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Resumo 

Informações geotecnológicas são cada vez mais utilizadas para monitorar povoamentos florestais por 
meio de técnicas e procedimentos analíticos para plantações em larga escala. O objetivo deste estudo 
foi avaliar a relação entre variáveis espectrais (através de índices de vegetação) usando imagens do 
satélite RapidEye, variáveis dendrométricas e o índice de uniformidade em plantações de teca, aplicando 
a análise de componentes principais. O experimento foi implantado em 2015, distribuído em 12 unidades 
experimentais, e foram medidas 50 árvores por unidade. Os dados de campo foram obtidos a partir do 
inventário florestal realizado em maio de 2019, quando foram coletados dados de altura total (ht) e 
diâmetro a 1,30 m de altura (dap) de todas as árvores. Foi observada uma forte correlação negativa entre 
os índices de vegetação e as variáveis dendrométricas com índice de uniformidade. A análise de 
componentes principais indicou a possibilidade de diferenciar plantações uniformes das não-uniformes. 
Portanto, é possível prever uniformidade em povoamentos de teca através da correlação entre variáveis 
dendrométricas e variáveis espectrais do satélite RapidEye. 

Palavras-chave: Imagens RapidEye; Índice de Vegetação; Índice de Uniformidade; Silvicultura clonal. 

Abstract 

Geo-technological information is increasingly used to monitor forest stands through analytical 
techniques and procedures for large-scale plantations. The objective of this study was to evaluate the 
relationship between spectral variables (through vegetation index) using images from the RapidEye 
satellite, dendrometric variables and the uniformity index in teak plantations by applying principal 
component analysis. The experiment was implemented in 2015, distributed in 12 experimental units, and 
50 trees were measured per unit. The field data were obtained from the forest inventory carried out in 
May 2019, when data on total height (ht) and diameter at 1.30 m height (dbh) of all trees were collected. 
A strong negative correlation was observed between vegetation indexes and dendrometric variables with 
uniformity index. The main component analysis indicated the possibility of differentiating uniform from 
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non-uniform plantations. Therefore, it is possible to predict uniformity in teak stands through the 
correlation between dendrometric variables and spectral variables from the RapidEye satellite. 

Keywords: RapidEye image; Vegetation index; Uniformity index; Clonal silviculture. 

INTRODUCTION 

In recent years, the demand for forest products has grown significantly to meet societal 
needs. According to IBÁ (Indústria Brasileira de Árvores, 2019), the GDP of the Brazilian forest 
sector increased by 13% compared to 2017, due to the increase in exports of forest products. 
In addition, the sector's export reached historical levels, with products such as cellulose in 
third place among the products exported by agribusiness. 

Teak ranks among the most promising exotic species in Brazil; there are approximately 
6.8 million hectares cultivated worldwide, providing high added value products with high 
economic return (Midgley et al., 2015). Due to its quality and added value, knowing its 
development processes is fundamental to promote decisions during forest management, 
resulting in efficient and sustainable exploitation. 

In this regard, monitoring the uniformity of the forests is of great relevance, since it makes 
it possible to evaluate the degree of intraspecific competition, which starts at the closing of 
the canopy (Binkley, 2004). According to Stape et al. (2010), this competition increases the 
number of dominated individuals, that is, it decreases the homogeneity of planting. This fact 
allows classifying regions of the stand with lower productivity. With this knowledge, it is 
possible to apply silvicultural treatments that favor greater stand uniformity, which can also 
influence wood growth (Stape et al., 2010; Binkley et al., 2010). 

However, high costs can prevent the implementation of new stands, or even make it 
difficult to monitor existing ones. However, remote sensing technologies (SR) help to increase 
information from forest inventories, using data detected remotely, efficiently and less costly. 
Using DataLiDAR (Light Detection and Ranging), Wallace et al. (2016) obtained information on 
heights and tree identification in support of forest inventory, reducing data acquisition time 
when compared to traditional methods of measuring with an inventory team in the field. 

