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Modelling the moisture status of habitats by using NDVI on the example 
of the Cerrado and Atlantic Forest biomes borderland (Brazil)
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The Brazilian Cerrado and the Atlantic Forest are important global biodiversity 
hotspots that are highly diverse in geological structure, soil, and climatic con-
ditions, all of which directly affect vegetation diversity. The conservation of 
these biomes depends on recognizing variations in their humidity levels. Given 
the correlation between water access and plant health, as illustrated by NDVI, 
we assessed the feasibility of building an NDVI-based model to detect varia-
tions in habitat moisture. Using various statistical algorithms, the correctness 
of the NDVI-based habitat moisture assessment model was confirmed. In addi-
tion, it was determined that UMAP was the most favourable of the algorithms 
employed. Our method provides a practical, efficient tool for assessing habitat 
moisture that can benefit fields such as ecology, conservation biology, and land 
management.
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Introduction
All  ecosystems on Earth depend on wa-

ter.  Several methods are used for detect-
ing  differences  in  the  moisture  status  of 
terrestrial  ecosystems  and  monitoring 
changes  in  their  hydrological  conditions, 
such  as  remote  sensing  (Lin  et  al.  2022), 
ground-based  measurements  (Weaver  et 
al.  2019),  hydrological  models  (Bai  et  al. 
2019), and carbon and water flux measure-
ments (Chen et al.  2020).  All  these meth-
ods can identify moisture differences in ter-
restrial  biomes  and  monitor  hydrological 
changes over time. However, there is a per-
sistent demand for cost-effective, easy-to-
apply techniques, particularly for valuable 
natural areas. Among the most important 
biomes on the globe are the Brazilian Cer-
rado,  considered  a  biodiversity  hotspot, 
and the Atlantic Forest. The Cerrado is situ-
ated  in  central  Brazil,  and  is  the  second-

largest of Brazil’s major biomes, following 
Amazonia. It comprises woodlands, savan-
nas, grasslands, as well as gallery and dry 
forests (Klink & Machado 2005). Kisselle et 
al. (2002) distinguish two types of Cerrado: 
the  cerrado  sensu  stricto (20-50%  canopy 
cover) and the  cerrado campo sujo (open, 
scrubland, <10% canopy cover). This biome 
hosts  some  4,800  species  of  plants  and 
vertebrates  found  nowhere  else  (Strass-
burg et al. 2016). Despite its enormous im-
portance for species conservation, as little 
as  19.8%  of  the  Cerrado  remains  undis-
turbed,  the  majority  having  been  trans-
formed  into  pasture  and  other  forms  of 
agricultural  land  use  (Strassburg  et  al. 
2017). The idea of monitoring the Brazilian 
Cerrado using spectral  indices dates back 
many years. In 2004, Ferreira and Huete de-
scribed  the  seasonal  dynamics  of  this 
biome  using  NDVI  and  the  Soil  Adjusted 

Vegetation  Index  (SAVI),  analysed  in  five 
seasonal  periods:  (1)  summer  rains  (from 
January  to  March),  (2)  dry  winter  (from 
April to August), (3) end-of-the-drought pe-
riod  (September),  (4)  beginning  of  the 
rainy season (October), and (5) spring rains 
(November and December). These authors 
identified  three  major  spatial  domains  of 
the Cerrado: (i) the “true” Cerrado forma-
tions and pasture sites, (ii) the forested ar-
eas (seasonal broadleaf and dense Cerrado 
woodland),  and  (iii)  agricultural  crops. 
They concluded that “the use of multiple 
indices  should  improve  vegetation  stud-
ies”.

The  Atlantic  Forest  (AF)  is  the  second-
largest tropical forest in South America and 
one of the most biodiverse biomes world-
wide. Brazil  owns most of the AF (93% of 
the total area), with the remainder belong-
ing to Paraguay (5.3%) and Argentina (1.7%) 
(Marques et al. 2021). The AF is classified as 
one of  three major  biodiversity  hotspots, 
together  with  the  Cape  Floristic  Region 
and Polynesia-Micronesia  region,  and par-
ticularly vulnerable to climate change (Bél-
lard  et  al.  2014).  The  altitudes  of  the  AF 
vary from sea level to 2891 m, with the re-
lief  ranging  from  depressions  to  moun-
tains. The climate is extremely diverse, in-
cluding  tropical  rainforest  (Af);  tropical 
monsoon  (Am);  tropical  savannah  (Aw); 
arid  hot  steppe  (BSh);  and  temperate, 
without  dry  season;  with  hot  (Cfa)  and 
warm  (Cfb)  summers  and  temperate  dry 
winters (Cw).  Soils  vary widely,  from dys-
trophic to eutrophic (Marques et al. 2021).

