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Abstract: Vast small inner marsh (SIM) areas have been lost in the past few decades through the conversion to 
agricultural, urban and industrial lands. The remaining marshes face several threats such as drainage for agriculture, 
construction of roads and port facilities, waste disposal, among others. This study integrates 17 remote sensing 
spectral indexes and decision tree (DT) method to map SIM areas using Sentinel 2A images from Summer and 
Winter seasons. Our results showed that remote sensing indexes, although not developed specifically for wetland 
delimitation, presented satisfactory results in order to classify these ecosystems. The indexes that showed to 
be more useful for marshes classification by DT techniques in the study area were NDTI, BI, NDPI and BI_2, with 
25.9%, 17.7%, 11.1% and 0.8%, respectively. In general, the Proportion Correct (PC) found was 95.9% and 77.9% 
for the Summer and Winter images respectively. We hypothetize that this significant PC variation is related to the 
rice-planting period in the Summer and/or to the water level oscillation period in the Winter. For future studies, we 
recommend the use of active remote sensors (e.g., radar) and soil maps in addition to the remote sensing spectral 
indexes in order to obtain better results in the delimitation of small inner marsh areas. 
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Delimitación de pequeñas marismas interiores mediante índices espectrales y árboles de 
decisión en el sur de Brasil
Resumen: En las últimas décadas se han perdido grandes áreas de pequeñas marismas interiores (SIM) a través 
de la conversión a tierras agrícolas, urbanas e industriales. Las marismas restantes enfrentan varias amenazas, 
como el drenaje para la agricultura, la construcción de carreteras e instalaciones portuarias, la eliminación 
de residuos, entre otras. Este estudio integra 17 índices espectrales de teledetección y un método basado en 
árboles de decisión (DT) para cartografiar áreas de pequeñas marismas interiores utilizando imágenes del 
satélite Sentinel 2A de verano e invierno. Los resultados muestran que los índices de teledetección, aunque no 
han sido desarrollados específicamente para la delimitación de marismas, presentan resultados satisfactorios 
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1. Introduction

Marsh is a type of wetland (WL) characterized by 
the presence of hydromorphic soil, graminoids, 
aquatic vegetation, and shrubs or emergent plants 
adapted to flood pulses (Junk et al., 1989; Visser 
and Sasser, 1999; Canadian Wetland Inventory 
Technical Group, 2016; Simioni et al., 2017). The 
Environmental Protection Agency of the United 
States of America (USA) (2001) defines marsh-
es as “often or continuously flooded wetlands 
characterized by emergent soft-stem vegetation 
adapted to saturated soil conditions”.

Vast small inner marsh (SIM) areas have been lost 
in the past few decades through the conversion to 
agricultural, urban and industrial lands (Gedan 
et al., 2009). The remaining marshes face several 
threats such as drainage for agriculture, construc-
tion of roads and port facilities, waste disposal, 
among others (Liu et al., 2013; Fluet-Chouinard 
et al., 2015).

Yan et al. (2017) suggest that the classification of 
marsh areas is an important way to understand the 
spatio-temporal changes that they are submitted. 
Junk (2013); Junk et  al. (2014); and Nunes da 
Cunha et  al. (2015) argue that the delimitation 
is fundamental to manage, protect and maintain 
wetlands. Teixeira (2011) and Junk and Piedade 
(2015) point out that there are currently several data 
sources to delimitate large wetland areas. However, 
there are several difficulties for the delimitation of 
SIM areas, which have specific characteristics and 
dynamics (Junk et al., 1989; Nunes da Cunha et al., 
2015; Mahdavi et al., 2017).

In the early 2000’s, the Ramsar Convention (2002) 
recommended the use of remote sensing (RS) and 
geoprocessing for wetlands classification, map-
ping, delimitation, and inventory (Artigas and 

Yang, 2006; Judd et al., 2007; Sharpe et al., 2016; 
Dvorett et  al., 2016). The radiometric, spectral 
and temporal resolutions of the satellites Landsat 
5 and Landsat 8 and, recently, Sentinel 2A and 2B  
allow to conduct accurate studies for the identifi-
cation of several types of wetlands (Jensen, 2007; 
Sharpe et al., 2016; Kaplan and Avdan, 2017a).

