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A B S T R A C T   

Land use and land cover (LULC) analysis provides valuable information to understand environ
mental changes and their effects on landslide occurrence. However, LULC time series can be 
affected by errors in classifications that lead to invalid transitions and, therefore, to mis
interpretations. One solution is to include temporal approaches that reduce the effects of invalid 
transitions. Here, we aimed to evaluate how such methods can improve the LULC analysis for a 
landslide-affected area. For that, we integrated the Random Forest (RF) class likelihoods with the 
temporal approach provided by the Compound Maximum a Posteriori (CMAP) algorithm, named 
here as RF-CMAP. Results from RF-CMAP were compared to those obtained from the traditional 
RF in a post-classification comparison approach. Although both methods presented high perfor
mance, with overall accuracy (OA) values greater than 0.87, RF-CMAP reached higher OA than 
RF for all the analysed years and corrected 99.92 km2 (12% of the total area) of invalid transitions 
presented by the traditional RF. Furthermore, RF-CMAP was capable of correctly classifying more 
areas than RF in landslides (e.g., 66% and 21% for RF-CMAP and RF in 2000, respectively). 
Finally, this study contributes to exploring the integration between RF and CMAP algorithms to 
avoid invalid transitions and to assess how the existence of LULC invalid transitions can impact 
subsequent analyses.  
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1. Introduction 

Land use and land cover (LULC), climate changes, and disasters related to natural hazards interact in complex ways (Jia et al., 
2022). It is estimated that almost a third of the global land area was significantly affected by LULC changes (LUCC) (Winkler et al., 
2021). LUCC present cumulative effects (Leemans and Zuidema, 1995), which can impact not only the global climate (Lambin et al., 
2001) but also surface runoff (Garg et al., 2019) and ecosystem services (Sharma et al., 2019). As such, LUCC act as a causal and 
consequential factor of climate changes (Dale, 1997) and landslide disasters (Quevedo et al., 2023b). 

Changes in LULC may modify the relationship between triggering factors and landslide occurrence, affecting the evolution of slopes 
(in)stability (Wasowski, 1998). In addition, LUCC can have effects on slope equilibrium conditions (Tarantino et al., 2007). The 
changes alone cannot predict landslides but can increase the probability of re-activation or first landslide activation (Tarantino et al., 
2007). In the Flemish Ardennes, Belgium, an analysis carried out by Van den Eeckhaut et al. (2010) using LUCC and other conditioning 
factors, pointed out that human activities can increase slope instability and, even, initiate landslides. Other recent studies have been 
pointing that some kinds of LUCC can improve landslide susceptibility, such as the conversion of forests to grass and arable lands (Chen 
et al., 2019), the abandonment of cultivated lands (Persichillo et al., 2017), and human engineering activities (Liu et al., 2021; Vuillez 
et al., 2018; Zeng et al., 2023). 

For example, in the Rolante River Basin (RRB), Brazil, a torrential rainfall occurred on 5 January 2017 triggering more than 300 
landslides (Quevedo et al., 2019, 2024) with a consequent river dam and flash flood (SEMA, 2017). These landslides occurred shortly 
after some LUCC occur, such as forestry harvesting, which could act as a possible catalyst for landslides. Mapping these changes is the 
first step to understanding their relationship with landslide events (Uehara et al., 2020). However, in many landslide studies, the LULC 
maps used for susceptibility analysis are often sourced from pre-existing data, such as available maps from various institutions, which 
may not necessarily adhere to the same scale or methodology (Persichillo et al., 2017). Thus, it is necessary to obtain a consistent LULC 
mapping to avoid subsequent errors related to non-existent LULC or LUCC classes (Quevedo et al., 2023a). 

The development of remote sensing techniques provided tools to analyse large areas and apply multi-temporal approaches through 
classification methods. This kind of approach can be used for LUCC assessment by evaluating the succession of LULC classes in a pixel 
over three or more different times of interest, which is called land cover trajectory (Mertens and Lambin, 2000). One widely used 
method to detect land cover trajectories consists of classifying different satellite images and comparing the classifications, pixel by 
pixel, known as post-classification comparison (Lu et al., 2004; Zhu, 2017). 

The post-classification comparison presents a complete matrix of change information; however, the land cover trajectories’ quality 
depends on the accuracy of each individual classification (Lu et al., 2004; Tewkesbury et al., 2015). Classifying individual LULC maps 
for posterior comparison may result in some invalid transitions, i.e., land cover changes that are not likely to occur in the analysed area 
in a given period (Liu et al., 2008; Reis, 2022). The presence of invalid transitions can conduct to a misinterpretation, e.g., relating 
landslide occurrence with deforestation when it is actually some erroneous LUCC classification (Quevedo et al., 2023a). Therefore, it is 
required post-processing steps for identification and correction (Traoré et al., 2013), which generally includes expert-based-transition 
rules (Hermosilla et al., 2018) and manual correction (Olofsson et al., 2013), being an expensive and lengthy process. 

To overcome this issue, some temporal approaches can be used, such as the Compound Maximum a Posteriori (CMAP) (Reis et al., 
2020) that was created to classify the whole LULC trajectory at once using the multi-temporal information available in time series. The 
advantages of using CMAP for LUCC analysis rely on incorporating land cover dynamics into the classification process, without 
needing a post-classification step. The CMAP algorithm general formulation requires the estimation of the class conditional feature 
distribution (or likelihood), which in Reis et al. (2020) was considered to follow a Gaussian distribution. This classification method 
requires statistical pre-assumptions on the data. 

However, LULC mapping of landslide-affected areas are usually influenced by the terrain characteristics, being necessary to include 
morphometric factors (e.g., slope, aspect, terrain curvatures). For that, the Random Forest (RF) algorithm offers the advantages of 
being a non-parametric approach, capable of dealing with nonlinear data, computationally fast and has been showing improved ac
curacy in LULC classifications (Piao et al., 2021). In addition, Random Forest allow to obtain uncertainty metrics (i.e., probabilities) of 
a pixel to be assign to a specific class, which is useful to be combined with CMAP, with the advantage of being non-parametric. Aiming 
to integrate the temporal approach of CMAP with the non-parametric advantages of the RF, here, we substituted the class likelihood at 
each point of time with features derived from the RF algorithm, being herein referred to as RF-CMAP. This kind of classification can be 
more trustful for subsequent analyses, for instance, landslide susceptibility assessment. 

In this sense, this study aims to evaluate how the integrated use of RF-CMAP can improve the LULC trajectory classification in 
landslide occurrence areas. To achieve this objective, we focused on the analysis of invalid transitions/trajectories obtained by the 
post-classification comparison of relatively high-accuracy LULC products from the RF in a real landslide scenario versus RF-CMAP 
results. Therefore, the contributions of this study are: i) to propose and evaluate the RF adaptation (RF-CMAP) necessary to include 
relevant features for the classification of landslide-affected areas (e.g., morphometric factors) and temporal approach; ii) to evaluate 
how RF classification can be improved with CMAP approach to deal with invalid LUCC in time-series analysis; iii) to estimate the 
occurrence of invalid transition in the landslide-affected areas considering high-accuracy (>90%) LULC products; iv) to analyse invalid 
transitions in the LULC maps generated for the RRB and their possible impacts in landslide analysis; v) to estimate the occurrence of 
invalid transition in the landslide-affected areas. The improved accuracy of the RF-CMAP can help into evaluation of long-term time- 
series, improving classification accuracy over time and helping into landslide mapping and susceptibility evaluation. 
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2. Study area 

The RRB is a sub-basin of the Sinos River catchment, located in the Rio Grande do Sul state, Brazil (Fig. 1). The area covers 828 km2 

and comprehends the municipalities of Riozinho, Rolante, and São Francisco de Paula. The study area is composed of volcanic rocks from 
the Serra Geral Formation and sandstones from the Botucatu Formation (Uehara et al., 2022). Between the northern and southern 
portions, there is the Meridional Plateau Escarpment, composed of V-shaped valleys, with altitudes varying between 16 m and 988 m 
and slopes reaching more than 50◦. 

