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Abstract
The objective of this study was to evaluate the classification of productive capacity in eucalyptus stands using regression 
kriging. The study was carried out in 62 stands with clonal plantations of Eucalyptus sp. Data were collected at 24, 
36, 48, 60, 72 and 84 months in 170 sampling units of 400 m². The variables diameter at 1.30 m above the ground 
(DBH), total height (Ht) were measured and, subsequently, the average height of the dominant trees (Hd) was 
obtained. The classification of productive capacity was carried out using the algebraic difference method, with the 
models: Schumacher, Chapman and Richards and Bailey and Clutter. The site index was interpolated by applying 
ordinary kriging and regression kriging. The results indicated that the site index showed spatial dependence in all 
adjustments. It is concluded that regression models for estimating the site index can be used in combination with 
regression kriging techniques.
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1. INTRODUCTION

The classification of productive capacity aims to describe 
the wood production potential of a specific location and 
species and can be carried out using indirect or direct 
classification methods. Indirect methods combine factors such 
as macroclimate, topography, and soil characteristics to classify 
site quality without an established stand, allowing for species 
and management practice recommendations for future projects 
(Scolforo, 2006). Direct methods allow for the representation 
of productive potential through a quantitative value, known 
as the site index, wich is an indicator of site quality, used in 
forest management, economic viability assessment, and in 
growth and yield models of forest plantations (Castro et al. 
2015; Campos & Leite, 2017; Miranda et al. 2021).  

The application of direct methods in the classification of 
productive capacity is more efficient than indirect methods 
(Oliveira et al., 2008; Leite et al., 2011), as it uses regression 

models that relate dendrometric variables to the age of the 
stand. Among the variables that can be used as indicators 
of site quality are volume, basal area, total height, or the 
average height of the dominant trees in the stand (Scolforo, 
2006). However, the average height of the dominant trees is 
considered the variable that provides the most consistent 
results (Scolforo & Machado, 1988), as it is less influenced by 
stand density and shows a significant correlation with wood 
volume (Husch et al., 2003).

In the classification of productive capacity, it is important 
to consider the spatial structuring of the variable used as 
the site indicator. Geostatistical techniques are widely used 
to describe the spatial continuity structure of dendrometric 
variables in commercial stands, particularly for the species 
Eucalyptus sp. (Mello et al., 2005; Ortiz et al., 2006; Rufino 
et al., 2006; Mello et al., 2009; Guedes et al., 2012; Guedes et 
al., 2015; Lundgren et al., 2017). These studies demonstrate 
the strong spatial dependence that the average height of 
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dominant trees exhibits in commercial stands of Eucalyptus sp. 
Therefore, it is important that the classification of productive 
capacity considers the spatial structuring of the site index. 
Among the existing geostatistical methods, ordinary kriging 
is the most commonly used option, as it generates unbiased 
estimates for unsampled locations using parameters obtained 
from semivariographic analysis (Isaaks & Srivastava, 1989; 
Yamamoto & Landim, 2013; Ataíde et al., 2020).

Another technique that stands out among spatial 
interpolators is regression kriging (Keskin & Grunwald, 
2018). This technique is considered a hybrid interpolator, 
combining regression models with geostatistics. In forestry 
studies, this technique has been used to map certain forest 
attributes over large areas, such as aboveground biomass 
(Scolforo et al., 2015; Scolforo et al., 2016; Morais et al., 2020). 
Regression kriging can also be applied in the classification 
of productive capacity in forest stands, in the spatialization 
of variables such as dominant height, volume, and mean 
annual increment (Guedes et al., 2015), as well as the site 
index (Palmer et al., 2009), demonstrating improved accuracy 
of spatial estimates compared to other interpolators. 