A common feature of the AF is the exis-
tence of  two annual  cycles.  According to 
Da Silva et al. (2021), vegetation in Caparaó 
National Park (Brazil) and its buffer zone is 
highly dependent on precipitation,  with a 
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strong  correlation  between  precipitation 
and  vegetation  indices.  Tests  of  the  rela-
tionships  between  forest  and  vegetation 
indices  conducted in  the Atlantic  Rainfor-
est on the Atlantic slope of Serra do Mar 
(Freitas  et  al.  2005) concluded that  MVI5 
(moisture vegetation index using Landsat’s 
band 5) and MVI7 (moisture vegetation in-
dex  using  Landsat’s  band  7)  showed  the 
best performances in dense humid forests. 
In contrast, NDVI was a good indicator for 
deciduous  and  dry  forests.  However,  the 
usefulness of NDVI for ecological research 
has  been  demonstrated  by  multiple  au-
thors  worldwide  (Pravalie  et  al.  2022, 
Zhang et al. 2022). Studies on the vegeta-
tion at the border of the Cerrado and the 
Atlantic  Forest  should  help  protect  these 
biomes  and  clarify  the  relationships  be-
tween vegetation and habitat conditions.

In  this  study,  we  examined  the  use  of 
NDVI  to  assess  moisture  conditions  in 
ecosystems,  using  the  Ipanema  National 
Forest (INF) as a case study. This forest is 
located  at  the  boundary  between  the 
Brazilian  Cerrado  and  the  Atlantic  Forest 
biomes. It was assumed that (i) the water 
accessible to plants is affected by the sum 
and distribution of  atmospheric  precipita-
tion and the differentiated water retention 

capacity depending on the variability of the 
terrain  properties  (land  relief,  geology, 
soils), (ii) the humidity level of the habitat 
affects  the  diversity  of  the  vegetation 
cover, and (iii) the NDVI values of the vege-
tation depends on the amount of available 
water.  Based  on  these  assumptions,  the 
hypothesis  was  formulated  that  habitat 
moisture levels,  influenced by vegetation, 
could  lead  to  differences  in  NDVI.  These 
variations  in  NDVI  values  could  then  be 
used to assess differences in habitat mois-
ture. The aim of the study was to develop a 
mathematical model based on NDVI, vege-
tation types, and various habitat conditions 
to  monitor  changes  in  habitat  moisture. 
NDVI has not yet been used in this context. 
This information can help understand how 
ecosystems  are  responding  to  climate 
change and other environmental stressors.

Material and methods

Study area
The  Ipanema  National  Forest  (INF)  is  a 

poorly studied protected area (Londe et al. 
2022). It encompasses approximately 5,000 
ha, of which 75% is covered by semidecidu-
ous (90% of all  forests) and rainforests in 
several  successional  stages  (Cavarzere  et 

al.  2017). Due to extensive exploitation of 
tree  species  over  the  last  two  centuries, 
the vegetation  consists  of  secondary  for-
ests (Saint-Hilaire 1976). The topography of 
the INF is highly diversified, and the soil is 
clay and rocky (Rossi 2017). From Septem-
ber to February, the climate is wet, while it 
is dry from March to August (Cavarzere et 
al.  2017).  According  to  Ferreira  &  Huete 
(2004), the territory lies within the Atlantic 
Forest  biome;  according  to  Pereira  et  al. 
(2018),  at  the southern range of  the Cer-
rado biome (Fig. 1).

