulating and moun-
tainous, with steep slopes, high drainage density, and deep, 
narrow valleys. Local geology is characterized by Itaóca gran-
ite (80% of the area), metasedimentary rocks of the Serra 
da Boa Vista Hill and Betari Hill formations, and to a lesser 
extent by Quaternary contact metamorphic rocks (hornfels) 
and alluvial sediments (Brollo et al. 2015). The municipal-
ity has a humid subtropical climate (Cfa) with hot summers 
(Köppen 1936). Temperatures are higher than 22°C during 
the summer and the area receives more than 30 mm of rain 
in the driest month.

In 2014, between January 12th and 13th, a large magnitude 
event occurred in the area, with high rainfall rates of 105 mm/h 
(Gramani and Martins 2015). In the city, intense rain resulted 
in a sudden flood, generalized landslides, debris flows, and 
floods with large movements of material (Fig. 2). The event 
resulted in 25 deaths, 3 missing people, and left 203 homeless, 
in addition to the damage caused to local housing and infra-
structure (Brollo et al. 2015).

IMAGE CLASSIFICATION
The image classification process consists of assigning each 

pixel of an image to one among a group of classes ( Jensen 
2007, Meneses and Almeida 2012, Lillesand et al. 2015). 
The classification methods can be grouped according to dif-
ferent criteria, such as supervised or unsupervised classifica-
tion, or classification by pixel and region. Pixel classification 
uses only the spectral information from each pixel to identify 
homogeneous areas based on distance measurements or the 
probability of a pixel belonging to a specific class (Meneses 
and Almeida 2012, Lillesand et al. 2015). In classification by 
region, the decision process uses a group of pixels as a classi-
fication unit. Supervised classification requires prior knowl-
edge of the target classes to classify the image in pre-defined 
classes of interest. Unsupervised classification requires little or 
no participation of the user in the classification process, and 
is generally used when information is lacking on the number 
and nature of the target classes present at a site, or when an 
exploratory classification of the image is necessary to readily 
identify target classes in the image (Meneses and Almeida 
2012). In this study, three supervised and pixel classifiers 
were used to identify shallow landslides in the image, namely: 
Maximum Likelihood, Random Forest, and Support Vector 
Machines (SVM). 

Maximum likelihood
Maximum likelihood is a classification tool that uses the 

weighted distances between the mean values of the pixel values 
of the classes, which are defined using statistical parameters 
(Meneses and Almeida 2012). This method determines the 
probability of a pixel belonging to a certain class pre-defined 
by the user (Ahmad and Quegan 2012, Meneses and Almeida 
2012). This classifier is widely used to identify features in 
satellite images due to its accessibility (Lu and Weng 2007) 
and previously obtained favorable results in the classification 
of landslides (Marcelino et al. 2009, Pawluszek et al. 2018). 

Random forest
Random Forest classifier is a combination of decision trees 

where each tree provides a classification label, with most of 
the chosen classes being considered a decision. It consists of a 
collection of tree-structured classifiers that build rules through 
binary partitioning in regions that are homogeneous in rela-
tion to the variable class (Cutler et al. 2007). After generating 
a large number of trees, the most popular class is voted for. 
This method is widely applied to identify landslides (Stumpf 
and Kerle 2011, Wang et al. 2021). 

Support vector machines
SVM is a classifier that features learning algorithms and 

analyzes the data used for classification and regression (Boser 
et al. 1992). SVM uses sample data for training to create a 
reliable model that accurately classifies the samples in each 
class. In the case of a two-class pattern recognition problem 
in which the classes are linearly separated, SVM selects the 
result from an infinite number of linear decision limits which 
minimizes the generalization error (Pal and Mather 2005). 

2

Braz. J. Geol. (2021), 51(4): e20200105



SVM is currently considered to be a stable and accurate clas-
sifier, with superior performance compared to traditional pat-
tern recognition techniques (Chunhui et al. 2018), and has 
been widely applied to identify landslides (Pawluszek et al. 
2018, Wang et al. 2021).