The climate is classified as a humid subtropical ocean climate without a dry season, with temperate summer (Cfb) in the northern 
RRB, the highest areas, and with hot summer (Cfa) in the southern RRB, the lowest areas, according to the Köppen’s climate classi
fication (Alvares et al., 2013). Considering a more detailed climate classification (Rossato, 2020), the RRB would be classified as 
subtropical very humid, with cold winter and temperate summer, with well-distributed rainfall throughout the year, and annual 
averages between 1700 mm and 2000 mm. 

The predominant biome is the Atlantic Forest, which includes Semideciduous Seasonal Forests and Mixed Ombrophilous Forests 
(forests with Araucaria angustifolia (Bertol.) Kuntze) (IBGE - Instituto Brasileiro de Geografia e Estatística, 2019). Moreover, there is a 
Federal Protected Area in the RRB, which covers mainly Mixed Ombrophilous Forest, but also wetlands, native grassland, and forest 
plantation (ICMBio - Instituto Chico Mendes de Conservação da Biodiversidade, 2020). This forest plantation corresponds to 
ecologically managed tree monocultures, composed mainly of Pinus sp. and Eucalyptus sp. (Fonseca et al., 2009). 

The RRB has rural characteristics with activities related to pasture, forestry, agriculture, and native grasslands in the northern 
portion (Luerce, 2015). The pasture and agriculture are concentrated in the northern portion of the RRB, in the geomorphological unit 
of Campos Gerais Plateau, and in the southern portion, where the relief is more dissected. In the transition area, the LULC is mainly 
composed of forest and silviculture due to the high slope degrees, which is a limitation for many activities. Silviculture is the LULC class 
that has been showing the greatest growth in the study area (Henderson et al., 2016; Lang, 2013). 

Lastly, due to its environmental characteristics, the RRB has areas with high landslide susceptibility. In fact, in January 2017, an 
extreme rainfall event resulted in more than 300 landslides (Quevedo et al., 2019, 2020, 2024). It was estimated that the precipitation 
reached values between 90 mm and 272 mm in 4 h (SEMA, 2017). The sediments displaced from the slopes generated a dam on the 
river with subsequent flash floods, which reached Rolante City (SEMA, 2017). These landslides were recorded in the steepest areas 
(RIFFEL et al., 2021), with a greater presence of forested areas and silviculture. Furthermore, many of the affected areas recorded 
forestry harvesting on hilltops shortly before the extreme precipitation event and subsequent landslides. 

The RRB is a representative region Atlantic Forest in Rio Grande do Sul and can act as a one important local for evaluation of the 
proposed model. Recently, May 2024, the Rio Grande do Sul state suffered the biggest disaster in its history, with floods and landslides. 
The RRB is located in the affected area, mainly by landslides, where more than 6000 landslides were mapped until 24 June 2024 
(Andrades-Filho et al., 2024; Possantti et al., 2024). 

Fig. 1. Study area and its different Land Use and Land Cover characteristics: A) Northern portion: Campos Gerais Plateau, a flat area with natural grassland, pasture, 
and agriculture; B) Central portion: Meridional Plateau Escarpment, a mountainous relief with remnant Atlantic Forest natural forest and silviculture; C) Southern 
portion: near the Rolante river mouth, an area with a dissected relief, concentrating urban areas, agriculture, and pasture. 
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3. Methods 

The methodology carried out in this study comprises four main steps (Fig. 2): (i) data acquisition; (ii) used algorithms for LULC 
classification; (iii) model evaluation metrics; iv) analysis of invalid transitions in landslides. 

3.1. Data acquisition 

3.1.1. Land use and land cover classes 
The RRB comprehends seven LULC classes: i) silviculture; ii) forest; iii) water; iv) bare soil; v) construction; vi) agriculture; and vii) 

grassland. Silviculture represents forest plantation, composed of Pinus sp. and Eucalyptus sp. Forest comprises natural forest formation, 
both primary and secondary. Water comprehends rivers, streams, and little agriculture reservoirs. Bare soil represents areas of exposed 
soil, whether from deforestation, forestry harvesting, or crop rotation. Construction mainly covers the cities of Riozinho, Rolante, and 
São Francisco de Paula, in addition to sheds and silos. Agriculture is related to crops, with an emphasis on wheat, soybeans, and 
vegetables. Grassland comprises natural meadows and small pastures. Finally, we included a shadow class representing areas with 
relief shadows due to the mountainous characteristics. 

3.1.2. Image and variable selection 
Since the landslides occurred on 5 January 2017 (Quevedo et al., 2019, 2020), we considered three previous years for LULC 

trajectory analysis: i) 2000; ii) 2008; iii) 2016. The year 2016 was selected for being the year before the landslide occurrence, and 2000 
and 2008 were selected to identify one or two previous silviculture cycles in the RRB. Capturing forestry cycles in the RRB is important 
because silviculture is one of the frequent LULC classes on hilltops (Fig. 3). According to the chosen period, we selected Landsat-family 
imagery Collection 2 Level 2, atmospherically corrected surface reflectance (Wulder et al., 2019), made available by the United States 
Geological Survey and downloaded from the Microsoft Planetary Computer platform (Microsoft Open Source et al., 2022). 

For the year 2000, we used Landsat 7 satellite Enhanced Thematic Mapper Plus (ETM+) sensor, and made a composition based on 
the median of four images: i) 22 December 1999, ii) 24 February 2000, and iii) two scenes of 20 March 2000. This composition aimed 
to minimise the presence of clouds and relief shadow effects caused by the mountainous relief pattern. The year 2008 was analysed 
using an image from the Landsat 5 satellite, Thematic Mapper (TM) sensor, sensed on 6 February 2008. For 2016, we selected two 
images from the Landsat 8 satellite, Operational Land Imager (OLI) sensor. We selected the image from 20 January 2016 that covers 
approximately 90% of the RRB. For the area not covered by this image, we used an image from 15 March 2016. The image selection 
prioritized summer images, because, due to the rugged terrain, the lighting in winter changes drastically, increasing the number of 
shaded areas. 

A total of 18 variables were used in the classification, including Landsat surface reflectance (LSR) bands, spectral indices, and 
morphometric factors (Uehara et al., 2022). The LSR bands included: blue, green, red, near-infrared (NIR), short-wave infrared 1 
(SWIR1), and short-wave infrared 2 (SWIR2). In addition, we selected nine spectral indices (Phan et al., 2020): Normalized Difference 
Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), Soil Adjusted Vegetation Index (SAVI), Modified Soil-Adjusted Vegetation 
Index-2 (MSAVI2), Normalized Difference Built-Up Index (NDBI), Normalized Difference Water Index (NDWI), Modified Normalized 
Difference Water Index (mNDWI), Normalized Difference Moisture Index (NDMI), and Simple Ratio (SR). Although the indices might 
co-vary (e.g., NDVI and EVI), they are expected to produce slightly different results due to their distinct formulation. For instance, EVI 
is less susceptible to vegetation saturation when increasing leaf area index, although EVI is known to be susceptible to bidirectional 
effects (Petri and Galvão, 2019). On the other hand, while mNDWI often outperforms NDWI in detecting water bodies (Xu, 2006), 
NDWI can still yield reasonable results in certain water types, as well being less sensitive to the low signal-to-noise ratio of TM data. 
Finally, considering the varied relief along the RRB, we also included three morphometric factors derived from the NASADEM (NASA 
JPL, 2020): elevation, slope, and Terrain Ruggedness Index (TRI). The variables are detailed in Table 1. 

3.1.3. Sampling process 
An active learning process (Su et al., 2020) (Fig. 4) was used to select a representative sample set, improving the classification 

performance by iteratively adding or removing new samples in the input set. In other words, our approach involved selecting an initial 

Fig. 2. Methodological flowchart.  
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sample set, running an RF model, and assessing both model performance and classification uncertainty. After that, new samples were 
selected in high entropy areas and added to the input set to improve model performance and decrease classification uncertainty. If the 
entropy of this region increases, we return to the previous sample set. The model was considered reliable when changes in the sample 
set showed no significant improvements in accuracy or visual classification, stopping the active learning process. 