Satellite data
Image  data  from  the  Sentinel-2  (A,  B) 

satellites  of  the  European  Space  Agency 
(ESA) were used for the analysis. The satel-
lites are equipped with an MSI sensor with 
characteristics  listed  on  the  ESA  website 
(https://sentinels.copernicus.eu/web/sentin
el/user-guides/sentinel-2-msi).  They  are  in-
stalled on two platforms, namely S2A and 
S2B.  Image  data  were  imported  into 
Google Earth Engine™ (GEE) and subjected 
to the automatic cloud cover assessment. 
Data  from  the  Level  L2A  product  were 
used for  the analysis.  It  means that  each 
image pixel for the spectral band contains 
a calibrated reflectance of the Earth’s sur-
face and was created as  a  result  of  geo-
metric correction that accounts for atmo-
spheric radiation changes.  In GEE, images 
with a cloud ratio of less than 10% with a 
defined  INF  area  were  selected.  For  this 
purpose, the SCL (Scene Classification Lay-
er) was used. On this layer, areas with the 
following values were identified: shadows 
-3, clouds with low probability -7, medium 
-8,  high  -9,  cirrus  clouds  -10.  Areas  with 
medium  and  high  probability  were  ex-
cluded  when  their  number  of  pixels  was 
greater  than 50.  In  total,  61  images from 
2018 to 2021 were selected. For all images, 
NDVI  was  utilized  for  calculations.  As 
shown in  Tab.  1,  the differences between 
Sentinel 2A and 2B are not significant and 
were therefore considered insignificant for 
the purposes of these studies.

NDVI  was  calculated  in  GEE.  The  multi-
layer file was downloaded and analyzed us-
ing QGIS ver. 3.22.8. The quality of RGB im-
ages  was  visually  assessed,  and  images 
with visible defects were discarded. In ad-
dition, a plug-in from the website http://ter 
rabrasilis.dpi.inpe.br/ was  installed  to  en-
able  the addition of  another  layer  of  the 
Cerrado forest ranges and Atlantic Forest 
biomes.  Habitat  layers  were  taken  from 
Willmersdorf (2017). The habitat and biome 
range  layers  were  multiplied  by  and  sub-
tracted from each other, and the resulting 
boundary  layer  was  used  for  calculations 
and for visualizing NDVI values. The calcula-
tions were performed using the zonal sta-
tistics plug-in, using the boundary layer and 
the  NDVI  map.  The  plug-in  is  a  standard 
QGIS plug-in that converts a raster layer to 
a vector layer and calculates variable statis-
tics  for a given area,  such as sum, mean, 
deviation, and median.
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Fig. 1 - Location of the Ipanema National Forest (INF). Location of the INF on the back-
ground of  the Cerrado biome (highlighted in grey),  according to  Ferreira & Huete 
(2004) (left) and Pereira et al. (2018) (right); in the middle relief map of the INF.

Tab.  1 -  Sentinel  2  channels  used  in  the  NDVI  calculations  (https://sentinel.esa.int/ 
web/sentinel/technical-guides/sentinel-2-msi/msi-instrument).

Sentinel 2 Bands B4 B8

Spatial resolution (m) 10 10

Sentinel 2A central 
wavelength (nm)

664.5 835.1

Sentinel 2B central 
wavelength (nm)

665.0 833.0

Sentinel 2A bandwidth (nm) 38.0 145.0

Sentinel 2B bandwidth (nm) 39.0 133.0

Other Characteristics pigment chlorophyll 
absorptions in red band 
(Yadav & Borana 2019)

responsive to canopy 
structural variations, canopy 

type, and architecture
(Yadav & Borana 2019)
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Modelling habitat moisture by NDVI in the Cerrado and Atlantic Forest biomes

Determination of the habitat moisture 
index

To determine the habitat moisture index, 
the following data were used: (i) data on 
precipitation for the years 2018-2021 taken 
from the Fezenda Ipanema Airport meteo-
rological  station (METAR),  located 300 m 
from  the  eastern  border  of  the  research 
area; this data provided the total precipita-
tion per hour,  with 24 measurements per 
day. (ii)  A relief  map generated based on 
the  global  elevation  model  SRTM  30  m 
(Farr et al. 2007). (iii) A map of geological 
formations  obtained  from  Willmersdorf 
(2017). (iv) A soil map obtained from  Will-
mersdorf  (2017).  (v)  A map of  vegetation 
types  generated  based  on  Willmersdorf 
(2017).