METHODS
Identification and evaluation of landslides were performed 

in five steps: 
•	 Database acquisition; 

•	 Definition of criteria for landslide identification; 
•	 Definition of classes mapped by the classifiers; 
•	 Application of the three classifiers (Maximum Likelihood, 

Random Forest, and SVM); 
•	 Validation; 
•	 Analysis and comparison of the results.

Database
A RapidEye Analytic Ortho Tile multispectral image col-

lected by the RapidEye-5 satellite on August 22nd, 2014 was 
used. The image has a spatial resolution of 5 m, radiometric 

Figure 1. Location of the city of Itaóca in relation to Brazil and the state of São Paulo.
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resolution of 16 bits, and contains five spectral bands (blue, 
red, green, red edge, and near infrared) (Planet 2020). 
Before the image was made available to the user, it was 
pre-processed to obtain a radiometrically and geometri-
cally corrected image (Planet 2020). Morphological infor-
mation (slope angle) was derived from a digital elevation 
model (DEM) from the SRTM mission (Farr et al. 2007), 
processed to remove outlier data, re-sampled to a 12.5 m 
spatial resolution, and distributed by the Alaska Satellite 
Facility (ASF DAAC 2020).

Criteria for the identification of 
landslide scars

The identification of scars from shallow landslides was 
based on two visual criteria: the absence of vegetation and 
the shape of the slope features. These two criteria were used 
due to the characteristics of shallow landslide processes, as 
shallow landslides are the gravitational movement of a mass 
of rock, debris, or earth down a slope (Hungr et al. 2014) 
that has an elliptical or conical signature. These visual cri-
teria were also used by Lopes et al. (2007) and Carou et al. 
(2017). Training samples were collected manually and ran-
domly. An example of landslide scar used as sample is pre-
sented on Fig. 3.

Definitions of the classes to be mapped
Five classes were selected for mapping by the classi-

fiers: landslides, hydrography, vegetation, pastures, and 
clouds (Tab. 1). These classes were selected based on 
visual observations of the land cover pattern in the study 
area. A binary classification was also performed to eval-
uate the impact of using only two classes (landslides and 
non-landslides).

Source: Marcelo F. Gramani.
Figure 2. 2014 mass movement event. Shallow landslides triggered in Itaóca, São Paulo.

Figure 3. Shallow landslides (orange/red) used as training samples. 
Satellite image: RapidEye (5m) – 08/22/2014.
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Classifiers
Three pixel-based supervised multispectral image clas-

sifiers were applied in QGIS 3.14 (QGIS 2020): Maximum 
Likelihood, using the SCP plugin (Luca 2016), and Random 
Forest and SVM using the Dzetsaka plugin (Karasiak 2016). 
Six classifications were made, two for each classifier: one that 
contained five bands (5B) and another that contained six bands 
(6B), including slope information.

Furthermore, a binary classification was performed using 
maximum likelihood (6B) where only two classes were identi-
fied, landslides and non-landslides. Maximum likelihood was 
selected to the binary analysis as it presented good results in 
the multiclass classifications.

Validation
Validation was carried out using 502 random points. First, 

the classifications were validated using the Kappa index (K), 
a method used to evaluate classification results, with values 
ranging from 0 (null agreement) to 1 (perfect agreement) 
(Meneses and Almeida 2012, Lillesand et al. 2015). 