In addition, there are orbital sensors, where RapidEye® stands out with high spatial and 
temporal resolution, which can circumvent obstacles such as the presence of clouds. It 
provides multispectral data with a special 6.5 m resolution, 5 days temporal and has the Red 
Edge band. The advantage of this band in the forest area is the greater sensitivity to different 
vegetation patterns than the NIR band. This is due to the fact that Red Edge is more sensitive 
to the different levels of chlorophyll that produce large differences in reflectance and 
transmittance of the leaves (Gitelson et al., 2005; Hatfield et al., 2008). 

These characteristics make RapidEye a potential supplier of covariates, which help in 
digital mapping and in inferring the condition of plant canopies and, therefore, predict 
variations in characteristics. Some studies have already demonstrated that it is possible to 
evaluate the behavior of canopies. Ollinger et al. (2008), demonstrated a result of the effects 
of canopy structure, combined with other factors, such as soil. Through satellite data, canopy 
reflectance has been used to estimate canopy structure and photosynthetic production 
(Muraoka et al., 2013). Noda et al. (2021) found distinct eco-physiological processes of plants 
in spectral profiles of individual leaves and entire crowns in seasonal deciduous forests. 

Santos et al., (2021), predicted canopy closure by remote sensing in Tectona grandis L.f.. 
Wallner et al. (2018), with RapidEye data, confirmed the feasibility of classifying spectrally 
homogeneous segments of a heterogeneous forest into deciduous and coniferous forest 
classes. Therefore, it is feasible to use products from this satellite to monitor uniformity in 
teak plantations, contributing to more assertive inferences in forest management. 

Due to the great commercial importance of teak, this study aimed to predict the 
uniformity in teak forest stands through the correlation between dendrometric variables and 
spectral variables from the Rapideye satellite, applying the multivariate analysis of principal 
components. 
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MATERIAL AND METHODS 

Area of study 

The study area is located in southeastern Pará State, in the municipality of Santa Maria 
das Barreiras (Figure 1). The region has an average altitude of 252 m, average annual 
temperature of 26.9°C, and total annual rainfall of 2,103 mm. According to the Köppen climate 
classification, the climate of the region is tropical monsoon (Am) with dry winter (Alvares et al., 
2013). 

 
Figure 1: Location of the study area 

Obtaining dendrometric variables and calculating the uniformity index 

The experiment commenced in 2015, with the installation of 12 rectangular experimental 
units (plots), 6 plots of 1,200 m2 with 6 m x 4 m spacing and 6 of 1,000 m2 plots with 5 m x 4 m 
spacing, arranged in bands. In these plots, the diameters were measured at 1.30 m tree height 
(dap) and total height (ht) of all individuals. The forest inventory was carried out in 2019, when 
the census of the plots was done, with 50 trees being measured in each plot, making a total of 
600 individuals sampled. 

To obtain the uniformity parameters, the methodology developed by Hakamada et al. (2015), 
in clonal Eucalyptus plantations was adopted. In this study, the PH50 (fifty percentile of heights) was 
calculated, as described by (Santos et al., 2019). The PH50 index is the accumulated percentage of 
50% of the smallest trees in the plot, sorted in increasing order, according to Equation1. In this 
work, the PH50 is portrayed as IU (uniformity index). 
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PH50 = cumulative percentage of the height of 50% of the smallest trees planted; ht = height 
of the tree 𝑖𝑖; 𝑛𝑛 = number of trees planted in order (from smallest to largest). 

In the parameterization of the index, the optimal uniformity interval (IOU) was 
determined, with the objective of evaluating the uniformity behavior according to the 
production potential. Its upper limit is 0.5 and the lower is the mean of the PH50, subtracted 
once from the standard deviation (Equation 2). 

( )1* 50%ij ij ijIOU X S IOU= − < <  (2) 

where: IOU  = Optimal Uniformity Interval of plot i at age j; ijX = mean PH50 of plot i at age j; 

ijS  = standard deviation of the mean PH50 of plot i at age j. 