When methods that relate dominant height and stand 
age in the classification of productive capacity are combined 
with regression kriging techniques, it becomes possible to 

predict the site index in unsampled locations, along with the 
associated uncertainty levels. This is essential for mapping 
the productive potential of forest stands, generating important 
spatial information for management, allowing for planning 
and localized silvicultural interventions according to the 
mapped site, which enables the reduction of costs and time 
in these practices. Therefore, the objective of this study 
was to evaluate the classification of productive capacity in 
eucalyptus stands using regression kriging.

2. MATERIALS AND METHODS

2.1. Study area

The study was conducted in 2,119 hectares planted with 
the same clone of Eucalyptus sp., located in the municipality of 
Bocaiúva, Minas Gerais, Brazil (Figure 1). The region’s climate 
is classified as Aw according to the Köppen classification, 
characterized by a humid tropical savanna climate with dry 
winters and rainy summers (Alvares et al., 2013). The area has 
an average altitude of 820 m, with annual average precipitation 
and temperature of 1,246 mm and 24°C, respectively, and the 
predominant soils are Dark Red Latosol or Dystrophic Yellow 
Latosol (Caldeira et al., 2005).

Figure 1. Study area and distribution of sample units in clonal eucalyptus plantations, in the municipality of Bocaiúva, MG, Brazil.
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2.2. Data collection and description 

The data were collected in 170 sample units, each 
square with an area of 400m², randomly allocated within 
62 stands of the plantations, all with the same clone and 
initial spacing. The sampling intensity used was one sample 
unit per 12.46 hectares (0.32% of the total area). In all 
sample units, the diameter at 1.30 m above ground (DBH) 
and total height (Ht) were measured, and subsequently, 
the average height of the dominant trees (Hd) was obtained, 
following Assmann’s concept (1970), at ages 24, 36, 48, 60, 
72, and 84 months. The sample units were georeferenced 
using navigation GPS to obtain their central geographic 
coordinates and were then divided into two groups: 136 
were used for fitting the models of productive capacity 
classification, and 34 were used for predictive validation, 
with at least one unit selected for validation per stand, 
when possible. The division of data into a 70:30 ratio for 
training and validation of models has been reported to assess 
predictive capacity of mathematical models in forest studies 

(Castro et al. 2015; Silveira et al. 2019; Souza et al. 2019). 
For the variables DBH, Ht, and Hd, maximum, minimum, 
mean, standard deviation, and coefficient of variation in 
percentage were obtained. Additionally, the Shapiro-Wilk 
normality test (α = 5%) was conducted for these dendrometric 
variables from 24 to 84 months of age. 

2.3. Classification of productive capacity

Productive capacity was evaluated using the algebraic 
difference method, with a reference age of 72 months, 
The productive capacity was evaluated using the algebraic 
difference method, with a reference age of 72 months, selected 
for being close to the technical harvesting age for eucalyptus 
(Campos & Leite, 2017).

Three regression models were fitted to estimate dominant 
height as a function of age (Table 1). The models were 
rearranged to isolate the site variable as an independent 
variable, allowing for the estimation of the site index, 
as described by Campos & Leite (2017). 

Table 1. Regression models used for site index estimation.

Model Author Rearrangement

 Schumacher (1939)

Rearrangement 

 

 

 Chapman and Richards (1959)  

 Bailey and Clutter (1974)  

Ln = natural logarithm; Hdi = average height of dominant trees (m); β0, β1, β2, and β3 = model parameters; I = stand age (months); S = site index (m); Iref = reference 
age (months); e = exponential; εi = residual.

All analyses were conducted in R software (R Core Team, 
2015), where the fittings were performed using the nlstools 
package (Baty et al., 2015). 

The fitted equations were evaluated using the adjusted 
coefficient of determination, absolute and percentage standard 
error of estimation, root mean square error, percentage 
mean prediction error, and graphical analysis of normalized 
residuals, in addition to comparing estimated and observed 
values (Campos & Leite, 2017). We also assessed coefficient 
significance using the t-test and checked residual normality 
using the Shapiro-Wilk test, both at a 5% significance level.