In addition to the K value, user accuracy was determined, 
which considers inclusion or commission errors (Hord and 
Brooner 1976, Rosenfield et al. 1982, Rosenfield and Fitzpatrick-
Lins 1986, Congalton 1991). User accuracy (also called sen-
sitivity) indicates the probability that a classified class (map/
image) actually represents the same category. Producer accuracy 
(or accuracy) was also evaluated, which considers exclusion 
or omission errors. Accuracy indicates the probability that a 
given class has been correctly classified according to the train-
ing data (Rosenfield et al. 1982, Story and Congalton 1986). 
The relationship between producer accuracy (accuracy) and 
user accuracy (sensitivity) was calculated using the F1 score, 
according to Equations 1, 2, and 3:

Accuracy = TP / (TP + FP)� (1)

Sensivity = TP / (TP + FN)� (2)

F1Score = Accuracy*Sensivity
(Accuracy + Sensivity)2* � (3)

where:
TP: the pixels that were correctly identified by the classifier 
(true positive);
FP: the pixels that were classified incorrectly (false positive); 

FN: the pixels that belong to the class and were not classified 
correctly (false negative).

RESULTS AND DISCUSSION
Shallow landslides were identified in two datasets using 

the three aforementioned supervised pixel-based classifiers, 
one being the multispectral image (RapidEye) and the other 
including slope as a sixth band (RapidEye + SRTM slope). 
Morphological characteristics are important and should be 
considered for landslides recognition. In this paper, 6B clas-
sifications considered slope information, which is one of the 
most important predisposing factors to landslides (Sidle et al. 
1985). Slope provides information about the angle of the slope, 
some angles can be more prone to landslides than others and 
directly influence their occurrence. Additionally, a binary clas-
sification was performed to analyze the differences in the iden-
tification of only two classes, landslides, and non-landslides. 
Fig. 4 presents a visual comparison of the classifiers with the 
RapidEye (5B), RapidEye + SRTM slope (6B), and binary 
classification datasets only for those areas of the image where 
the landslides are visible.

The classifications defined different areas for each class 
(Tab. 2). The Maximum Likelihood, SVM, and Random 
Forest classifiers applied to the 5B image identified areas for 
the landslide class of 679,100 m², 327,475 m², and 423,975 m², 
respectively. For the 6B image, these classifiers identified areas 
of 1,151,150 m², 443,375 m², and 399,325 m², respectively. 
For the binary classification (6B), an area of 549,075 m² was 
identified for landslides. The large differences in the values 
reflected the randomness of the classifiers used for the iden-
tification process.

The Kappa index (K) was then determined to validate the 
results (Tab. 3). The best classifications were found to be those 
of the Random Forest 5B (75.6%) and SVM 5B (75.5%), fol-
lowed by the Maximum Likelihood 5B (74.2%). The binary 
classification had the lowest K value (3.75%). The first three clas-
sifications produced good results in the study area. The overall 
accuracies were 90.2% for the Random Forest 5B and SVM 5B 
classifications, 88.2% for the Maximum Likelihood 5B classi-
fication, and 60.8% for the binary classification. When observ-
ing the user accuracy for the landslide class (Tab. 3), the high-
est value (83.3%) was obtained by the SVM classification of 
the 6-band image and the lowest value (37.5%) was obtained 
for Maximum Likelihood from the 6-band image. The other 
classifications varied between 60 and 66.7% for both images. 
Moreover, the landslide class had a producer accuracy of 30.8% 
for both the Random Forest (5B and 6B) and SVM 5B classi-
fications. The highest accuracy was 46.2% for the Maximum 
Likelihood 5B and 6B classifications.

The classifications of the 5B image obtained K values higher 
than those of the 6B image. Although the same was true for 
overall accuracy, there was a significant increase in user accuracy 
(83.3%) in the SVM 6B, compared to the SVM 5B (66.7%). 
According to the F1 score, the classification with the highest 
overall accuracy was the SVM 6B at 52.6%, followed by the 
Maximum Likelihood 5B at 52.2%. The binary classification 

Table 1. Classes used for classification and their respective 
characteristics.

Class Characteristics

Landslides Features with no vegetation and 
an elliptical or conical shape.

Hydrography Any feature with a continuous 
drainage pattern.

Vegetation Areas of dense vegetation of 
medium to large size.