After applying the active learning process for each year, we obtained sample datasets composed of 1809 samples for 2000, 1874 for 
2008, and 2003 for 2016 (Fig. 5). Samples were collected to provide a spatial representativeness of the study area, as well as to select 
only pure pixels (i.e., avoiding spectral mixture effects). In addition, according to Ebrahimy et al. (2021), Random Forest is robust 
against medium sample sizes, such as we collected in this study. Our reference data were based on expert visual interpretation, who 
knows the study area and has experience in field surveys in the region. Each sample set was randomly divided into training (70%) and 
validation (30%) sample sets, maintaining this proportion for each LULC class (Table 2). 

In addition, we created a larger validation dataset to guarantee a more suitable model performance evaluation, uniting the three 
validation samples and extracting LULC classes referring to each of the analysed years. This dataset was, therefore, composed of 1706 
validation samples, which contained the three-year information. Thus, we were able to evaluate two transition periods: i) 2000 to 
2008, and ii) 2008 to 2016. 

Fig. 3. Land cover changes in hilltop areas. A) presence of silviculture on a hilltop in 2013. B) forestry harvesting and the presence of landslides in 2017.  

Table 1 
Spectral and morphometric indices used as variables for LULC classifications.  

Index Name Acronym Equation Meaning Reference 

Normalized Difference 
Vegetation Index 

NDVI (NIR – red)/(NIR + red) It quantifies vegetation’s greenness, using normalization to 
reduce errors. 

Rouse Jr. et al. 
(1973) 

Enhanced Vegetation 
Index 

EVI 2.5*((NIR – red)/(NIR + 6 * red - 7.5 * 
blue + 1)) 

It minimizes the atmospheric influences existent in NDVI Kaufman and 
Tanre (1992) 

Soil-Adjusted 
Vegetation Index 

SAVI (NIR – red)/(NIR + red + 0.5) * (1.5) It reduces the soil influence on canopy spectra. Huete (1988) 

Modified Soil- 
Adjusted 
Vegetation Index- 
2 

MSAVI2 (2 * NIR + 1 – SQRT((2 * NIR + 1)2 - 8 
* (NIR – red)))/2 

It increases vegetation sensitivity by minimizing the soil 
background influences. 

Qi et al. (1994) 

Normalize Difference 
Build-up Index 

NDBI (SWIR1 – NIR)/(SWIR1 + NIR) It was developed to automatically map build-up areas. Zha et al. (2003) 

Normalized Difference 
Water Index 

NDWI (green – NIR)/(green + NIR) It delineates open water, emphasizing the difference 
between water bodies and other objects. 

McFeeters 
(1996) 

Modified Normalized 
Water Index 

MNDWI (green – SWIR1)/(green + SWIR1) It reduces the built-up land noise present in the NDWI 
when extracting bodies of water. 

Xu (2006) 

Normalized Difference 
Moisture Index 

NDMI (NIR – SWIR1)/(NIR + SWIR1) Also called NDWI, it emphasizes the water content in the 
vegetation canopies. 

Gao (1996) 

Simple Ratio SR NIR/red It was developed to measure the leaf-area index, which 
emphasizes vegetative vigour. 

Jordan (1969) 

Elevation – – It is represented by the Digital Elevation Model, in which 
each pixel value corresponds to the altitude 

Miller and 
Laflamme 
(1958) 

Slope – Slope = arctan(Rise/Run) It represents the slope angle or the angle of inclination, 
which considers the elevation (rise) and distance (run) 
differences between two points. 

Miller and 
Laflamme 
(1958) 

Terrain Ruggedness 
Index 

TRI [
1

N2 − 1
∑N2

k=1
(zo − zk)

2

]1/2  It quantitatively estimates the terrain heterogeneity. 
Riley et al. 
(1999) 

NIR: near-infrared; SWIR1: short-wave infrared 1; N is the moving window size (we used N = 3); zo is the elevation of the central cell and z refers to the elevation of each 
neighbour cell (Habib, 2021).  
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Fig. 4. Sampling process using Active Learning technique.  

Fig. 5. LULC sample set for each year.  
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3.2. Algorithms for LULC classification 

3.2.1. Random Forest algorithm 
The RF algorithm is an ensemble of Decision Tree models, which may be used for classification or regression (Breiman, 2001). Some 

advantages of RF consist of being a non-parametric supervised classifier, and potentially more suitable to non-Gaussian variables, 
allowing the use of categorical attributes, and ranking variables according to their importance for the modelling process (Rodri
guez-Galiano et al., 2012). This algorithm uses bagging for randomly selecting training sample subsets to grow each tree, avoiding 
overfitting, and decreasing the correlation among Decision Tree. These features have made the RF algorithm popular in remote sensing 
image classification (Belgiu and Drăgu, 2016). 

The bagging method allows each tree to grow with a different sample set, which is randomly drawn (with replacement). This 
reduces the estimator variance, providing more stability in the RF outputs (Breiman, 1996). The RF outputs are based on the most 
frequently voted class for classification and the average result for the regression method (Breiman, 2001; Lee et al., 2020). Using the 
classification approach, it is possible to obtain the proportion of votes for each class from the generated trees for each pixel (Fig. 6). 

A set of samples is left out of the bagging, being called Out-of-Bag (OOB), which is used for model performance evaluation. OOB 
concentrates approximately one-third of the original training set and can be used for estimating the classification error rate. Unlike 
cross-validation, OOB produces unbiased estimates (Breiman, 2001) and is also used to estimate variable importance through the Mean 
Decrease in Accuracy (MDA). The MDA considers the difference between the OOB error using the original training subset and a sample 
set with randomly permuted variable values (Boonprong et al., 2018; Calle and Urrea, 2011). The greater the changes in accuracy, the 
more important the variable that has been permuted. The variable is considered insignificant if there are no changes in the OOB error 
(Georganos et al., 2018). 

In this study, we ran the RF algorithm using the randomForest package (version 4.7–11) (Liaw and Wiener, 2002) in R (version 
4.0.2) (R Core Team, 2014). For running the RF, the user needs to define the number of trees to be generated and the number of 
randomly selected variables used during the splitting process for each node. The default number of variables is equivalent to the square 
root of the total used variables. However, it is possible to tune RF parameters using the Caret package (version 6.0–94) (Kuhn, 2012) in 
R to check with how many trees the model stabilizes and how many variables per split the OOB is reduced. Therefore, after tests using 
the Caret package, we defined 1500 trees (ntree = 1500) and eight variables out of 18 variables for the splits (mtry = 8). 

Table 2 
Training and validation samples used for each year.   

2000 2008 2016 Total validation sample set 

Training Validation Training Validation Training Validation 

Silviculture 268 115 246 105 315 135 355 
Forest 262 112 269 115 277 119 346 
Water 96 41 102 44 111 48 133 
Bare soil 188 80 178 77 220 95 252 
Construction 113 48 115 50 105 45 143 
Agriculture 69 30 160 69 147 63 162 
Grassland 130 55 178 76 158 67 198 
Shadow 141 61 63 27 69 29 117 

Total 1267 542 1311 563 1402 601 1706  

Fig. 6. RF classification: each tree votes in one class and the most voted class represents the RF output. Adapted from Belgiu and Drăgu (2016).  
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3.2.2. Compound Maximum a Posteriori 

The CMAP algorithm was developed by Reis et al. (2020) as a supervised classifier used to estimate the trajectory s =
{

wk1
1 ,…,wkt

t ,

…,wkT
T

}
in a singular geographic position and T times of interest. Here, s is the trajectory that contains the actual class wkt

t at each time 

t ∈ T and kt is the indicator of the class in the set Wt that holds all Kt possible LULC classes for each time t. An organized temporal 
sequence of T observations for a given geographic position (e.g., correspondent pixels from an image time series) is represented by 

X→ =

{

x→1,…, x→t ,…, x→T}. CMAP estimates the trajectory using Equation (01). 

ŝ = args max
(

P
(

X→
⃒
⃒
⃒s
)
×P(s), s∈Ω

)
(1) 

in which Ω is the set that holds all possible trajectories, derived from the Cartesian product of all sets of classes for each time, and 
P(s) is the a priori probability of the trajectory s. 