Several authors have applied vegetation indexes 
(VIs) to delimitate, monitor and classify wetlands: 
1) Stefano (2003) developed the water and wet-
land index (WWI) to identify different wetlands 
types; 2) Kulawardhana et al. (2007) used remote 
sensing indexes and digital elevation models to 
delimitate wetlands; 3) Sakané et al. (2011) classi-
fied, characterized and delimitated small wetlands 
using VIs; 4) Dong et  al. (2014) applied NDVI 
(normalized difference vegetation index) and 
LSWI (land surface water index) for the mapping 
of lakes, rivers and flood plains; 5) White et  al. 
(2016) adapted the NDVI to delimitate wetlands; 
6) Kaplan and Avdan (2017a) used Sentinel 2A 
images to map wetlands using Sentinel 2A images; 
7) Miranda et al. (2018) analyzed the vegetation 
variation in the Pantanal area in Brazil using 
VIs; and 8) Di Vittorio and Georgakakos (2018) 
used NDVI and MNDWI (Modified Normalized 
Difference Water Index) obtained from MODIS to 
map wetland areas.

In general, studies involving marshes focus on the 
characterization of salt or tidal marshes (Walsh 
et  al., 2014; Fariña et  al., 2017; Mcowen et  al., 
2017; Mao et  al., 2018). These types of marsh 
have a grassy vegetation tolerant to salt water 
(Belluco et  al., 2006; Judd et  al., 2007) and 
have different water turbidity (Subramaniam and 
Saxena, 2011; Mondal and Bandyopadhyay, 2014) 
and soil types (Mao et  al., 2018) in comparison 
with inner marshes.

para clasificar estos ecosistemas. Los índices que demostraron ser más útiles para la clasificación de marismas 
mediante técnicas de DT en el área de estudio fueron el NDTI, BI, NDPI y BI_2, con 25.9%, 17.7%, 11.1% y 0.8%, 
respectivamente. En general, la proporción correcta encontrada fue de 95.9% y 77.9% para las imágenes de verano 
e invierno, respectivamente. Nuestra hipótesis es que esta variación significativa de la proporción correcta está 
relacionada con el período de siembra del arroz en verano y/o con el período de oscilación del nivel del agua en 
invierno. Para futuras investigaciones, recomendamos el uso de sensores remotos activos (por ejemplo, radar) 
y mapas de suelo además de los índices espectrales de teledetección para obtener mejores resultados en la 
delimitación de pequeñas áreas de marismas interiores. 

Palabras clave: marismas, Sentinel 2A, teledetección, método CART.
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Based on the considerations above, this study pro-
poses a method to delimitate SIM areas based on 
remote sensing spectral indexes and decision tree 
techniques using Sentinel 2A images.

1.1. Study Area

The study was conducted in the Banhado Grande 
(BG) marsh, located within the Gravataí river ba-
sin (GRB) in the eastern flank of Rio Grande do 
Sul State, Brazil (Figure 1).

As much of others Rio Grande do Sul marshes, the 
BG have historically suffered significant environ-
mental impacts, such as drainage for agricultural 
crops (Belloli, 2016), soil erosion (Etchelar, 2017) 
and construction of roads (Silva, 2016). 

The BG is a paludal environment with approxi-
mately 5951  ha (Ramos et  al., 2014). The main 
soil type found in the area is the gleisoil (Nielsen, 
1994). The annual precipitation average varies 
between 1700 and 1800  mm (Rossato, 2011). 
In a study developed by Simioni et al. (2017) it 
was verified that in great flood periods it is estab-
lished a connection between BG with Banhado 
dos Pachecos and Gravataí river floodplain. This 
connectivity is responsible for several interactions 

between WLs, such as nutrients, sediments and 
organisms exchange.

According to Leite and Guasselli (2013) the BG 
vegetation patterns shows a seasonal variability 
regulated by flood pulses. During the dry sea-
son (Summer and Fall) there is a predominance 
of cyperaceae species while in the wet season 
(Winter and Spring) macrophytes and paludal 
vegetation prevails.

2. Material and Methods

2.1. Satellite Image Acquisition

In this study two Sentinel 2A images were used. 
Satellites Sentinel 2A and 2B are part of the 
Copernicus Program, which is managed by the 
European Community and European Space Agency 
(ESA). These satellites collect data on vegetation, 
soil moisture, as well as rivers and coastal areas. 
The images were obtained through Copernicus 
website (https://scihub.copernicus.eu/) in the lev-
el-1C for the bands 3 (green), 4 (red), 8 (NIR), 11 
(SWIR 1) and 12 (SWIR 2) (Table 1). The images 
were obtained considering the dry and wet seasons 
in the region in order to evaluate the performance 

Figure 1. Map showing the location of the Banhado Grande marsh.

https://scihub.copernicus.eu
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of the classification under two situations: 1) when 
the marsh surrounding areas are mainly used for 
rice cultivation (Summer and Fall); and 2) when 
there is higher amplitude of the water level oscil-
lation (Winter and Spring).