The classification of habitats into wet, hu-
mid, mesic, and dry categories is based on 
the total atmospheric precipitation, which 
was compiled as average values for 14-day 
periods.  This  classification  was  related  to 
changes in NDVI values, as illustrated in Fig. 
S2 (Supplementary material). According to 
the yearly trend, it  was assumed that the 
data for the first quarter of the year (Janu-
ary-March) correspond to the wet period, 
and those for the third quarter (July-Sep-
tember) correspond to the dry period. The 
second and fourth quarters (April-June and 
October-December,  respectively)  were 
considered transitional periods, and classi-
fied as “humid” and “mesic”, respectively.

Similarly, a subdivision of the year into 4 
quarters  was adopted for  analyzing NDVI 
data: (i) January to March; (ii) April to June; 
(iii) July to September; (iv) October to De-
cember. Each quarter was assigned colors 
corresponding to four classes of  decreas-
ing humidity: (i) wet - blue and light blue; 
(ii)  humid - green; (iii)  mesic -  yellow; (iv) 
dry - red.  To calculate the humidity index 
of habitats,  it  was assumed that:  (i)  class 
“g1” (wet) are areas where the contour of 
the blue and light blue colours are present 
in  all  four  quarters  of  the  year;  (ii)  class 
“g2” (humid) are areas where the contour 
of  the  blue  and  light  blue  colours  are 
present  in  three  quarters;  (iii)  class  “g3” 
(mesic) are areas where the contour of the 
blue and light blue colours are present in 
only two quarters; (iv) class “g4” (dry) are 
areas where the blue and light blue colours 
are present in only one quarter of the year. 
By  employing  applied  mathematical  algo-
rithms,  a  model  was  developed to  deter-
mine the contours  of  the areas  for  g1-g4 
classes  based  on  the  images.  Finally,  the 
habitat moisture index was determined  by 
linking  the  contours  of  the  habitat  mois-
ture levels determined by the model with 
vegetation, precipitation, soils, terrain, and 
geological formations.

The  model  validation  involved analyzing 
results  in  relation  to  soil  and  terrain  fea-
tures that are closely associated with mois-
ture, e.g., the relief of a river valley (Fig. 2g) 
which collects precipitation water, and flu-
visols (Fig. 2c), which are soils particularly 
dependent on the river water level.

Statistical analysis
The primary goal of the statistical analysis 

was to assess whether the 38 parameters, 
categorized into four groups (altitude, veg-
etation, soils, and geology), could validate 
the classification of INF habitats into four 
moisture  groups  (g1-g4).  These  groups 
were based on habitat moisture as derived 
from NDVI and other related parameters. 
The aim was to confirm the accuracy of the 
NDVI-based  habitat  humidity  assessment 
model,  rather  than  prove  that  NDVI  indi-
cates humidity.

Three tools were used for the above pur-
pose: the study of the covariance matrix, 
two  dimensionality  reduction  algorithms 
(PCA  and  UMAP),  and  a  g1-g4  classifier 
built  using  the  adopted  parameters.  The 
UMAP  algorithm  (https://arxiv.org/abs/18 
02.03426) is far more promising than PCA. 
UMAP focuses on a low-dimensional repre-
sentation that best reflects the topological 
structure of the original (high-dimensional) 
data. It is an alternative to the t-SNE meth-
od, a commonly used nonlinear dimension 
reduction algorithm. UMAP produces simi-
lar or better representations, as it  retains 
more global data features, and its output is 
more stable. Moreover, UMAP is more effi-
cient than t-SNE in both dimensionality and 
data size.

To  construct  a  classification  model  of 
classes g1-g4 based on 38 parameters, we 
tested five classification algorithms: (i) lin-
ear discriminant analysis (LDA); (ii) quanti-
tative descriptive analysis (QDA); (iii) logis-
tic regression; (iv) support vector machine 
(SVM); (v) Random forest.

All calculations were made using Python 
and  the  scikit-learn  library  (https://scikit-
learn.org/stable/).  The  dataset  used  con-
sisted of  510 cases,  classified into classes 
g1-g4 according to 38 parameters: 11 class-
es  of  vegetation cover,  10  classes  of  alti-
tude, nine classes of soil, and eight classes 
of geological formations. The INF area was 
divided into  1×1  km squares,  creating dis-
tinct  sets  in  which  classes  g1  through g4 
were established. Each square contained a 
variety  of  habitat  conditions  and  vegeta-
tion types, allowing us to treat each square 
as a separate sample (Fig. S1 in Supplemen-
tary  material).  For  each  tested  model, 
learning  curves  were  generated  (Géron 
2019)  and the accuracy  and mean square 
error of the model were recorded. 