Reis et al. (2020) proposed different ways to calculate P(s). Here, we considered the so-called “discriminative” method, which is 
derived from the basic assumption of a Markov chain that the a priori probability of a class occurring at a given time t depends only on 
the class at t − 1, or, for cases in which there is stronger evidence of the classes in more recent times, on the class at t+ 1. For this last 
case, we have that: 

P(s)=P
(

wk1
1 ∩…∩wkt

t ∩…∩wkT
T

)
(2) 

and 

P(s)=P
(
wkT

T
)
×P

(
wkT− 1

T− 1

⃒
⃒wkT

T

)
×… × P

(
wk1

1

⃒
⃒wk2

2

)
(3) 

In this case, P
(

wkt
t

⃒
⃒
⃒wkt+1

t+1

)
is known and can be represented by matrices that tabulate the probability of each transition for times t and 

t+ 1. In these matrices: 

∑Kt

kt=1
P
(

wkt
t

⃒
⃒
⃒wkt+1

t+1

)
=1 (4) 

One interesting characteristic of this approach is that the user can set different a priori probabilities for each transition/trajectory. 
As such, it is possible to avoid very rare or invalid trajectories (i.e., those that could never happen in the field) by assigning them very 
low values of P(s). In our case study, any trajectory that contains at least one transition from Construction to Water, for example, will 

receive a P
(

X→
⃒
⃒
⃒s
)
× P(s) = 0, which is not expected to reach the maximum value among other possible trajectories, and, therefore, not 

classified. 
Based on fieldwork analysis and expert experiences in the study area, we considered that this period is not enough to grow a forest 

in areas with bare soil or silviculture. On the other hand, areas with agriculture or grassland might become secondary forests due to the 
study area’s climatic conditions. Moreover, both the constructed areas, as well as water bodies, are unlikely to be substituted for 
another LULC. Therefore, the LUCC were defined as valid or invalid (Supplementary Material 1) and then, the probability (1) was 
divided by the number of valid transition (Supplementary Material 2). In this sense, our transition matrix (Table 3) accounts for two 
subsequent analysed times, i.e., a transition period of eight years, showing the respective LUCC probabilities. 

3.2.3. Integrating Random Forest within Compound Maximum a Posteriori 

In their original study, Reis et al. (2020) calculated P
(

x→t

⃒
⃒
⃒
⃒w

kt
t

)

considering the Probability Density Function of a Gaussian dis

tribution. As an alternative to using the Gaussian hypothesis, we propose to calculate P
(

x→t

⃒
⃒
⃒
⃒w

kt
t

)

based on the votes of an RF model. In 

this study, no statistical (parametric) model is considered for x→t. 

Table 3 
Backward transition matrix: probabilities for each transition.  

t t+1 

Sc F W BS C A G Sd 

Silviculture (Sc) 0.17 0.00 0.00 0.17 0.00 0.00 0.17 0.13 
Forest (F) 0.17 0.25 0.00 0.17 0.17 0.20 0.17 0.13 
Water (W) 0.00 0.00 0.50 0.00 0.00 0.00 0.00 0.13 

Bare Soil (BS) 0.17 0.00 0.00 0.17 0.17 0.20 0.17 0.13 
Construction (C) 0.00 0.00 0.00 0.00 0.17 0.00 0.00 0.13 
Agriculture (A) 0.17 0.25 0.00 0.17 0.17 0.20 0.17 0.13 
Grassland (G) 0.17 0.25 0.00 0.17 0.17 0.20 0.17 0.13 
Shadow (Sd) 0.17 0.25 0.50 0.17 0.17 0.20 0.17 0.13  
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As explained in Section 3.2.1, RF models are based on assigning the most voted class to an object. Under relaxed assumptions, this 

can be interpreted as the estimation of P
(

wkt
t

⃒
⃒
⃒
⃒ x→t

)

: in any Decision Tree-based model, class probabilities are tied to a set of pixels (the 

set determined by the feature sub-space spanned by the Decision Tree leaf), not to any pixel individually, which, originally, is the 
necessary element to calculate CMAP. In this study, we try to use the CMAP structure assuming x→t not as pixel, but, implicitly, as an 
indicator of the feature sub-space to which x→t belongs to. Following the Bayes theorem, we have that: 

P
(

x→t

⃒
⃒
⃒wkt

t

)

=

P
(

wkt
t

⃒
⃒
⃒ x→t

)

× P
(

x→t

)

P
(
wkt

t
) (5)  

where P
(

x→t

)

is constant and does not interfere with the maximum calculation. For cases in which we can suppose that P
(

wkt
t

)
is also 

equiprobable, we may be able to estimate argw max
(

P
(

x→t

⃒
⃒
⃒
⃒w

kt
t

))

as the argw max
(

P
(

wkt
t

⃒
⃒
⃒
⃒ x→t

))

, which is enough for the maximum 

calculation necessary in CMAP. This approach will be referred to as RF-CMAP in this study. 

3.3. Model evaluation 

The classifications were evaluated using the confusion matrix and derived metrics, i.e., the overall accuracy (OA), the user’s ac
curacy (UA), and the producer’s accuracy (PA) (Congalton, 1991), in addition to F1 Score, calculated as follows: 

OA=
∑q

i=1
pii, (6)  

PAi =
pjj

p+j
, (7)  

UAi =
pii

pi+
(8)  

F1 Scorei =
2 ∗ PAi ∗ UAi

PAi + UAi
(9)  

where q represents the number of LULC classes, pjj is the proportion of pixels correctly classified as class j, p+j represents the total of 
reference pixels of class j, pii is the proportion of pixels correctly classified as class i, and pi+ represents the total of pixels classified as 
class i (Olofsson et al., 2014). 

Some advantages of using a confusion matrix rely on its quantitative nature and that it provides classification accuracy and 
misclassification between classes (Foody, 2002). The OA represents the proportion of correctly classified pixels. The PA denotes the 
classifier sensitivity, being associated with omission error. The UA represents the reliability of each classified class and is associated 
with commission error. Furthermore, we analysed the area of each LULC class, the disagreement in pixel classification, and the 
presence of invalid transitions between RF and RF-CMAP. 

In addition to the evaluation by year, we compared model’s performance considering both areas with and without changes between 
2000 and 2008, and 2008 and 2016. The areas with changes were also analysed according to the RF’ errors in classification. In this 
part, we aimed to evaluated how many of the samples wrongly classified by the RF were corrected by the RF-CMAP. Also, we verified 
how many errors presented invalid transitions and which of them were well corrected by RF-CMAP. 

Furthermore, an additional validation was carried out focused on the areas where the RF and RF-CMAP classifications were 
discordant. In this sense, another sample set was acquired considering the discordant pixels. For that, we first calculated the discordant 
area, i.e., areas differently classified for each model in each year. Then, we randomly selected 1% of the samples for each discordant 
class (e.g., discordant class 1: RF classified the pixel as class w1

t and RF-CMAP as class w2
t ) and included these samples in the second 

validation. Finally, we evaluated each sample by visually interpreting Landsat images and assigning them to the appropriate LULC 
class. 

3.4. Estimation of invalid transition in landslides 

Since the presence of invalid transitions can lead to misunderstandings regarding the relationship between LUCC and landslide 
occurrence (Quevedo et al., 2023a), we focused on identifying invalid transitions within landslide areas. For that, we utilised the 
classification results from RF and the landslide inventory provided by Quevedo et al. (2024). 

Our approach involved counting how many landslides covered at least one pixel with an invalid transition. Then, we calculated the 
percentage of landslide polygons with invalid transitions during two periods: i) between 2000 and 2008, and ii) between 2008 and 
2016. Additionally, we identified the most common types of invalid transitions found within the landslides and how this can impact 
susceptibility analysis. 
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4. Results 

4.1. LULC classification 

In all the six classifications (RF and RF-CMAP, 2000, 2008, and 2016), the predominant classes were forest, covering more than 
430 km2 (52% of the RRB), and grassland with almost 20% of the total area (>150 km2) (Supplementary Material 3). Two classes 
presented different trends between both models: silviculture and water (Supplementary Material 4). Silviculture decreased between 
2000 and 2008 and increased in 2016 in the RF classifications; however, the RF-CMAP showed that silviculture tended to increase over 
the years. This different trend is related to approximately 30 km2 classified as silviculture by RF in 2000 and corrected by RF-CMAP. In 
a similar pattern, water class was overestimated for 2008 using RF (+4.4 km2), which made it looks like there was a rising trend in 
2008 and a decrease in 2016. 