Table 1. Sentinel 2A scenes used in the study.

Date Sensor Season Level Granule
Relative 

Orbit
02/09/2018 MSI Summer 1C T22JEM 038
07/19/2018 MSI Winter 1C T22JEM 038

First, the level-1C images were converted to sur-
face reflectance using the sen2cor tool (Kaplan 
and Avdan, 2017b). The spatial resolution of the 
bands 3, 4, and 8 is 10 m while the spatial resolu-
tion of the bands 11 and 12 is 20 m. In this regard, 
we chose to resample the bands 11 (SWIR 1) and 
12 (SWIR 2) to 10 m using the bilinear interpola-
tion method according the proposition of 
Qianxiang et al. (2003).

2.2. Remote Sensing Spectral Indexes
We calculated seventeen vegetation, water and soil 
indexes using the Sentinel 2A images (Table  2). 
The indexes were applied using the ESA’s Sentinel 
Application Platform (SNAP) tool.

2.3. Samples

Using a WorldView-2 multispectral satellite image 
from 02/05/2018 with 1.85 m spatial resolution 
we selected 2000 random points for three different 
classes: 1) SIM; wet meadow (WM) and rice crops 
(RC). In order to align the geometric resolution 
between the WorldView-2 and Sentinel 2A images 
we used the Erdas Autosync Workstation tool.

We chose to collect samples for WM and RC 
because of the similarity of the plants spectral 
response during the growing season. Although BG 
has aquatic plants in both permanent and periodic 
flooding periods, no samples were collected for 
the apparent optical properties of the water since 
there are several remote sensing indexes for this 
purpose in literature.

Table 2. Remote sensing spectral indexes used in the study.

Index Equation Author (s)
Weighted Difference Vegetation Index WDVI = B8–g×B4 (Clevers et al., 1989)

Soil Adjusted Vegetation Index SAVI = 
( ) ( )
( )
L B B
B B L

1 8 4
8 4
#
+ +

+ - (Huete, 1988)

Transformed Normalized Difference 
Vegetation Index TNDVI = ( .NDVI 0 5+ (Deering, 1975)

Brightness Index BI = 
B B2 4

2
2 3# #+^ ^h h (Escadafal, 1989)

Brightness Index_2 BI_2 =
( )B B B2 4 2 3

3
2 8# # #+ +^ ^h h (Escadafal, 1989)

Ratio Vegetation Index RVI = B4/B8 (Pearson & Miller, 1972)
Normalized Difference Water Index NDWI = (B8–B11)/(B8+B11) (Gao, 1996)
Normalized Difference Water Index 2 NDWI_2 = (B3–B8)/(B3+B8) (McFeeters, 1996)
Normalized Difference Vegetation Index NDVI = (B8–B4)/(B8+B4) (Rouse et al., 1973)
Normalized Difference Turbidity Index NDTI = (B4–B3)/(B4+B3) (Lacaux et al., 2007)
Normalized Difference Pond Index NDPI = (B3–B11×B12)/(B3+B11×B12) (Lacaux et al., 2007)
Normalized Difference Index NDI45 = (B5–B4)/(B5+B4) (Delegido et al.,  2011)

Modified Soil Adjusted Vegetation Index MSAVI = 
( ) ( )L B B
B B L

1 8 4
8 4

–#

+ +
+
^ h

(Qi et al., 1994)

Modified Normalized Difference Water Index MNDWI = (B3–B11)/(B3+B11) (Xu, 2006)
Green Normalized Difference Vegetation 
Index GNDVI = (B8–B3)/(B8+B3) (Gitelson et al., 1996)

Difference Vegetation Index DVI = (B8–B4) (Richardson & Wiegand, 
1977)

Atmospherically Resistant Vegetation Index ARVI = (B8–rb)/(B8+rb) (Kaufman et al., 1992)
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Sampling points were divided into 70% of train-
ing samples and 30% of validation samples. To 
analyze the classification accuracy we used the 
proportion correct (PC) (Pontius and Millones, 
2011), producer’s accuracy (PA), and user’s accu-
racy (UA) (Congalton, 1991).