Pastures Open fields, often used for 
livestock.

Clouds Low altitude clouds.
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exhibited low K values (3.8%) and overall accuracy (60.8%). 
These results could be attributed to the classification of a large 
number of non-landslides areas, such as clouds and rivers, as 
landslides. In the binary classification, classes with similar 
spectral response could not be distinguished, which may have 
led to further errors.

A detailed analysis of three sectors with different char-
acteristics was also conducted. The aim of this analysis was 

to demonstrate the difficulty in identifying classes using the 
selected classifiers. According to the sectors defined in Fig. 4H, 
Sector 1 is the area with the highest concentration of land-
slides (Fig. 5). Although the Maximum Likelihood 6B clas-
sifier defined the landslide class in considerably wider areas 
than the other classifiers, several areas corresponding to other 
classes were classified as false positives (FP). The SVM 6B 
classifier identified areas corresponding to landslides more 

Figure 4. Classifications generated by the three classifiers. (A) Maximum Likelihood classification of the 5-band image (5B - RapidEye); (B) 
Maximum Likelihood classification of the 6-band image (6B - RapidEye + SRTM slope); (C) Random Forest classification of the 5-band 
image; (D) Random Forest classification of the 6-band image; (E) SVM classification of the 5-band image; (F) SVM classification of the 
5-band image; (G) Maximum Likelihood classifier (Binary classification)- 6B; (H) RapidEye satellite image. 

Table 2. Areas (m²) identified for each class in each multi-class classification.

Classes Maximum 
Likelihood (5B)

Random 
Forest (5B) SVM (5B) Maximum 

Likelihood (6B)
Random 

Forest (6B) SVM (6B)

Landslides 679,100 423,975 327,475 1,151,150 443,375 399,325

Hidrography 1,057,450 376,375 405,000 1,122,375 1,038,500 505,250

Vegetation 29,835,850 33,463,500 33,337,775 2,544,150 2,578,100 391,875

Pastures 10,069,600 8,879,600 9,043,075 9,759,975 8,651,725 9,721,750

Clouds 1,816,100 314,650 344,775 28,880,450 30,746,400 32,439,900

TOTAL 43,458,100 43,458,100 43,458,100 43,458,100 43,458,100 43,458,100

6

Braz. J. Geol. (2021), 51(4): e20200105



accurately and did not include areas of other classes to the 
highest possible extent (Fig. 5). Sector 2 was selected because 
the classifiers identified pastures as landslides in this region 
(Fig. 6). There were no landslide scars in this area; therefore, 
all of the classifiers identified FP. The most consistent result for 
this sector was the SVM 5B, as this was the classification that 
least defined FP. Furthermore, Sector 3 was selected because 
it included exposed soil and rocky surfaces classified as clouds, 
primarily using the Maximum Likelihood 5B and 6B methods, 
and the Random Forest 6B (Fig. 7).

Maximum Likelihood 5B and SVM 6B were found to be 
the best classifications for detecting shallow landslides in the 
study area, in agreement with previous studies in other areas 
(Marapareddy et al. 2017, Uehara et al. 2020). Although DEM 
derivatives are commonly applied to landslides recognition 
worldwide (Kurtz et al. 2014, Mezaal et al. 2017), in this case 
only SVM presented an improvement in performance with 
the addition of slope information.

Table 3. Accuracies of the three classifications in the landslide class images.