We analysed how much RF-CMAP increased (or decreased) the classified area of a given LULC class each year in comparison with 
RF (Fig. 7). In 2000, RF-CMAP classified silviculture with an area 46% (32 km2) smaller compared to RF; water and construction were 
also expressive in percentual (39% and 38% smaller), but in the total area represented a decrease in approximately 3 km2; bare soil was 
13% (10 km2) smaller using RF-CMAP in 2000. On the other hand, there was an increase in the forest (33 km2) and shadow (5 km2). 
Other differences in classification relied on areas of water and construction in 2008, and construction and shadow in 2016. 

The main differences were observed in i) areas in which RF generated invalid transitions and ii) in the reduction of salt and pepper 
effects when using RF-CMAP (Fig. 8). There was an overestimation of water in 2000 when using RF. In 2008, there were differences in 
water and a salt and pepper effect in the bare soil area near the river, which was improved using RF-CMAP. Finally, RF-CMAP 
maintained a more homogeneous construction area when compared to RF in 2016. 

4.2. Model performance 

In general, the classification results presented greater values for RF-CMAP algorithm than for RF, presenting OA values higher than 
0.87 for all analysed years (Table 4). Similar OA values were expected for models of the same year due to the high accuracy of RF 
models. Although CMAP, by design, tends to improve only the classification of classes constrained by LULC dynamics, this 
improvement reflected in improved OA values for the entire study area in each year. For instance, for almost all the LULC classes, the 
RF-CMAP presented higher PA than RF, i.e., RF-CMAP classified more correctly the study area according to the reference samples 
(Supplementary Material 5). Complementary, F1 Score showed highest values in RF-CMAP classification, highlighting 2016, when all 
classes reached greater value than RF (Table 4). 

The variable importance values (Fig. 9) were normalised according to the greatest value in each year. Elevation, red band, and 
SWIR2 appeared amongst the five most important variables for the three analysed years. Elevation appeared as the first most important 
for both 2008 and 2016, and the third in 2000. The red band was the second most important for 2008 and 2016, and the fourth for 
2000. SWIR2 was the most important in 2000, the fourth most important variable in 2008, and the third in 2016. TRI was important for 
models of 2008 and 2016. Other variables appeared in only one year, such as blue band (2000), mNDWI (2000), slope (2016), and 
SWIR1. On the other hand, MSAVI2, NDVI, NIR, SAVI, and SR were the least important variables. 

Fig. 7. Difference between RF and RF-CMAP classifications. Positive values indicated that RF-CMAP classified more pixels as a given class than RF. In the same way, 
negative values mean that RF-CMAP classified a smaller area as a determined class compared to RF. Read from left to right: 2000 (darker tones), 2008 (intermediate 
tones), and 2016 (lighter tones). 
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4.3. Accuracy assessment of areas with and without transitions 

Among all the 1706 validation samples, 63.36% presented no changes in all the analysed period, i.e., in the trajectory 2000-2008- 
2016. In this stable areas, RF-CMAP performed better than RF in most of the LULC classes (Table 5). RF classified more correctly the 
grassland and shadow classes, although the differences with RF-CMAP classification relied only in 2 and 3 samples, respectively. 

The temporal analysis considered also the transition between two years. Therefore, we analysed two transition periods: i) 2000 to 
2008, and ii) 2008 to 2016. In a similar way, most classes were more correctly classified by RF-CMAP, with exception only for 
grassland and shadow classes (Table 6). Note that the F1 Score for the RF was higher than RF-CMAP only for shadow class in the first 
transition (2000–2008). In addition, the improvement in classification is represented also by the slightly highest overall accuracy 

Fig. 8. RF and RF-CMAP classification subsets in an area near Rolante City. The left and central columns show RF and RF-CMAP results, respectively. The right column 
refers to the Landsat image used for classification. Each row represents an analysed year. Black circles indicate areas with main differences between the models’ 
classification. 
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Table 4 
Accuracy metrics for LULC classes in each analysed year and classification model.   

RF RF-CMAP 

2000 2008 2016 2000 2008 2016 

PA UA F1 PA UA F1 PA UA F1 PA UA F1 PA UA F1 PA UA F1 

Sc 0.956 0.889 0.921 0.881 0.956 0.917 0.890 0.976 0.931 0.956 0.960 0.958 0.937 0.958 0.947 0.952 0.970 0.961 
F 0.947 0.906 0.926 0.950 0.840 0.892 0.942 0.880 0.910 0.975 0.908 0.940 0.989 0.888 0.936 0.958 0.956 0.957 
W 0.839 0.956 0.894 0.915 0.944 0.929 0.892 0.928 0.910 0.939 0.984 0.961 0.946 0.976 0.961 0.946 0.976 0.961 
BS 0.759 0.835 0.795 0.751 0.876 0.809 0.789 0.856 0.821 0.793 0.855 0.823 0.765 0.912 0.832 0.793 0.925 0.854 
C 0.822 0.841 0.831 0.893 0.906 0.899 0.879 0.912 0.895 0.793 0.964 0.870 0.921 0.949 0.935 0.986 0.909 0.946 
A 0.762 0.674 0.715 0.828 0.884 0.855 0.843 0.833 0.838 0.774 0.707 0.739 0.841 0.910 0.874 0.849 0.859 0.854 
G 0.842 0.854 0.848 0.902 0.786 0.840 0.867 0.768 0.815 0.850 0.843 0.846 0.914 0.793 0.849 0.886 0.778 0.828 
Sd 0.992 0.975 0.983 0.864 1.000 0.927 0.943 0.892 0.917 0.992 0.936 0.963 0.818 1.000 0.900 0.933 0.916 0.924 

OA 0.874 0.880 0.883 0.894 0.906 0.916 

PA: Producer’s accuracy; UA: user’s accuracy; F1: F1 score; Sc: silviculture, F: forest, W: water, BS: bare soil; C: construction, A: agriculture, G: grassland, Sd: shadow; OA: overall accuracy. 
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values reached by RF-CMAP. 
In the study area, we found 24 possible LUCC between 2000 and 2008, which were analysed by transition period. Among the 24 

possible LUCC, RF-CMAP classified 10 classes more correctly than RF, 13 class presented the same number of correct classified sample 
in both models, and in just in one transition class RF performed better than RF-CMAP (Table 7). This models’ performance can be 
verified in the F1 score, which presented highest values for RF-CMAP in 12 transition classes, same values for both models in seven 
LUCC classes, and higher values for RF than RF-CMAP in five classes. 

The second analysed period, 2008 to 2016, presented 21 possible LUCC in the study area. In this scenario, RF-CMAP outperformed 
the RF in 13 transition classes, more than half of the LUCC classes, according to the F1 Score values (Table 8). RF presented higher F1 
Score values than RF-CMAP in six classes, and the same value in two classes. Also, RF-CMAP presented a slightly higher OA when 
compared with RF (0.718 and 0.669, respectively). 

4.4. Validation of discordant areas between the classifications 

The discordant areas between the classifications were analysed considering each year separately (Supplementary Material 6). The 
greatest discordant area occurred in 2000, when the classifications from RF and RF-CMAP discorded in 54.43 km2 (6.6% of the total 
area) (Table 9). The area with differences decreased to 41.14 km2 (5%) in 2008 and 30.95 km2 (3.7%) in 2016. Subsequently, we 

Fig. 9. Variable importance ranking given by RF modelling for each year. The highest importance value was used for standardizing the values each year.  

Table 5 
Corrected classified LULC classes that presented no changes in the entire analysed trajectory (2000-2008-2016).   

Reference samples RF RF-CMAP 

Silviculture 145 120 82.76% 137 94.48% 
Forest 333 301 90.39% 324 97.30% 
Water 130 95 73.08% 122 93.85% 
Bare Soil 83 48 57.83% 58 69.88% 
Construction 135 89 65.93% 107 79.26% 
Agriculture 51 26 50.98% 28 54.90% 
Grassland 105 83 79.05% 81 77.14% 
Shadow 99 86 86.87% 82 82.83% 

Overall Accuracy 0.784 0.869  
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Table 6 
Accuracy metrics for LULC classes that presented no changes in each analysed transition periods (2000–2008 and 2008–2016).   