The methods were tested on training and 
validation  datasets  as  a  function  of  the 
amount  of  training  data.  The  “Learn-
ingCurveDisplay.from_estimator” function, 
which visualises the method’s error as neg-
ative  values,  was  used  to  generate  the 
curves, where higher values indicate higher 
quality (https://scikit-learn.org/stable/modu 
les/model_evaluation.html#scoring-param 
eter). The cross-validation level was set to 
30. Graphs were created for seven tested 
algorithms.  As  for  the  SVM  algorithm, 
three kernels were tested: linear functions, 
polynomial  functions  (e.g.,  a  fifth-degree 
polynomial), and radial basis functions.

Results
The analysis of NDVI-based images show-

ed that INF vegetation is clearly rainfall-de-
pendent,  as reflected by its partition into 
dry and wet seasons (Fig. S2 in Supplemen-
tary material). It also highlighted the rela-
tionships  between  vegetation,  soil  types, 
geological formations, and relief.

Fig.  2 shows the diversity  of  vegetation 
cover (2a, 2b), soil types (2c, 2d), geological 
formations (2e, 2f), and relief (2g, 2h) com-
pared to NDVI diversity.

Statistical analysis
Covariance  matrix  analysis  (Fig.  3)  re-

vealed  that:  (i)  altitude  parameters  are 
weakly or very weakly correlated with pa-
rameters  belonging  to  other  groups;  the 
maximum correlation values  and the per-
centage  of  zeros  for  individual  groups 
were,  respectively,  0.09 and 0.7  with  the 
parameters of  the vegetation group,  0.18 
and 0.73 with the group of geological pa-
rameters, and 0.19 and 0.74 with the group 
of soil parameters; (ii) the group of vegeta-
tion parameters was fairly correlated with 
the  group  of  geological  parameters  and 
the  group  of  soil  parameters;  the  maxi-
mum  correlation  values  and  the  percent-
age of zeros for individual groups were re-
spectively: 0.49 and 0.33 with the group of 
geological  parameters,  0.41 and 0.13 with 
the group of soil parameters; (iii) the group 
of geological parameters was fairly corre-
lated  with  the  group  of  soil  parameters; 
the maximum correlation value was  0.72, 
while the percentage of zeros was 0.1. This 
suggests  considering  class  parameterisa-
tion limited to the altitude block and one 
of the other three blocks.

The PCA algorithm results indicated that 
trying  to  reduce  the  parameter  space  di-
mension with a linear model is likely to fail. 
Fig.  S3  (Supplementary  material)  shows 
the percentage distribution of the degree 
of  explanation  for  all  principal  compo-
nents. The quantitative impact of the origi-
nal parameter values for the first ten princi-
pal components is visualised in Fig. S4. It is 
clearly visible that the three blocks (vege-
tation,  geology,  and soil)  equally  strongly 
affect  their  construction,  which  suggests 
their mutual redundancy.

Fig. S5 illustrates the 510 examined cases 
projected onto the first two UMAP compo-
nents.  The  poor  separation  of  groups  g1 
and g4 does not concern the natural habi-
tat conditions in the field, but the presenta-
tion of the UMAP analysis results in a multi-
dimensional  space  (38  dimensions).  The 
overlap between groups g1 and g4 may re-
flect their  narrow range of  habitat  condi-
tions (although completely different), and 
thus fewer occurrences, which makes the 
groups  more  mathematically  similar  to 
each  other.  However,  it  is  worth  noting 
that  on  the  horizontal  axis,  within  the 
range 4 to 5.5, there is an apparent cluster-
ing of points representing group g1.