The IOU makes it possible to characterize the maximum homogeneity and the minimum 
necessary to be considered uniform. For that, the plots sampled were selected because they 
had genetically identical plants, ensuring that the uniformity pattern within the plot is only a 
result of the quality of silvicultural management. 

RapidEye image selection and pre-processing 

In order to relate the field data with the SR, a RapidEye image was used, referring to the 
municipality of Santa Maria das Barreiras/PA, captured in May, 2019. The ortho-rectified scene 
had less than 20% cloud cover (in the evaluated plots there was no cloud cover), processing 
level 3A, with spatial resolution of 6.5 m, and the Mercator Transverse Projection System 
(UTM), Datum WGS 84. 

The digital values in 12 bits were converted to reflectance at the top of the atmosphere, 
where the digital values of the pixels were first converted to radiance at the sensor level 
(Equation 3), obtained by multiplying the original digital values by a Radiometric scale factor 
(BlackBridge, 2013). 

*RAD VD FE=  (3) 

where: 
RAD = radiance at the sensor level (unit of measurement = W.m-2.sr.μm); VD = original digital 
value; and FE = Radiometric scale factor = 0.01. 

In order to transform radiance into reflectance, it is necessary to relate the radiance 
values to the radiance with which the object is illuminated. Generally, this procedure is 
performed by means of an atmospheric image correction software. In this way, the 
atmospheric impact on the radiance values is eliminated at the same time. However, it is 
possible to neglect the atmospheric influence by calculating the reflectance at the top of the 
atmosphere (REF), according to (Equation 4) (BlackBridge, 2013). 

( ) ( ) ( )
* ²

*
п SunDistREF RAD i

EAI I cos SolarZenith
=  (4) 

where: 
REF =  reflectance value of the top of the atmosphere; i  = number of spectral band; RAD  = radiance 

value at the sensor level; SunDist  = Earth-Sun distance in astronomical unit (depends on the day, 
ranges from 0.983289 UA to 1.016710 UA, where UA = astronomical unit); EAI  = exo-atmospheric 
irradiance; and SolarZenith  = solar zenith angle in degrees (90º - angle of solar elevation). In this study, 
the Earth-Sun distance considered was 1 UA. 
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The zenith angle values and the Earth-Sun distance are available in the image header, a 
file identified as metadata.xml. The exo-atmospheric irradiance (EAI) values, (Table 1), were 
made available by the technical specifications of BlackBridge (2013). The ArcMap 10.3 program 
was used to convert radiance to reflectance. 

Table 1. Exo-atmospheric irradiance (EAI) values used in this study to convert radiance values at the 
sensor level to reflectance at the top of the atmosphere 

Spectral Band EAI (W.m-2.µm) 
B1 - 440-510 nm (Blue) 1997.8 

B2 - 520-590 nm (Green) 1863.5 
B3 - 630-690 nm (Red) 1560.4 

B4 - 690-730 nm (Red edge) 1395.0 
B5 - 760-880 nm (Near infrared) 1124.4 

Vegetation indexes 

In addition to the vegetation indexes, the green (Green) and red (Red) bands were 
individually maintained (Table 2). The choices were made according to the variables that 
presented the highest correlations, and then included in the principal component analysis. 

The vegetation indexes were obtained with the mathematical band tool of the ArcMap 
10.3 software. A total of 12 polygons were used, one for each plot sampling 80% for the pixels. 
Borders were left, according to visual classification and then the numerical values were 
extracted. These indexes were chosen due to the presence of the Red Edge band in its 
composition and indications from the literature. 