2000–2008 2008–2016  

RF RF-CMAP  RF RF-CMAP 

RS CC PA UA F1 CC PA UA F1 RS CC PA UA F1 CC PA UA F1 

Sc 177 161 0,910 0,970 0.939 168 0,949 0,955 0.952 263 206 0,783 0,990 0.874 242 0,920 0,968 0.943 
F 358 330 0,922 0,962 0.942 352 0,983 0,946 0.964 341 317 0,930 0,961 0.945 332 0,974 0,971 0.972 
W 130 105 0,808 1000 0.894 122 0,938 0,984 0.960 130 107 0,823 0,991 0.899 123 0,946 0,976 0.961 
BS 124 74 0,597 0,871 0.708 88 0,710 0,880 0.786 105 73 0,695 0,924 0.793 75 0,714 0,926 0.806 
C 135 102 0,756 0,962 0.847 107 0,793 0,964 0.870 140 110 0,786 0,973 0.870 129 0,921 0,949 0.935 
A 62 41 0,661 0,774 0.713 43 0,694 0,768 0.729 109 74 0,679 0,925 0.783 77 0,706 0,928 0.802 
G 181 158 0,873 0,854 0.863 157 0,867 0,863 0.865 127 107 0,843 0,748 0.793 106 0,835 0,752 0.791 
Sd 108 93 0,861 1000 0.925 89 0,824 1000 0.904 101 88 0,871 1000 0.931 83 0,822 0,954 0.883 

OA  0.835 0.883  0.822 0.887 

RS: Reference samples; CC: correct classified; PA: producer’s accuracy; UA: user’s accuracy; F1: F1 score; Sc: silviculture, F: forest, W: water, BS: bare soil; C: construction, A: agriculture, G: grassland, Sd: shadow; OA: overall 
accuracy. 
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randomly selected validation subsets to analyse this area and identified the most accurate model (Table 9). 
In general, RF-CMAP classified more correctly than RF in the discordant areas (Fig. 10). In 2000, RF-CMAP correctly classified 66% 

of these areas, followed by 21% from RF. In approximately 14% of the discordant area, both models presented error, i.e., incorrectly 
classified the area. In addition, RF-CMAP also presented the highest percentage of correctly classified areas in 2008 (46%) and 2016 

Table 7 
Accuracy metrics for LULC classes that presented changes between 2000 and 2008.  

2000 2008 RS RF RF-CMAP 

CC PA UA F1 CC PA UA F1 

Silviculture Bare Soil 10 7 0,700 1000 0.824 7 0,700 1000 0.824 
Grassland 15 10 0,667 0,714 0.690 12 0,800 0,667 0.727 

Forest Silviculture 39 33 0,846 0,589 0.694 33 0,846 0,647 0.733 
Bare Soil 20 12 0,600 0,800 0.686 13 0,650 0,813 0.722 
Construction 1 1 1000 0,333 0.500 1 1000 0,500 0.667 
Agriculture 2 1 0,500 0,125 0.200 1 0,500 0,250 0.333 
Grassland 14 10 0,714 0,455 0.556 10 0,714 0,455 0.556 
Shadow 2 1 0,500 0,500 0.500 0 0,000 0,000 0.000 

Bare Soil Silviculture 47 23 0,489 1000 0.657 35 0,745 1000 0.854 
Agriculture 47 20 0,426 0,833 0.564 22 0,468 0,815 0.595 
Grassland 43 30 0,698 0,508 0.588 32 0,744 0,508 0.604 

Agriculture Silviculture 5 5 1000 0,556 0.715 5 1000 0,556 0.715 
Forest 2 1 0,500 0,167 0.250 1 0,500 0,125 0.200 
Bare Soil 11 3 0,273 0,500 0.353 6 0,545 0,667 0.600 
Construction 1 0 0,000 0,000 0.000 1 1000 1000 1.000 
Grassland 3 2 0,667 0,222 0.333 2 0,667 0,222 0.333 

Grassland Silviculture 49 21 0,429 0,700 0.532 29 0,592 0,967 0.734 
Forest 11 4 0,364 0,500 0.421 8 0,727 0,421 0.533 
Bare Soil 51 40 0,784 0,816 0.800 40 0,784 0,800 0.792 
Construction 3 0 0,000 0,000 0.000 0 0,000 0,000 0.000 
Agriculture 46 38 0,826 0,655 0.731 38 0,826 0,655 0.731 

Shadow Silviculture 2 2 1000 0,222 0.363 2 1000 0,182 0.308 
Forest 6 4 0,667 0,267 0.381 5 0,833 0,238 0.370 
Bare Soil 1 0 0,000 0,000 0.000 0 0,000 0,000 0.000 

Overall Accuracy 0,622  0,703  

RS: Reference samples; CC: correct classified; PA: producer’s accuracy; UA: user’s accuracy; F1: F1 score; OA: overall accuracy. 

Table 8 
Accuracy metrics for LULC classes that presented changes between 2008 and 2016.  

2008 2016 RS RF RF-CMAP 

CC PA UA F1 CC PA UA F1 

Silviculture Bare Soil 34 22 0,647 1000 0.786 26 0,765 0,963 0.853 
Grassland 20 12 0,600 0,630 0.615 16 0,800 0,696 0.744 
Shadow 2 2 1000 0,18 0.305 2 1000 0,167 0.286 

Forest Silviculture 16 11 0,688 0,220 0.333 13 0,813 0,382 0.520 
Bare Soil 10 7 0,700 0,636 0.666 7 0,700 0,778 0.737 
Agriculture 1 1 1000 0,077 0.143 1 1000 0,071 0.133 
Grassland 7 6 0,857 0,462 0.600 6 0,857 0,462 0.600 
Shadow 2 1 0,500 0,143 0.222 1 0,500 0,125 0.200 

Bare Soil Silviculture 39 19 0,487 0,950 0.644 20 0,513 0,870 0.645 
Agriculture 32 22 0,688 0,917 0.786 25 0,781 0,893 0.833 
Grassland 41 25 0,610 0,694 0.649 27 0,659 0,711 0.684 

Agriculture Silviculture 5 4 0,800 0,333 0.470 4 0,800 0,400 0.533 
Forest 2 2 1000 0,500 0.667 2 1000 1000 1.000 
Bare Soil 26 22 0,846 0,917 0.880 22 0,846 0,880 0.863 
Grassland 15 7 0,467 0,318 0.378 7 0,467 0,292 0.359 

Grassland Silviculture 48 33 0,688 0,733 0.710 34 0,708 0,723 0.715 
Forest 7 5 0,714 0,500 0.588 6 0,857 0,462 0.600 
Bare Soil 43 31 0,721 0,705 0.713 31 0,721 0,689 0.705 
Construction 1 0 0,000 0,000 0.000 0 0,000 0,000 0.000 
Agriculture 30 28 0,933 0,609 0.737 28 0,933 0,622 0.746 

Shadow Forest 9 1 0,111 0,500 0.182 2 0,222 0,667 0.333 

Overall Accuracy 0,669  0,718 

RS: Reference samples; CC: correct classified; PA: producer’s accuracy; UA: user’s accuracy; F1: F1 score; OA: overall accuracy. 
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(44%). 
The percentage of correct classification in the discordant areas per LULC class (Fig. 11) is discussed separately as follows. In 2000, 

the RF-CMAP performed better than RF mainly for shadow (89%) and forest (88%), in addition to grassland (56%) and water (55%). 
On the other hand, RF stood out in construction (93%), silviculture (77%), and bare soil (64%). The areas wrongly classified by both 
models remained similar in all classes, with a maximum value of 29% in the grassland, followed by 20% for agriculture and 18% for 
water. 

In 2008, RF-CMAP correctly classified more areas of forest (66%), silviculture (60%), construction (54%), and grassland (39%) 
than RF. The RF correctly classified more shadow (63%) and water (55%). The areas wrongly classified by both models were greater 
than the correct classification in agriculture (47%) and bare soil (36%). Finally, in 2016, RF-CMAP well-classified construction (70%), 
forest (54%), and silviculture (48%); RF had more correct classification in shadow (67%), water (48%), and grassland (45%). Both 
models misclassified bare soil (76%) and agriculture (43%). 

Table 9 
Discordant areas and used samples for validation.   