The separation of groups g1 to g4 is not 
perfect, but it is adequate to validate the 
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ation of INF vegetation cover 
(2a), soil types (2c), geology (2e) 
and relief (2g) on the back-
ground of average (2018-2021) 
NDVI values in relation to the 
contours of vegetation (2b), 
soils (2d), geology (2f) and relief 
(2h). Legend to Figure 2a: 1 - 
Rocky Outcrop (Grasses/Shrubs) 
[Portuguese: Afloramento 
Rochoso (Gramineas/Arbusti-
vas)]; 2 - Agriculture (Pasture/
Cultivation) [Agropecuaria 
(Pastagens/Cultivos)]; 3 - Urban 
Area (Buildings/Towns) [Área 
Urbana (Edificações/Vilas)]; 4 - 
Cerrado (Campo Sujo); 5 -Water 
Bodies (Reservoirs) [Corpo 
d’Água (Reservatórios)]; 6 - For-
est in Regeneration (Floresta em 
Regeneração); 7 - Seasonal 
Semideciduous Forest (Floresta 
Estacional Semidecidual); 8 - Min-
ing (Cavages/Buildings) [Miner-
ação (Cavas/Edificações)]; 9 - 
Reforestation (Exotic) [Reflo-
restamento (Exóticas)]; 10 - 
Reforestation (Native) [Resflo-
restamento (Nativas)]; 11 - Flood-
plain [Várzea (Alagados/Brejos)]. 
Legend to Figure 2c: 1 - Acrisols 
(In Portuguese Argissolo Ver-
melho Amarelo Distrófico); 2 - 
Gleysols (Gleissolo); 3 - Ferralsols 
(Latossolo Amarelo); 4 - Ferral-
sols (Latossolo Vermelho Distró-
fico); 5 - Neossolo Litólico Aflo-
ramento (no equivalent in 
IUSS/WRB 2015); 6 - Fluvisols 
(Neossolo Flúvico); 7 - Neossolo 
Latólico Listico (no equivalent in 
IUSS/WRB 2015); 8 - Neossolo 
Litólico Distrófico (IUSS/WRB 
2015); 9 - Neossolo Litólico 
Húmido (IUSS/WRB 2015). Leg-
end to Figure 2e: 1 - Amphibolite 
(Portuguese: Anfibolito); 2 - Con-
glomeratic Sandstone (Arenito 
Conclomeratico); 3 - Claystones 
(Argilito); 4 - Basic eruptive: 
basalt (Eruptivas basicas 
basalto); 5 - Stratified rock, 
verve (Folhelho Varvito); 6 - Por-
phyroid-granite (Granito por-
firoide); 7 - Alkaline Intrusives: 
Shonkinite-porphyry (Intrusivos 
Alcalinas Shonkinito-porfito); 8 - 
Quaternary (Quaternario).
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selection  criteria  used  for  distinguishing 
these moisture groups. Given the different 
ontologies of the 38 parameters, the uni-
versal  Euclidean  metric  was  employed  to 
measure the distance between them. Addi-
tionally, a value of seven was assumed for 
the number of neighbors when estimating 
the  similarity  measure.  This  choice  sug-
gests a reasonable level of “local” calcula-
tions within the 38-dimensional space.

The  accuracy  and  the  error  rate  of  the 
learning  curves  are  presented  in  Fig.  S6 
(Supplementary material), where the aver-
aged  (smoothed)  curves  for  the  training 
and  validation  sets  are  reported,  along 
with their variance (indicated by the lighter 
bands  surrounding  the curves).  Based on 
the analysis of these graphs, we can draw 
the  following  key  considerations.  (i)  The 
510 samples used are adequate to achieve 
stable results,  as indicated by the flatten-
ing  curves.  (ii)  Two  methods,  LDA  and 
SVM-poly,  demonstrated  abnormally  low 
accuracy.  The significant increase in SVM-
poly's accuracy around 470 training cases, 
after prior stabilization, is likely a numerical 
anomaly. (iii) In all cases, except for SVM-
poly,  the  variance  of  the  training  set  de-
creases  (improving  or  worsening)  as  its 
size increases. This suggests that the infor-
mation  quality  of  the  training  set  is  rela-
tively good.  (iv) A high variance in the vali-
dation set coupled with a low variance in 
the training set indicates that the model is 
overfitting, meaning it was too rigidly tai-
lored to the training data. This is evident in 
all  cases  except  SVM-RBF  and  QDA.  In 
QDA, a training set larger than 200 cases in-
creased the variance, with additional data 
adding  only  noise,  and  results  stabilizing 
before reaching 200. Possible strategies to 
reduce overtraining include testing a wider 
range  of  standard  regularisation  parame-

ters  and modifying  the  parameter  set  by 
removing some and/or  adding  new ones, 
which  is  more  difficult  both  conceptually 
and in terms of cost. The analysis of covari-
ance described above supports the reduc-
tion of highly correlated groups.