Table 2. Vegetation indexes analyzed in the present study 

Vegetation indexes Equation 
SR - Simple Ratio SR=NIR/RED 

NDVI_Red Edge - Normalized Difference Vegetation 
Index with Red Edge band 

NDVI Red Edge= (NIR-Red Edge)/(NIR+Red Edge) 

NDVI - Normalized Difference Vegetation Index NDVI=(NIR-RED) /(NIR+RED) 
DVI - Difference Vegetation Index DVI=NIR-RED 

SAVI - Soil Adjusted Vegetation Index SAVI=(NIR-RED) /((NIR+RED+L) *(1+L)) 
EVI - Enhanced Vegetation Index EVI=(G*(NIR-RED))/(NIR+C1*RED-C2*BLUE+L)) 

MTCI - MERIS terrestrial chlorophyll index MTCI= (NIR - Red Edge) / (Red Edge-RED) 
CI – Green Chlorophyll Index CI= (NIR)/Green-1 

VARIRed Edge – Visible Atmospherically Resistant Index VARI = (Red Edge-RED) / (Red Edge-RED) 
Where: NIR = near infrared band; RED = red band; Green = green band; the values for the constants are: G = 2.5, L=1, 
C1= 6 and C2 = 7.5. 

Statistical analysis 

For correlation analysis, the data were interpreted according to the classification 
proposed by Lopes (2016), described in Table 3. 

Table 3. Classification of the values of the linear correlation coefficients 

Correlation Coefficient Interpretation 
r =1; r = -1 Perfectly positive/negative 

0.8 ≤ r <1; -0.8 ≤ r < -1 Strongly positive/negative 
0.5 ≤ r < 0.8; -0.5 ≤ r < -0.8 Moderately positive/negative 
0.1 ≤ r < 0.5; -0.1 ≤ r < -0.5 Weak positive/negative 

0 ≤ r < 0.1; 0 ≤ r < -0.1 Tiny positive/negative 
0 Nil 
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Pearson's correlation analysis was performed, seeking the degree of relationship 
between dendrometric variables, vegetation indexes and bands of RapidEye images. The 
means per plot of each variable obtained with the software R version 3.6.2 (R Core Team, 2020) 
was used and the spectral values of the vegetation indexes and bands were obtained through 
the software ArcGis 10.3. 

After evaluating the correlation analyses, only the indexes and bands that were 
correlated with the dendrometric data were separated for the study of multivariate analysis, 
with moderate (positive / negative) correlation being used as the minimum limit. 

In applications involving remote sensing, the variables, whether by means of bands or 
dendrometrics, show great correlation with each other, so the information that is present in 
one variable can be explained by another. For this reason, variables that were closer in 
different stages of uniformity and their behavior were analyzed, explaining the variability of 
the variables collected with a smaller number of alternative variables. 

For principal components analysis, bands B2 and B3 were considered independently, 
together with the vegetation indexes that had moderate correlation (positive / negative) and 
indicated dendrometric variables. 

Principal Component Analysis (PCA) is the statistical method used to analyze the large 
combination of pixels, regardless of color scales. The objective was to reduce highly correlated 
data and project them into a subspace of reduced dimensions using linear combinations of 
the original data (Ribas & Vieira, 2011). Such combinations are called principal components 
and are not correlated with each other. 

Data were standardized by the ln method and afterwards the number of main 
components representing most of the total variation above 80% of influence were selected 
according to (Silva, 2016). For processing, the correlation matrix was used. 

RESULTS AND DISCUSSION 

Uniformity Index 

According to Table 4, only 3 plots were not within the optimal uniformity range. 

Table 4. Uniformity values per plot along with the optimal uniformity range 

Plots PH50 Uniformity IOU 
2101 0.4669 Uniform 

0.3692 ≤ IU ≤ 0.5 

2102 0.4301 Uniform 
2103 0.4538 Uniform 
2104 0.4547 Uniform 
2105 0.3766 Uniform 
2106 0.4715 Uniform 
2811 0.4206 Uniform 
2812 0.3578 NonUniform 
2813 0.3546 NonUniform 
2814 0.3668 NonUniform 
2815 0.3758 Uniform 
2816 0.4384 Uniform 
Mean 0.4139   

The average PH50 obtained in the study plots was 0.41. Hakamada et al. (2015) used 
volume data in Eucalyptus and obtained 0.29 as the mean uniformity value at 2 years of age 
and it increased to 0.42 at 14 years. In clonal teak plantations, Santos et al. (2019) found a 0.45 
average uniformity for 9-year data and 0.46 for 11-year data. 
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As observed by these authors, young plantations display less uniformity, and this value 
increases when the plantation is established. The IOU could therefore be established as a 
single interval for all genetic sites and materials, with a limit lower than 0.37. 