2.4. �Decision Tree and Marsh 
Delimitation

The classification and regression trees (CART) 
method was used to discriminate the different 
classes. The CART method uses non-parametric 
statistics without probabilistic assumptions, select-
ing the necessary variables automatically (Friedl 
and Brodley, 1997). The CART is a classification 
procedure that breaks a dataset into smaller sub-
sets based on a test defined in each tree branch or 
node, resulting in a binary decision tree with more 
homogeneous and pure nodes. The decision tree 
(DT) is composed by an initial node (root), a set 
of internal nodes (divisions), and a set of terminal 
nodes (leaves). The purpose of constructing a DT 
is to reduce the nodes impurities and then obtain 
the input variables relevance (e.g., spectral index-
es) (Ruiz et al., 2014).

The DT complexity and its size can be controlled 
by the depth and the sample numbers in inner 
nodes. The DT complexity depth and child nodes 
number influence the proportion of correct pattern 
elements (Ruiz et al., 2014). We tested six differ-
ent DT depth values (5, 10, 15, 20, 25, and 30) and 
six child nodes numbers (20, 40, 60, 80, 100, and 
120) in order to find the best fit for the study area. 
We used the Gini index to measure the impurity of 
the tree branches.

To delineate the marsh, the CART classification 
with the highest PC was converted into condition-
al tests and then spatialized. Subsequently, the 
majority filter (MF) was applied to replace cells 
based on the majority value of adjacent neigh-
boring pixels for both classifications (Ruiz et al., 
2014).

3. Results 

3.1. Maximum Tree Depth 

The maximum tree depth controls the maximum 
number of growth levels below the root node and 

the minimum case numbers rules the minimum 
node case numbers. The nodes that do not meet 
these criteria have no divisions. The minimum 
case values increase lean towards to produce trees 
with fewer nodes. The Figure  2 shows the PC 
into the CART method in relation to maximum 
tree depth and the minimum case numbers for the 
validation samples.

Figure 2. Decision tree (DT) proportion correct (PC) using 
the classification and regression trees (CART) method.

The highest PC was found at depths ranging from 
20 to 30 and minimum cases between 20 and 40. 
The maximum depth of 30 and the minimum case 
numbers of 40 were the most accurate among 
all the parameters analyzed, achieving the PC 
of 95.9% for the validation samples during the 
Summer and 77.9% during the Winter images. It 
was observed a trend of reduction in the PC values 
when the minimum case numbers is greater than 
or equal to 100.

3.2.  Decision Tree Classification

We used the same training samples to classify the 
Summer (02/09/2018) and Winter (07/19/2018) 
images. The DT classification was automatically 
divided into 18 nodes (Figure 3). The root node 
determined by the CART method was the NDTI 
(normalized difference turbidity index) (Lacaux 
et al., 2007). The NDTI values lower than –0.31 
corresponded to ~5% of the samples as SIM 
and they were directly related to ARVI (atmo-
spherically resistant vegetation index) (Kaufman 
et al.,1992). The NDTI and ARVI values showed 
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that this index is reliable to classify rice cultiva-
tion areas since 98.5% of ARVI values higher than 
0.84054 were categorized as rice crops.

The NDTI values higher than –0.31 classified 
45.3% of the samples as SIMA and they were auto-
matically associated with BI_1 (brightness index) 
(Escadafal, 1989). The BI showed to be adequate 
to classify marshes since 87.6% of the BI samples 
with values smaller than 0.06 were categorized as 
marsh areas. It is also important to note that the 
NDPI values higher than –0.56 classified 89.6% 
of the samples as marsh areas and the BI_2 values 

Figure 3. Classification and regression trees (CART) method decision tree (DT) for the present study.

Figure 4. Indexes importance in the Decision Tree (DT) 
classification.



ASOCIACIÓN ESPAÑOLA DE TELEDETECCIÓN

Small inner marsh area delimitation using remote sensing spectral indexes and decision tree method in southern Brazil

61

smaller than 0.25 classified 98% of the samples as 
marsh areas.

The relevant indexes for the DT creation using 
the CART method are showed in Figure  4. The 
most important index was ARVI (44% of total 
relevance) followed by NDTI, BI, NDPI and 
BI_2, with 25.9%, 17.7%, 11.1% and 0.8% total 
relevance, respectively. ARVI presented the best 
results to classify rice crops while NDTI, BI, 

NDPI and BI_2 presented the best results to clas-
sify marsh areas.

The classification indexes relevance is related to 
the minimum impurity reduction required to di-
vide a node, which means that higher values tend 
to produce trees with fewer nodes. This fact was 
noticed in both ARVI and NDTI, which created 
only one node each. The BI_2 is an exception 

Figure 5. Classification and regression trees (CART) method results for the BG small inner marsh (SIM) area during the 
Summer (a) and Winter (b).
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because it is in the last tree level characterizing 
itself as a leaf.