A relatively small variance was observed 
in the validation set across specific ranges 
of training set size for the random forest 
algorithm. A general upward trend in this 
variance (similar to QDA) suggests that in-
formation noise increases as the size of the 
training set grows. 

The  above  results  prompted  us  to  test 
three algorithms using a reduced set of pa-
rameters,  consisting  of  the  two  blocks 
height and vegetation. In the case of the 
QDA algorithm, this set proved numerically 
unstable. The learning curves for the other 

two  cases  (SVM-RBF  and  random  forest) 
are shown in Fig.  S7 and Fig.  S8 (Supple-
mentary material).  In both cases,  minimal 
loss in accuracy was observed, along with a 
reduction in  the validation  set’s  variance, 
especially  with  random  forests.  This  de-
monstrates that the SVM-RBF and random 
forests algorithms achieve fairly good clas-
sification  of  the  defined  moisture  classes 
with the adopted set of parameters, there-
by confirming the adequacy of the class g1-
g4 definitions.

The significance of the altitudinal parame-
ters group was further confirmed when a 
classifier was developed using only param-
eters from the vegetation, geological, and 
soil groups. This is illustrated by the learn-
ing curve for the random forest algorithm 
(Fig. S8), which reveals a marked decrease 
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Fig. 3 - Covariance matrix. 
Green boxes indicate high 

parameter dependence; 
orange boxes indicate fields 

excluded from the correlation 
analysis; the individual blocks 

of the tested parameters 
were separated using sand, 

blue, and grey colours.

Fig. 4 - Relationships 
among individual 
parameters, NDVI 
values, and habitat 
moisture classes for 
INF.
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in accuracy and a considerable increase in 
variance for  both the training and valida-
tion sets.

Summary of results
NDVI value ranges were assigned to the 

different humidity levels in the study area 
based  on  the  aforementioned  analyses. 
When the average annual NDVI value was 
in the range 1.00-0.86, the habitat was con-
sidered wet (g1); when it was 0.85-0.81, the 
habitat was considered moist (g2); habitats 
with average annual NDVI within the range 
0.80-0.73  were  considered  mesic  (g3); 
while when average annual NDVI was be-
low 0.73,  the  habitat  was  considered dry 
(g4).

The diagram of the relationships among 
individual  parameters,  NDVI  values,  and 
habitat  moisture  classes  for  the  INF  is 
shown in Fig. 4.

Discussion
Studies on NDVI have revealed complex 

relationships  among  this  index,  meteoro-
logical  factors,  soil  moisture,  and vegeta-
tion cover type (Chen et al.  2014,  Piedallu 
et al. 2019, Giuseppi et al. 2021, Zhang et al. 
2022).  Our  results  from  the  Ipanema  Na-
tional Forest confirmed that a complex set 
of  factors,  including  climate,  relief,  alti-
tude, geology, and soil type, affects vege-
tation  cover  and  its  moisture  status.  Ac-
cording to Mazón et al. (2020), the effects 
of elevation on various forest characteris-
tics remain poorly understood. Regardless 
of habitat conditions, forests are primarily 
found in  the higher  mountainous  regions 
of the study area, likely due to the inacces-
sibility  of these areas,  which makes them 
unsuitable for agricultural development. At 
the  same  time,  seasonal  semideciduous 
forests  (Fig.  2)  had  the  highest  average 
NDVI values from 2018 to 2021. This is due 
to the river valley's relief (Fig. 2g), where 
fluvisols  (Fig.  2c)  developed by  collecting 
water from precipitation, thus supporting 
the link between terrain and soil. Gleysols, 
associated with high humidity (Sposito et 
al. 2008), are also found in this area. How-
ever, the average NDVI values for 2018-2021 
in these soils are markedly lower (Fig. 2c). 
This  may  be  due  to  different  vegetation 
cover, which is mainly composed of planta-
tions of alien species on gleysols. The most 
planted forest species in South America is 
eucalyptus (Freitas et al. 2020), which may 
change the natural water regime (Reichert 
et al. 2021). Eucalypt monocultures are also 
present in the INF (Londe et al. 2022).