Three plots did not fit as being uniform; in the land distribution these were located 
nearby. According to Binkley et al. (2010), uniform plants in the same sampling unit can be 
indicators of the adequacy of the supply of resources for growth. Therefore, soil conditions or 
relief may cause non-uniformity. To evaluate the interference of these non-uniform plots, they 
were maintained for principal component analysis. 

Several studies have reported that the partial or unequal supply of resources, especially 
in the initial growth phase, can cause an increase in competition between individuals, 
rendering the plantation heterogeneous (Binkley et al., 2010; Stape et al., 2010). 

Correlation of variables 

Figure 2 shows the results of the correlations between the dendrometric data, the 
calculated indexes and the bands of the RapidEye images, sampled in the 12 plots. 

 
Figure 2. Significant correlation values (for α = 5%) between the spectral bands, vegetation index of the 

RapidEye satellite and dendrometric parameters of teak plantations. 

After Pearson's correlation analyses, only the variables that yielded a moderate 
correlation (positive / negative) when considering the uniformity, were considered, being the 
bands of green (B2), and red (B3), DVI, SAVI, EVI, MTCI, CI, VARIRed, ht and IU significant at 95% 
probability. The ht had a strong negative correlation with variables of the RapidEye satellite. 

According to Santos et al. (2021), the absorption and reflectance of light from the canopy 
of healthy trees differs from those canopies with physiological disturbances. With the increase 
in the amount of vegetation and leaf pigments, there is a higher absorption of electromagnetic 
radiation in the red band (B3), and higher reflectance in the green band (B2). 

As for the canopy, the radiation that reaches it is absorbed, transmitted or reflected by 
leaves, branches and soil surface. The reflectance configured by this combination of factors is 
used to estimate the structure of the canopy (Muraoka et al., 2013). In deciduous forests such 
as teak, phenology phenomena are apparently more represented by seasonal changes related 
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to leaf growth and fall, as well as spectral properties that change according to the stage and 
position of the vegetation canopies (Noda et al., 2021). 

Motohka et al., (2010), showed that the green band and red band reflectance patterns of 
deciduous forests are unique during the early leaf growing season. Green band reflectance 
increased after leaf emergence and decreased after canopy closure, while red band 
reflectance continued to decrease after leaf emergence. Therefore, orbital images can be used 
to assist in the detection of different spectral canopy patterns (Oumar & Mutanga 2013). 

In the case of vegetation indexes, a factor that may have contributed to the negative 
correlation with total height of the teak canopy is the increase in the amount of shadow that 
occurs due to the different heights of the crowns. This pattern was also observed by 
Ramirez et al. (2006), when evaluating vegetation index in coffee plantations. 

In the principal component analysis for the plots, the variables in Dimensions 1 (CP1) and 
2 (CP2) explain 99.3% of the total variation of the data (Figure 3). The value for CP1 is 0.936, 
the first dimension explains 93.6% of the total variance. Similarly, the value for CP2 is 0.057, 
that is: the second dimension explains 5.7% of the total variance. 

 
Figure 3. Principal Components Analysis Graph. 

The longer the length of a vector, the greater influence it will have on the analysis 
(Borcard et al., 2011). Plots 2812, 2813 and 2814 were not characterized as uniform for the 
year of the inventory. It was possible to observe that the IU was on the opposite side of the 
non-uniform plots, indicating its inverse correlation. 