3.3. Marsh Delimitation

The areas classified as marshes by the DT for 
Summer and Winter seasons are presented in 
Figure 5. The summer image presented the best clas-
sification results compared to the winter image. The 
areas classified as rice crops are found on the BG 
edges (Figure 5a). In the Winter image (Figure 5b), 
CART classified flooded areas erroneously as rice 
cultivation. This error is most likely associated to 
the image acquisition period given the fact that in 
February rice cultivation presents a spectral re-
sponse related to grain ripening phenology. On the 
other hand, in July, there is fallow vegetation and 
higher amplitude in the water level oscillation with 
similar response to the marshes areas.

The DT classification results showed that the SIM 
class presents the lower UA. For the Summer im-
age, the SIM samples used for validation presented 
a 91.3% UA, followed by WM areas with 97.7% 
UA. The RC areas presented the best UA for the 
Summer image, with 98.1%. For the Winter image, 
the SIM class presented the higher UA, 81.1%, 
followed by the WM and RC areas, with 80.3% and 
72.6% UA, respectively.

4. Discussion

ARVI was successful for rice crop classification 
with up to 98.5% PC. However, for marsh areas 
this index did not perform well, classifying only 

23.3% of the samples as marshes. For SIM, the best 
results were obtained by the NDTI, BI and NDPI 
indexes, respectively. NDTI and NDPI have been 
successfully applied for wetland mapping by sever-
al studies. Some examples are the studies developed 
by 1) Mondal and Bandyopadhyay (2014), which 
delimitated wetlands based on turbidity by mixing 
NDTI and NDPI techniques; and 2) Sharma et al. 
(2014), which used NDTI and NDPI to understand 
vegetation patterns and water turbidity in wetlands.

NDTI and NDPI indexes were specifically devel-
oped for studies over wetlands and their reliability 
in the delimitation of these areas was expected 
(Sharma et al., 2014). We also highlight the good 
performance obtained with the BI. This index rep-
resents the average sensitive brightness to the soil, 
which is highly correlated with the moisture and 
the salt at the surface. The BI was developed to 
explore the soil surface characterization, mainly in 
arid environments, where vegetation is scarce and 
not green (Escadafal, 1989).

The hydromorphic soils presence in the study area, 
which is characterized by a high content of organ-
ic matter, allowed the BI application for marshes 
delimitation. This is discussed by Kandus et  al. 
(2008), highlighting the importance of the soil tax-
onomic classification for wetlands delimitation. 
The marshes delimitation from the hydromorphic 
soils is also discussed by (Maltchik et al., 2004). 
For these authors, the hydromorphic soils must 
be used as an environmental attribute in marshes 
delimitation in addition to the hydrological regime 
and aquatic vegetation patterns.

Table 3. Validation samples confusion matrix.

Classification 1 (Summer) – 02/09/2018
SIMA WM RC UA (%)

SIMA 512 9 40 91.3
WM 8 595 6 97.7
RC 12 0 628 98.1
PA (%) 96.2 98.5 93.2 -
PC (%) 95.9

Classification 2 (Winter) – 07/19/2018
SIMA WM RC UA (%)

SIMA 455 69 37 81.1
WM 87 477 30 80.3
RC 78 88 440 72.6
PA (%) 73.3 75.2 86.7 -
PC (%) 77.9
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Our findings showed that the classification results 
for the Summer image presented a higher PC 
than the Winter image. This fact is most likely be 
related to seasonality of the flood pulses and veg-
etation patterns in the BG (Belloli, 2016; Simioni 
et al., 2017).

5. Conclusions 

The SIM areas delimitation remains a challenge 
for the scientific community considering that 
these wetlands present their own dynamics, with 
different aquatic vegetation types adapted to water 
level oscillations. 

Our results showed that remote sensing indexes, 
although not developed specifically for wetland 
delimitation, present satisfactory results in order to 
classify these ecosystems. The indexes that showed 
to be more useful for marshes classification by DT 
techniques in the study area were NDTI, BI, NDPI 
and BI_2, with 25.9%, 17.7%, 11.1% and 0.8%, 
respectively. In general, the PC found was 95.9% 
and 77.9% for the Summer and Winter images re-
spectively. We hypothesize that this significant PC 
variation is related to the rice-planting period in the 
Summer and/or to the water level oscillation period 
in the Winter.

For future studies, we recommend the use of active 
remote sensors (e.g., radar) and soil maps in addi-
tion to the remote sensing spectral indexes in order 
to obtain better results in the delimitation of small 
inner marsh areas.
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