Among the different types of plant cover, 
cerrado campo sujo is noted in the INF (Fig.
2a), which would confirm the range of this 
biome given by  Pereira et al. 2018 (Fig. 1). 
At  the same time,  these are lower,  more 
easily accessible mountain locations, there-
fore their transformation may be affected 
by human activities.  The share of  agricul-
tural and urbanised areas in the lower part 
of the study area seems to confirm it (Fig.
2a). At the same time, it is a low-moisture 

area (Fig. 2b) that corresponds to the char-
acteristics of the Cerrado described by Fer-
reira & Huete (2004). These authors noted 
that the Cerrado region extends much far-
ther north of the INF. Given the 14-year gap 
between the studies conducted by Ferreira 
& Huete (2004) and  Pereira  et  al.  (2018), 
this  suggests  that  the  increasing  human 
pressure in the INF surrounding has forced 
forests into more remote areas.

The Cerrado biome,  characterized by its 
canopy cover, animal grazing, land conver-
sion into pasture and agriculture, and mois-
ture  conditions,  is  similar  to  the  type  of 
vegetation  noted  in  the  central  part  of 
Poland  (European  xero-thermophile  oak 
woods – European Commission 2013), a re-
gion  where  the  lowest  precipitation  and 
NDVI values were shown (Fig. S9 in Supple-
mentary material). This is also the most de-
forested  lowland  part  of  the  country, 
where human activity has led to the disap-
pearance  of  natural  hornbeam  and  oak 
forests.  At  the  same  time,  it  is  unclear 
whether  xero-thermophile  oak  woods 
thrive in the central part of the country be-
cause of the drier climate or if  deforesta-
tion  has  caused  the  climate  to  become 
drier. To some extent, a similar phenome-
non may occur at the border between the 
Cerrado and the Atlantic  Forest,  which is 
strongly influenced by human activity. 

Our  results  confirm  the  relationship  be-
tween NDVI and the moisture content of 
forest areas. Fig. S9 (Supplementary mate-
rial)  shows that  the  adopted method for 
assessing habitat moisture status is univer-
sal and can be applied worldwide.

Comparing  the  Brazilian  Cerrado  to  the 
European xerothermophile  oak woods in-
volves examining how human activities im-
pact  forest  management.  This  includes 
practices such as livestock grazing and the 
conversion of  forested areas  into agricul-
tural land and pastures.  Although a more 
comprehensive analysis of this comparison 
could be the focus of a separate study, this 
example illustrates that geographically dis-
tant  forest  ecosystems  can  be  compared 
quickly and affordably. However, to effec-
tively interpret the data, it is necessary to 
use  a  combination of  satellite  techniques 
and terrestrial data. Key factors to consider 
include vegetation cover diversity,  soil  di-
versity,  and  terrain  variations.  This  ap-
proach was exemplified by the case study 
of the Ipanema National Forest.

Conclusions
The Normalized Difference Vegetation In-

dex  (NDVI)  is  widely  used  for  estimating 
vegetation  greenness  and  moisture  con-
tent.  However,  our  results  proved  that 
NDVI  can  also  be  used  to  build  reliable 
models  for  assessing  habitat  moisture. 
Among the algorithms tested, UMAP was 
found to be the most effective. By using av-
erage NDVI values from 2018 to 2021,  we 
classified the study area into four moisture 
classes: g1 (wet habitat  – average NDVI  = 
1.00-0.86), g2 (moist – 0.85-0.81), g3 (mesic 

– 0.80-0.73),  and g4 (dry  – average NDVI 
value < 0.73).

The method used in this study is easy to 
apply, cost-effective, and provides high-res-
olution (10×10 m) data applicable to large 
geographical  areas.  The  results  showed 
that the method can be applied across di-
verse  environmental  conditions,  including 
different vegetation cover types, soil types, 
and geological sediments. It can be used to 
assess habitat moisture diversity, compare 
moisture levels across habitats, and moni-
tor them over time. For example, our study 
identified the boundary between two criti-
cal  biomes,  the  Atlantic  Forest  and  Cer-
rado, in the study area and suggested in-
creased  anthrogenic  pressure  in  the  sur-
roundings of the INF,  forcing forests into 
less accessible areas.

Overall, this method provides a practical, 
efficient tool for assessing habitat moisture 
that  can  benefit  research  fields  such  as 
ecology,  conservation  biology,  and  land 
management.
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