Area (km2) Samples 

2000 54.43 600 
2008 41.14 517 
2016 30.95 424  

Fig. 10. Validation of discordant areas between RF and RF-CMAP classifications. The percentage represents the corrected classification according to each model. Error 
represents areas wrongly classified by both models. 

Fig. 11. Validation of discordant areas between RF and RF-CMAP classifications by LULC classes. Each colour represents the corrected classification according to the 
models. Error is the areas wrongly classified by both models. 
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4.5. Land cover transition 

As previously discussed, individually stacking the RF-generated classifications can lead to the generation of invalid trajectories. In 
this study, invalid trajectories covered a total area of 99.92 km2 (12%), which corresponded to 71.57 km2 (8.72%) between the years 
2000 and 2008, and 28.35 km2 (3.46%) between 2008 and 2016 (Fig. 12). RF-CMAP presented only valid LULC transitions (i.e., 
considering each period of eight years), although some invalid trajectories (between 2000 and 2016, three sequences in analysis) were 
identified due to the inclusion of the shadow class, which corresponded to 9.64 km2 (1.16%). Since this covers a small area, we 
consider that this limitation does not affect our analysis. However, this may be a problem for studies in other areas/periods. The 
treatment of non-LULC classes that can disrupt the calculation of P(s) by the adopted methodology should be further investigated using 
alternative methods, such as the “simplified” one previously proposed in Reis et al. (2020). 

The invalid transitions between 2000 and 2008 in RF classifications were mainly related to increases in forest class in 2008. There 
was indeed an increase in forest area in this period. However, considering eight years, just areas previously occupied by agriculture, 
grassland, and shadow were capable of such transformation in the RRB. Then, areas with silviculture, water, bare soil, and con
structions were not able to become a forest in the subsequent eight years, being an invalid transition. 

In the first period, RF classification showed that 38.45 km2 of silviculture and 17.28 km2 of bare soil in 2000 changed and became 
forest in 2008. Similarly, 11.77 km2 of silviculture and 4.07 km2 of bare soil in 2008 became forest in 2016. Forestry crops are usually 
cut when the trees reach a large size. Thus, for these areas to become a forest, the planted trees must be removed in their entirety, 
leaving the soil exposed. Although the RRB has a humid climate and increases in forest areas were recorded, it is unlikely that there will 
be large forest growth in areas of bare soil over eight years. 

Other invalid transitions in both analysed periods were related to an increase in the water surface. We considered that only shadow 
could be transformed into water, since none of the analysed years presented floods. Also, the RRB consists of a main river with few 
tributaries. As such, the agricultural ponds in the region often comprise few pixels and there was no significant production of new 
ponds. 

In addition, RF-CMAP was capable of correct some errors presented by RF classification. When considering the stable classes, i.e., 
areas with no LUCC in the analysed period, RF-CMAP corrected more than 50% of the RF classification errors related to forest and 
water class between 2000 and 2008, and regarding to silviculture, forest, water, and construction between 2008 and 2016 (Fig. 13). 

Finally, RF-CMAP corrected near to 78% and 81% of the RF errors that contained invalid transition in the periods 2000–2008 and 
2008–2016, respectively. The greatest improvement occurs in areas with forest, water, and bare soil in the first period, presenting 
correction in more than 80% of the samples. Between 2008 and 2016, almost all the classes presented more than 75% of correction by 
RF-CMAP, the exception relied in bare soil (33% - two corrections of six invalid transitions). 

4.6. LULC in landslide-affected areas 

Upon examining the landslide-affected area in 2017, we conducted an analysis using RF classification (Fig. 14) and discovered the 
existence of invalid transitions. When observed within the landslide polygons, these invalid transitions can lead to misinterpretations 
by establishing a connection between LULC/LUCC and landslides. In total, we identified 335 landslide polygons, out of which a 
significant number, at least 118 (35%), showed invalid transitions between 2000 and 2008. Similarly, from 2008 to 2016, we found 
that 54 (16%) of the landslides exhibited invalid transitions (Fig. 15). 

Four different invalid transitions were identified within the landslides, the conversion of: i) bare soil to forest; ii) water to forest; iii) 
silviculture to forest; and iv) forest to water. It is noteworthy that these transition dynamics were not observed in the RRB when 
considering a relatively short period of eight years (i.e., invalid transitions). Consequently, the landslide analysis could be affected if 
we assume, for example, that 35% of the landslides were associated with reforestation, even though there was no evidence of forest 
growth over eight years. 

Furthermore, these inconsistencies in LULC transition maps could result in misinterpretation according to the landslide mechanical 
areas (initiation, transport, and deposition) (Supplementary Material 7). For example, 90% of the pixels defined as a transition from 
silviculture to forest between 2000 and 2008 located in landslide areas were found in the middle or lower part of the slope, corre
sponding to transport (65%) and deposition (25%) zones. This could lead us to interpret that an overweight due to the forest growing or 
the remotion of silviculture generated an instability in the slope. Similarly, the misclassified pixels found in the landslide rupture area 
(initiation zone) between 2008 and 2016 corresponded to forest regrowth related to the conversion of bare soil and silviculture. 
Therefore, it is noteworthy that the subsequent analysis, such as landslide susceptibility, will be directly associated with LULC mapping 
consistency. 

5. Discussion 

5.1. RF improvements by adding the CMAP temporal approach 

Several approaches exist to classify LULC, aiming to ensure temporal representativeness and realistic transitions over time (Boori 
and Voženílek, 2014). However, traditional classifiers can result in invalid transitions, leading us to misinterpret the real LULC dy
namics in the analysed area. In this sense, Reis et al. (2020) developed the Compound Maximum a Posteriori (CMAP) algorithm as a 
trajectory classifier, designed to incorporate multi-temporal datasets to classify the whole LULC trajectory at once. The CMAP was 
applied to Amazon (Reis, 2022) and Atlantic (Maciel et al., 2021) forest environments. 

Nevertheless, some drawbacks of CMAP consisted of expect unimodal classes, considering only Gaussian data (Reis, 2022; Reis 
et al., 2020). In that sense, some studies are adapting the CMAP to consider non-Gaussian data, such as Dutra et al. (2023), who 
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developed a non-parametric version of CMAP, using Decision Trees. The authors found that this version is efficient for 
inconsistencies-free classifications. Following this approach, we substituted the class likelihood at each point of time with features 
derived from the Random Forest (RF) algorithm (Breiman, 2001), which does not assume any specific distribution for the data, calling 
this RF-CMAP. The RF algorithm offers the advantages of being capable of dealing with nonlinear data, which can be necessary for 
mountainous areas (e.g. morphometric factors). 

Generally, the combination of spectral bands and indices provides accurate LULC modeling (Chaves et al., 2020), which can be 
improved by including morphometric parameters in mountainous areas (Wang et al., 2020). The variable importance analysis derived 

Fig. 12. Validity of land cover transitions for each eight-year analysed period, considering only RF classifications.  

Fig. 13. The amount of validation samples containing errors in RF classification, which was corrected by the RF-CMAP, regarding to areas without LULC transition.  

Fig. 14. Presence of invalid transitions in RF outputs between 2000 and 2008 (A) and between 2008 and 2016 (B) in landslide-affected areas (C).  
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from the RF showed the importance of including morphometric factors in our analysis. Elevation was one of the most important 
variables, as well as the slope and Terrain Ruggedness Index (TRI) (Fig. 9). This can be justified by the different LULC along the RRB, e. 
g., grassland and agriculture are mostly located in the higher and lower altitudes, while forest and silviculture are predominantly in 
intermediate altitudes, on the plateau escarpment. Uehara et al. (2022) applied time-series metrics for LULC mapping in the RRB, 
focusing on landslide identification, and found slope and altitude among the ten most important predictors. 

The use of the RF-CMAP is also useful for mountainous areas, as it could avoid common problems in classifications for this kind of 
region, such as cloud shadow confusion with water bodies due to its low reflectance. In addition, in very dynamic environments it 
could help to post-process the classification of the retrieved time-series to ensure that only possible transitions are contained in the 
results. Moreover, the RF-CMAP improves the spatiotemporal robustness of the time-series analysis, allowing a better understanding of 
land use changes over time and avoiding errors in these temporal analyses. This is important for a careful analysis of land changes, the 
relationships between LUCC and biogeochemical parameters (e.g., water quality), and policy making. 