The spatial continuity structure of the site index was 
evaluated through the experimental semivariogram 
(Equation 1). For this purpose, theoretical models including 

exponential (Equation 2), spherical (Equation 3), and Gaussian 
(Equation 4) were fitted using the Maximum Likelihood 
Method, employing the GeoR package (Ribeiro Júnior & 
Diggle, 2001) in the R software (R Core Team, 2015).

     Eq. 1

         Eq. 2

            se: h < a  Eq. 
3

             se: h ≥ a
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                           Eq. 4

Where: Where: (h)  = semivariance; Z(xi) = value of the regionalized 
variable at point x; Z(xi + h);  = value of the variable at 
point x + h; N(h); = number of pairs separated by distance 
h; C0;  = nugget effect C;  = contribution;  a = range. 

The criteria used for selecting the best semivariogram 
model included: Akaike Information Criterion (AIC), 
standard deviation of reduced errors, reduced mean error, 
and cross-validation. The Spatial Dependency Index (SDI) 
was obtained for each of the theoretical models fitted to 
the semivariograms, with classification as weak spatial 
dependence (SDI < 0.25), moderate (0.25 < SDI < 0.75), 
and strong (SDI > 0.75) (Zimback, 2003).

Having established the spatial dependence of the site 
index, ordinary kriging (Equation 5) was performed to obtain 
spatial estimates at unsampled locations. For each method 
of spatialization and site index correction, interpolation 
was conducted using 4, 8, 12, and 16 neighboring points, 
corresponding to the closest sample units to the point of 
interest being estimated. 

                                                             Eq. 5

Where: ere: (x0) = estimate at point x0; Z(xi )  = estimate at 
point xi ; n   = number of sample points;  λi = weight assigned 
to the point by kriging.

The site index values, corrected by ordinary kriging 
considering different numbers of neighbors, were compared 
with those obtained from regression models to assess the 
performance of kriging estimates and the effect of the number 
of neighbors used in spatialization. For this purpose, were 
used the values of root mean square error, percentage 
mean prediction error, and Pearson correlation coefficients 
(Equation 6), Willmott’s concordance index (Equation 7), 
and performance index (Equation 8).

           Eq. 6

              Eq. 7

                            Eq. 8

Where: r = Pearson correlation coefficient; d = Willmott’s 
concordance index; c = performance index; yi = i-th value of 
the site index estimated by regression models; value of the site index estimated by regression models;  = mean of 
the site index estimated by regression models; models; 

i = i-th value 

of the site index estimated by ordinary kriging; th value of the site index estimated by ordinary kriging;  = mean of 
the site index estimated by ordinary krigin.

The best regression model was selected to perform two-stage 
regression kriging: first, the normality of residuals estimated 
by the regression models was verified using the Shapiro-Wilk 
test (α=5%). Subsequently, the spatial dependence structure 
of these residuals was analyzed, and their spatialization 
was conducted using ordinary kriging. Once the spatial 
dependence of the residuals was confirmed, regression 
kriging as described by Odeh et al. (1994) was applied. For 
this purpose, interpolation maps obtained by ordinary kriging 
of the variable of interest and residuals, both in raster format 
with a pixel size of 20 m x 20 m, were summed, generating 
estimates using the regression kriging technique (Equation 9). 

                                Eq. 9

Where: Where:   = variable resulting from regression kriging type 
B; variable resulting from regression kriging type B; r = study variable estimated by the regression model and 
interpolated by ordinary kriging; model and interpolated by ordinary kriging;  = residual generated by 
the regression model and interpolated by ordinary kriging.