Landslide class

Classification User accuracy 
(Sensitivity)

Producer accuracy 
(Accuracy)

Overall 
accuracy Kappa F1 score TP FN FP

Maximum Likelihood 5B 60.0% 46.2% 88.2% 74.2% 52.2% 6 4 7

Random Forest 5B 66.7% 30.8% 90.2% 75.7% 42.1% 4 2 9

Support Vector Machines 5B 66.7% 30.8% 90.2% 75.6% 42.1% 4 2 9

Maximum Likelihood 6B 37.5% 46.2% 84.5% 67.0% 41.4% 6 10 7

Random Forest 6B 66.7% 30.8% 80.9% 58.1% 42.1% 4 2 9

Support Vector Machines 6B 83.3% 38.5% 87.5% 70.3% 52.6% 5 1 8

Maximum Likelihood binary 6B 66.7% 46.1% 60.8% 3.7% 54.5% 6 12 7

Figure 5. Classifications of shallow landslides (red) generated by the three classifiers applied to Sector 1, where SVM 6B (subfigure F) 
achieved the best results. (A) Maximum Likelihood classifier of the 5B image; (B) Random Forest classifier of the 5B image; (C) SVM 
classifier of the 5B image; (D) Maximum Likelihood classifier of the 6B image; (E) Random Forest classifier of the 6B image; (F) SVM 
classifier of the 6B image; (G) Maximum Likelihood classifier (Binary classification) 6B.

SVM was the best classifier for application to the image 
comprising multispectral bands and the slope (6B), as it 
was the classifier with the best results determined by the 
various validation indices. The SVM 6B classifier identified 
an area of 399,325 m² that contained landslides. This clas-
sifier can be considered as the most suitable for identifying 
shallow landslides when spectral information is used with 
a DEM (Pawluszek et al. 2018). The SVM classifier for the 
6B image had a higher number of TPs compared to FN. 
This method had the highest validation index improvements 
with the inclusion of the slope band and achieved the best 
results in this initial analysis. The Maximum Likelihood 
5B classifier obtained validation indices similar to those of 
SVM 6B and identified sectors with an area of 679,100 m² 
that contained landslides. From the perspective of natu-
ral disaster prevention, this is an important finding that 
requires further consideration for city planning and pre-
vention of natural hazards.
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Figure 7. Classifications of shallow landslides (red) generated by the three classifiers applied to Sector 3, where Maximum Likelihood 5B and 6B and 
Random Forest 6B had more difficulties defining the correct classes in an environment where several classes coexisted. (A) Maximum Likelihood 
classifier of the 5B image; (B) Random Forest classifier of the 5B image; (C) SVM classifier of the 5B image; (D) Maximum Likelihood classifier of the 6B 
image; (E) Random Forest classifier of the 6B image; (F) SVM classifier of the 6B image; (G) Maximum Likelihood classifier (Binary classification) 6B.

Figure 6. Classifications of shallow landslides (red) generated by the three classifiers applied to Sector 2, where SVM 5B (subfigure C) 
produced the lowest number of FPs. (A) Maximum Likelihood classifier of the 5B image; (B) Random Forest classifier of the 5B image; (C) 
SVM classifier of the 5B image; (D) Maximum Likelihood classifier of the 6B image; (E) Random Forest classifier of the 6B image; (F) SVM 
classifier of the 6B image; (G) Maximum Likelihood classifier (Binary classification) 6B.

8

Braz. J. Geol. (2021), 51(4): e20200105



CONCLUSIONS
This study verified that the method of applying pixel-based 

supervised classifiers to multispectral images with high spatial res-
olutions was successful and effective in identifying shallow land-
slides. A comparison of the three classifiers enabled us to observe 
the behavior of each classifier in identifying landslides across the 
selected landscape in Itaóca, São Paulo, southeastern Brazil. Thus, we 
conclude that the three classifiers (Random Forest, SVM, and 
Maximum Likelihood) achieved good results. Maximum Likelihood 
5B and SVM 6B were found to produce the best classifications for 
shallow landslide detection in the study area. Adding DEM (slope) 
information only improved the results in SVM classifier. However, 
this study has some limitations. Although landslides were identi-
fied in the studied landscape, only the scars with sufficiently large 
areas were captured by the algorithm. This confirmed the need for 
additional analyses on multispectral images with finer spatial reso-
lutions, which may be conducted in future studies.
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