The dimensions were summarized from 11 original variables to 2 principal components. 
Both analyses showed losses of less than 20% of the information in the first two dimensions. 
It was possible to observe that the vegetation indexes are all in the first quadrant (2,1), having 
no influence in relation to non-uniform plots. The total height indicates a high negative 
correlation with the PCA variables, but in a lower hierarchy than the IU, that is, uniformity 
index produced a better result for behavior analysis of the variables than the total height. 
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Therefore, for the plantation in question, in the dimensions CP1 and CP2, the variables 
MTCI, DVI, EVI, IU, SAVI, CI and VARI are the most influential for PCA in relation to uniform plots 
and have no influence in relation to non-uniform plots. 

Just as the uniformity index is composed in function of the height variable, the bands 
constitute the vegetation indexes. The vegetation index was developed to better explain the 
spectral properties of the vegetation and is related to the biophysical parameters of the 
vegetation cover, being able to characterize parameters such as silvicultural conditions, 
species and uniformity (Ponzoni & Shimabukuro, 2010). 

Working with vegetation index helps the observation and extraction of vegetation 
behavior patterns (Xiao et al., 2004). As an example, according to Cui & Kerekes (2018), 
vegetation index that make use of the red edge band remarkably improve the accuracy in the 
analysis of biophysical parameters of vegetation, as this wavelength is sensitive to the 
biochemical parameters, being mainly influenced by the concentration of chlorophyll. 

According to Gabrielsen (1948) and Kozai & Nozue (2018), it is possible to observe drops 
in reflectance and absorption of green light as related to the thickness and concentration of 
chlorophyll in the leaf. 

Thus, the differences in the height of crowns generate shadows that interfere with the 
sensors' capture sensitivity, causing a discrepancy in the capture of the vegetation indexes. 
Therefore, canopies with non-uniform strata will have a different spectral response, which is 
observed in the vegetation indexes. This observation can be used to explain the importance 
of vegetation index in the formation of CP1. 

As for the indexes, DVI is sensitive to the distinction between soil and vegetation; 
however, it does not explain the difference between reflectance and brightness caused by 
atmospheric effects or shadows (Tucker, 1979). This is similar to the VARI, which has its 
greatest use in estimating the fraction of vegetation in a scene with low sensitivity to 
atmospheric effects. This confirms what was described by Gitelson et al. (2005), where the Red 
Edge band allows the index to be more sensitive to the different chlorophyll levels present in 
the leaves. Such a fact helps to differentiate the types of biomass. 

SAVI has soil correction adjustment; in this study the Teak plantation was 4 years old. Due 
to its canopy architecture and its age, the canopies had not yet touched, therefore, many 
spaces between the canopies were present in the image with the presence of many grasses. 

The EVI has the characteristic of reducing the influence of the signal from the soil and the 
atmosphere, detecting regions with higher density of biomass (Ferreira et al., 2008). Its great 
advantage over non-uniform canopies is the introduction of the blue band and the constants 
obtained empirically, making the index sensitive to discrimination of structural variations in 
the vegetation of densely vegetated areas (Huete et al., 2002). 

Therefore, like Schliemann & Bockheim (2011), the study confirmed that the 
characterization of canopy damage can be performed using orbital digital images. The 
variation in the spectral response creates a contrast between the object and others around it, 
giving rise to the possibility of determining the size and shape of the object. This confirms that 
the canopy structure changes the behavior influence of variables in principal component 
analysis (Pettorelli et al., 2014). 

CONCLUSIONS 

For teak, the vegetation indexes MTCI, DVI, EVI, IU, SAVI, CI and VARI have an influence on 
the PCA in relation to uniform plots, but have no influence on non-uniform plots. 

The principal component analysis indicated the possibility of differentiating uniform and non-
uniform plantations. Therefore, it is possible to predict uniformity in teak stands through the 
correlation between dendrometric variables and spectral variables from the RapidEye satellite. 

Studies using active sensors are indicated and can help to obtain more accurate answers 
regarding uniformity. Furthermore, plantations with multiple ages might have different 
responses. 
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