3. RESULTS AND DISCUSSION

3.1. Descriptive statistics

Descriptive statistics and the normality test of the variables 
diameter at breast height (DBH), total height (Ht), and average 
height of dominant trees (Hd) are presented in Table 2. 
The Shapiro-Wilk normality test (α=5%) indicated rejection 
of the normality assumption for the data at the initial ages 
(24, 36, and 48 months), showing that in the early growth 
phase of the stand, the analyzed variables exhibit asymmetric 
distribution, with a higher proportion of thinner and shorter 
trees. This relationship was also observed by Castro et al. 
(2016) when fitting a generalized gamma function to diameter 
distribution data from a eucalyptus stand in Bahia. At the 
initial ages assessed, the curve showed asymmetry, with a 
greater number of individuals in the smaller diameter classes; 
however, over time, the diameter distribution became similar 
to a normal distribution.

In the initial phase of the stand, there is also greater 
variation in these attributes, noticeable through the 
coefficient of variation, which is higher and reduces with 
age progression, tending to stabilize after 48 months. 
This characteristic reflects competition for resources, where 
in the initial phase, competition is more intense, resulting 
in these greater variations (Fox et al., 2001). The variables 
DBH, Ht, and Hd assumed an approximately normal 
distribution from 60 months onward.
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Table 2. Descriptive statistics and Shapiro-Wilk normality test results for dendrometric variables measured at ages 24 to 84 months in 
eucalyptus stands.

Age
(months) Variable Minimum Maximum  s CV% p

24

DBH (cm) 5.32 11.11 9.5 1.24 13.40 1.61x10-08*

Ht (m) 5.52 14.29 11.39 1.75 15.33 7.01x10-06*

Hd (m) 6.20 14.92 12.01 1.67 13.93 3.27x10-05*

36

DBH (cm) 8.32 14.03 12.29 0.97 7.88 2.52x10-06*

Ht (m) 10.70 21.53 17.37 1.98 11.39 1.83x10-05*

Hd (m) 12.12 22.48 18.19 1.96 10.78 2.73x10-05*

48

DBH (cm) 9.62 15.87 13.68 1.00 7.32 6.29x10-03*

Ht (m) 13.18 24.77 21.08 2.22 10.55 8.37x10-04*

Hd (m) 14.52 26.60 22.01 2.17 9.87 3.05x10-02*

60

DBH (cm) 11.22 16.71 14.35 0.96 6.70 2.96x10-01

Ht (m) 14.94 27.54 22.98 2.18 9.50 6.07x10-02

Hd (m) 16.56 29.22 24.10 2.17 9.01 4.50x10-01

72

DBH (cm) 11.82 17.52 14.81 1.03 6.96 8.45x10-01

Ht (m) 17.38 30.05 24.38 2.40 9.84 6.40x10-01

Hd (m) 17.74 32.28 25.62 2.44 9.52 4.91x10-01

84

DBH (cm) 12.45 17.72 15.10 1.00 6.60 8.93x10-01

Ht (m) 18.20 31.32 25.29 2.45 9.70 8.00x10-01

Hd (m) 19.18 33.64 26.62 2.41 9.05 9.50x10-01

 = mean; s = standard deviation; CV% = coefficient of variation (%); p = Shapiro-Wilk normality test p-value (α = 5%); * = rejection of the normality hypothesis 
for the data.

3.2. Regression model fitting for productive 
capacity classification

The coefficients of the productive capacity classification 
models were significant by the t-test (p < 0.05) for all 

adjustments performed (Table 3). Additionally, the adjusted 
coefficient of determination ). Additionally, the adjusted coefficient of determination ( )  values were greater 
than 0.80, and the standard error of estimate (Syx%) values 
were less than 10%, indicating the high quality of the 
fitted equations.

Table 3. Parameters and fitting statistics of the models to estimate dominant height as a function of age, using the algebraic difference 
(AD) method.

Model     RMSE bias%

Schumacher 23.03* 0.840 6.440 1.498 0.657

Chapman and Richards 0.036* 1.19* 0.818 6.858 1.594 2.913

Bailey and Clutter -14.86* 0.81* 0.843 6.363 1.479 0.158

i= coefficients of the models; of the models;  = adjusted coefficient of determination;  Syx% = standard error of estimate in percentage; RMSE = root mean square error; 
bias% = mean prediction error in percentage; * = significant value at 5% significance level by t-test.