Although the OA values for both algorithms were similar, RF-CMAP tended to overpermed the RF and avoided invalid transitions, 
which presented a valuable improvement in the final map (Fig. 8). The analysis of discordant areas between the classifications showed 
that, in general, RF-CMAP was more capable of correctly classifying these areas, e.g., the forest class was more correctly classified by 
RF-CMAP in all analysed years (Fig. 11). The evaluation of discordant areas acts as a second model validation and allows us to verify 
which model performed better. 

Furthermore, LULC misclassifications can cause errors in any derived analysis. The estimation of deforestation area (Tavares et al., 
2022), urban growth (Ishtiaque et al., 2017), floods (Thiam et al., 2022), and landslides (Sangeeta and Singh, 2023), among other 
subjects, are examples of subsequent studies that can be affected by LULC classification errors. Therefore, guaranteeing the correctness 
of LULC classification by adding a temporal approach, such as the CMAP, can improve subsequent studies and analysis. 

5.2. Impacts of invalid transitions in landslide analysis 

Human activities have significantly influenced landslide occurrence (Glade, 2003), with recent studies evaluating these influences 
through LULC and LUCC (Quevedo et al., 2023a, 2023b). LULC and LUCC directly impact soil mechanical behaviour and moisture. 
Vegetation, for example, plays a critical role in safeguarding soil against erosion and enhancing slope stability through mechanical 
anchoring and soil suction by roots (Löbmann et al., 2020; Masi et al., 2021; Parra et al., 2021). Conversely, deforestation, con
struction, and the abandonment of croplands compromise slope stability and improve landslide susceptibility (Chen et al., 2019; 
Persichillo et al., 2017). 

Then, understanding the impacts of LULC and LUCC on landslide occurrences is important for disaster mitigation (Chen and Huang, 
2013). However, it is equally important to ensure that the analysis of LULC/LUCC influence is based on suitable and accurate maps. 
Because of that, we aimed to guarantee a reliable LULC mapping, without invalid transitions to avoid misinterpretation about this 
relationship. 

The RRB landslide inventory (Quevedo et al., 2024), composed of 335 polygons, showed invalid transitions in 35% of the landslides 
between 2000 and 2008, according to the RF classification. In other words, at least 118 landslides could be associated with a 
non-realistic LULC transition. When considering the interval between 2008 and 2016, at least 16% (54) of the landslides contained 
invalid transitions. Since many studies are seeking relationships between landslides and LULC/LUCC (Chen et al., 2019; Gariano et al., 
2018; Persichillo et al., 2017; Reichenbach et al., 2014), it is essential to guarantee a reliable LULC mapping, with only valid transitions 
and trajectories. 

In addition, it is important to understand the entire slope failure process, i.e., consider landslide mechanical areas: initiation, 
transport, and deposition. This importance relies on the different nature of the process that occurs in each part of the hillslope and 
needs to be considered in landslide susceptibility modelling (Sun et al., 2022). For example, we found that most of the invalid tran
sition associated with forest regrowth in forestry areas is in the transport (65%) or deposition (25%) areas between 2000 and 2008. The 
rupture areas were marked by the presence of forest regrowth associated with invalid transitions between 2008 and 2016. 

Finally, the presence of invalid transitions and/or trajectories could lead to misinterpretation about the land cover dynamics in an 
analysed area. Such analysis was presented by Quevedo et al. (2023a), in which overlaying MAPBIOMAS (Souza et al., 2020) LULC 

Fig. 15. Percentage of landslide polygons with invalid transitions in RF results.  
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maps provided invalid transitions in Petrópolis municipality. Furthermore, studies related to LULC future scenarios, with subsequent 
susceptibility future scenarios and/or recommendations given to local managers can be spoiled (Gariano et al., 2018; Rabby et al., 
2022). 

5.3. Limitations and uncertainties 

Some limitations were found in this study, such as using one different training sample set for each year, including collecting 
samples and applying the active learning method for each data set, which is time and resource-consuming. Although it tends to be more 
accurate, calibrating and using only one training sample set for all the analysed years can speed up and decrease the costs of the LULC 
classification, as demonstrated by Reis et al. (2019). 

Moreover, the shadow class can generate invalid trajectories in the analysis for more than two consecutive years. Here, we treated 
shadow as a LULC class, therefore allowing any transitions including this class. This scenario was not originally accounted for in CMAP 
(Reis et al., 2020) and may result in the classification of trajectories that could be considered invalid when analysing the three years 
jointly (e.g. Water in 2000, Shadow in 2008, and Forest in 2016). Although this effect was small in our study, it can be more expressive 
for analysis using longer time series. One solution could be to use different approaches to calculate the a priori probabilities of the 
trajectories, as proposed by Reis et al. (2020), and further exemplified by the classification of 37 annual observations of Landsat data 
containing similar non-LULC class Clouds/Cloud Shadows, in Reis (2022). 

Finally, it is necessary to ensure a high-quality classification of the first image, as it is used as the main parameter of valid/invalid 
trajectories. Alternatives include, despite the manual classification of the first map, a bootstrap approach that could ensure an 
interactive process between all the dates and the reduction of uncertainty of the first date. Despite these unsolved uncertainties, the 
proposed model presents an easy-to-implement approach to deal with invalid transitions in LULC using the common RF approach. The 
proposed model could be used in RF-based remote sensing LULC products (e.g., MAPBIOMAS (Souza et al., 2020) and TERRACLAS 
(Almeida et al., 2016) in Brazil) to improve classification accuracy over time. 

6. Conclusions 

The guarantee of a reliable LULC transition map is essential for subsequent analysis, such as landslide susceptibility modelling. In 
this study, we found that invalid transitions could lead us to misinterpret the relationship between LULC and landslide occurrence in 
the Rolante River Basin (RRB). In this sense, the integration of the Random Forest (RF) with Compound Maximum a Posteriori (CMAP) 
presented a high capacity for LULC classification, avoiding invalid transitions when using variables with different distributions, such as 
the morphometric parameters. The overall accuracy (OA) was slightly higher for RF-CMAP than RF, and the results demonstrated that 
RF-CMAP not only avoided invalid transitions in transition labelling, improving the classification maps over time, but also correct 
some areas with errors in RF classification. In addition, the RF-CMAP also performed better than RF in discordant areas and avoided 
invalid transitions where landslides occurred, preventing errors in subsequent analysis. As such, we conclude that RF-CMAP performed 
better than the traditional RF for the analysed scenario (study area, classes, image, and analysed times). Furthermore, we recommend 
that future studies based on multi-temporal datasets focus on algorithms that consider the LULC dynamics in the classification process, 
to avoid errors derived from invalid transitions. 
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Formal analysis. Camilo Daleles Rennó: Writing – review & editing, Methodology, Formal analysis. Luciano Vieira Dutra: Writing – 
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Löbmann, M.T., Geitner, C., Wellstein, C., Zerbe, S., 2020. The influence of herbaceous vegetation on slope stability – a review. Earth Sci. Rev. 209, 103328 https:// 

doi.org/10.1016/j.earscirev.2020.103328. 
Lu, D., Mausel, P., Brondízio, E., Moran, E., 2004. Change detection techniques. Int. J. Rem. Sens. 25, 2365–2401. https://doi.org/10.1080/0143116031000139863. 
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Cunha, L., Cunha, R., Cárdenas, S., Dorneles, J., Dornelles, F., Eckhardt, R., Fan, F., Froner, M., Giaccom, B., Giasson, S., Goldenfum, J., González-Ávila, I., 
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Hidrográfica do Lago Guaíba em Maio de 2024. 

Qi, J., Chehbouni, A., Huete, A.R., Kerr, Y.H., Sorooshian, S., 1994. A modified soil adjusted vegetation index. Remote Sens. Environ. 48, 119–126. https://doi.org/ 
10.1016/0034-4257(94)90134-1. 

Quevedo, R.P., Guasselli, L.A., Oliveira, G.G. De, Ruiz, L.F.C., 2019. Modelagem de áreas suscetíveis a movimentos de massa: avaliação comparativa de técnicas de 
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