In the evaluation of the models, all showed good results 
in the fittings, with slight superiority for the Bailey and 
Clutter model, mainly because it presented the smallest 
absolute values of , RMSE and bias%, com 6.363, 1.479 e 
0.158, respectively. Similar results were obtained by Kitikidou 
et al. (2011) when fitting the Bailey and Clutter models and 
the Chapman and Richards models in a Pinus brutia stand 

using the algebraic difference method. The similarity of the 
fitted models is supported by the graphical distribution of 
normalized residuals (Figure 2). Similar outcomes were also 
reported by Pissinin & Schneider (2017), applying the guide 
curve and algebraic difference methods in a eucalyptus stand, 
where the algebraic difference method showed homogeneous 
distribution of residuals and lower errors.
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Figure 2. Graphs of normalized residuals and estimated dominant height as a function of observed height for the fitted equations.

When evaluating the trend lines of the graphs of estimated 
values versus observed values, all showed proximity to a 45° slope 
and intersected at the origin of the Cartesian axis (Figure 2). 
Values close to 1 were verified for the slope coefficients (B1) and 
determination coefficients (R²), exceeding 0.84, and low values for 
the intercept coefficients (B0), less than 3.21. The determination 
coefficient describes precision, while the intercept and slope 
coefficients describe the horizontal offset and slope of the trend 
line, respectively, related to the accuracy of the estimates. Ideal 
values for the slope coefficient and determination coefficient of 
the trend line are close to 1. With these values, the determination 
coefficient indicates higher precision, and the slope coefficient 
indicates greater accuracy, represented graphically by a trend 
line slope close to 45° (B1=1). Furthermore, for the trend 
line analysis, ideally, it should not show displacement on the 
Cartesian plane, meaning the intercept coefficient should be 
zero (B0=0). These values indicate greater similarity between 
the estimates and observed values of the variable of interest, 
thus demonstrating higher precision and accuracy of the method 
and the fitted model. Therefore, the Bailey and Clutter model 
demonstrated superiority over the others, as it showed a slope 
coefficient of 0.9893, determination coefficient of 0.9336, and 
the lowest intercept coefficient of 0.2583.

3.3. Classification of productive capacity using 
geostatistics

The average height of dominant trees generally shows 
moderate to strong spatial dependence for different species, 
such as Eucalyptus sp. (Mello et al., 2005; Guedes et al., 2015), 
Tectona grandis (Pelissari et al., 2015), and Pinus sp. (Zech 

et al., 2018). Previous studies have confirmed this trend, 
demonstrating the consistency of spatial dependence across 
various species. In the present study, the spatial dependence 
of the site index ranged from moderate to strong, with high 
SDI% values, regardless of the regression model used. These 
results are consistent with existing literature and indicate that 
the use of geostatistical interpolators is viable for generating 
spatial estimates of the site index at different evaluated ages.

It was observed that the gaussian, exponential, and spherical 
models provided good fits to the experimental semivariogram 
of the site index variable. The selection of the best model was 
based on the lowest AIC value as the primary criterion, following 
the approach outlined by Burnham & Anderson (2002). Models 
are considered statistically different if the difference in AIC 
values is greater than 2. Thus, it was found that most models 
did not exhibit statistical differences, and overall, the Gaussian 
model showed the best fits across most ages and procedures 
for site index classification. This decision was made based on 
the smallest standard error of the reduced error (Ser).

The highest nugget effect values for the selected models 
were found at 24, 36, and 48 months of age (Table 4). A similar 
characteristic was observed by Guedes et al. (2015) when 
assessing the spatial dependence structure of dominant 
height, volume, and annual mean increment (AMI) in a 
eucalyptus stands. In their study, the authors noted that the 
nugget effect was also higher in the initial measurement 
taken at 2.7 years of age. They emphasize that the nugget 
effect represents random error that cannot be explained by 
spatial analysis, often attributed to the proximity between 
sample units and high data variability in the initial phase of 
plantation establishment.
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Table 4. Parameters, adjustment statistics, and spatial dependence index.

Model Age Theoretical 
Model C0 C a ER Ser AIC SDI %

Schumacher

24 Gaussian 3.24 13.62 2,242 0.0073 1.031 666.5 80.77
36 Gaussian 1.80 5.43 1,002 0.0043 1.016 607.9 75.05
48 Exponencial 1.75 3.28 2,530 0.0019 1.042 564.4 65.24
60 Gaussian 1.13 3.30 1,112 0.0003 1.036 540.8 74.49
72 Gaussian 1.29 4.39 1,470 -0.0022 1.039 553.6 77.31
84 Gaussian 1.41 3.81 1,754 -0.0026 1.025 541.0 72.97

Chapman 
and 

Richards

24 Gaussian 2.44 9.31 2,247 0.0072 1.038 623.0 79.25
36 Gaussian 1.65 5.03 968 0.0048 1.016 598.7 75.24
48 Exponential 1.66 3,.25 2,428 0.0021 1.042 560.7 66.20
60 Gaussian 1.11 3.34 1,121 0.0000 1.036 539.9 75.13
72 Gaussian 1.28 4.60 1,464 -0.0020 1.039 556.1 78.19
84 Gaussian 1.44 4.09 1,729 -0.0024 1.024 546.7 73.96

Bailey and 
Clutter

24 Gaussian 3.27 13,39 2,255 0.0072 1.033 666.1 80.37
36 Gaussian 1.91 5.73 1,010 0.0044 1.016 615.0 74.97
48 Exponential 1.84 3.31 2,643 0.0017 1.042 567.6 64.28
60 Gaussian 1.15 3.25 1,103 0.0000 1.037 541.4 73.89
72 Gaussian 1.29 4.25 1,474 -0.0021 1.040 551.8 76.67
84 Gaussian 1.39 3.65 1.770 -0.0026 1.025 537.5 72.38

C0: the nugget effect; C the contribution; a: range; ER : the mean reduced error; Ser: standard deviation of the reduced error; AIC: Akaike Information Criterion; 
SDI%: spatial dependence index in percentage.

Among the models with the best fit, the gaussian model 
at ages 36, 60, 72, and 84 months exhibited range values 
ranging from 968 to 1,770 m. However, at 48 months, where 
the exponential models showed superior fit, the range 
values were greater than 2,248 meters. This information 
indicates the average distance over which the site index 
correlates spatially (Webster & Oliver, 2007). Some studies 
conducted in eucalyptus plantations have reported range 
values ranging from 150 to 450 meters for variables such 
as volume, total height, and dominant height (Mello et al., 
2005; Mello et al., 2009; Guedes et al., 2015). However, these 
studies were conducted in areas smaller than 1,100 hectares, 
using higher sampling intensity and systematic sampling. 
The results obtained in the present study demonstrate that 
it is possible to capture the spatial structure of site index 
using geostatistics in extensive areas, with lower sampling 
intensity and using simple random sampling. Therefore, this 
information is highly relevant for defining sampling methods 
and processes in forest inventories for geostatistical studies 
(Mello et al., 2005; Pelissari et al., 2014), potentially reducing 
costs associated with lower sampling intensity.

3.3.1. Spatialization of the site index via 
regression krigin

After confirming the strong spatial dependence of 
the site index, ordinary kriging was performed to estimate 
and spatialize this variable in the unsampled locations of 
the stands. Consequently, the site index values generated by 

the regression models were also estimated using ordinary 
kriging. These two procedures were carried out using 4, 8, 
12, and 16 neighboring sample units.

At the initial ages of the stands, where there is greater 
heterogeneity among the sample units, a larger difference was 
observed between the values estimated by ordinary kriging 
compared to those estimated by the models, increasing the 
standard deviation of the site index estimates. The mean 
prediction error percentage showed negative values, 
highlighting that regardless of the number of neighbors, 
the application of ordinary kriging to correct the site index 
obtained by regression models tends to overestimate the 
variable on average.  

When the average distance between 4 and 8 neighbors 
was examined, values of 1,754 and 2,827 meters, respectively, 
were found. These values are similar to the range of the 
selected theoretical semivariogram models, which vary 
between 968 and 2,242 meters. However, when analyzing 
12 and 16 neighbors, the values of 3,780 and 4,378 meters, 
respectively, were found, demonstrating that the average 
distance between neighbors exceeds the distance at which 
the site index exhibits spatial structuring. This information is 
of great importance, especially for determining the number 
of neighbors used in the interpolation.

Webster & Oliver (2007) described that the weight each 
neighboring point receives when estimating an unsampled 
point is related to the distance between them, meaning 
that more distant points receive lower weights, while closer 
points receive higher weights. The same authors highlighted 
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that there are two ways to determine which points will be 
influential: by determining the number of neighboring points 
or through a predetermined distance, which will be the radius 
of influence of the point to be estimated. If neighboring points 
do not fit these criteria, they receive a weight of zero and do 
not influence the estimation of the point. 

Another important piece of information related to 
the number of neighbors is the smoothing effect, which 
according to Yamamoto & Landim (2013), is a disadvantage 
of the ordinary kriging interpolator. In this case, the effect 
is greater on extreme values, tending to overestimate the 
lower values and underestimate the higher values. This effect 
is amplified when using large numbers of neighbors with 
varying distances. Therefore, Yamamoto (2005) recommends 
using the smallest possible number of neighboring points 
to avoid the smoothing effect of ordinary kriging. Based on 

these results, it was found that interpolation by ordinary 
kriging performed with 4 or 8 neighbors reduces the 
influence of distant points where spatial correlation is weak 
or non-existent. 

To perform regression kriging, the normality and spatial 
structure of the residuals at 72 months of age were evaluated 
for the Schumacher, Chapman and Richards, and Bailey 
and Clutter models (Table 5). The residuals from each 
model showed normality according to the Shapiro-Wilk 
test (α=5%), with p-values greater than 0.05. In the analysis 
of semivariograms of the residuals, the spherical theoretical 
model exhibited the best parameters across all fits, with spatial 
dependence index values exceeding 90%, indicating strong 
spatial dependence (Zimback, 2003). Consequently, it was 
possible to spatialize the error obtained from the regression 
models by applying ordinary kriging.

Table 5. Parameters, fit statistics, and spatial dependence index of theoretical semivariogram models adjusted for residuals from algebraic 
difference models.

Mod (S) Mod (sem) C0 C a ER Ser AIC SDI %

S

Esf 0.10 1.20 1,810.13 -0.0044 1.0460 382.6 92.09

Exp 0.00 1.27 733.33 -0.0037 1.0107 385.3 100.00

Gaus 0.32 0.97 870.70 -0.0090 1.0723 383.8 75.41

CR

Esf 0.08 1.25 1,821.52 -0.0039 1.0512 383.4 93.75

Exp 0.00 1.30 760.64 -0.0044 1.0080 386.4 100.00

Gaus 0.31 1.01 884.30 -0.0112 1.0614 384.7 76.47

BC

Esf 0.11 1.18 1,795.08 -0.0021 1.0490 382.4 91.68

Exp 0.00 1.26 725.59 -0.0035 1.0085 384.9 100.00

Gaus 0.32 0.95 865.28 -0.0102 1.0579 383.5 75.01
Mod (S): site index models; S: Schumacher; CR: Chapman and Richards; BC: Bailey and Clutter; Mod (sem): theoretical semivariogram models; Esf: spherical model; 
Exp: exponential model; Gaus: Gaussian model; Co: nugget effect; C: contribution; a: range; ER: mean reduced error; Ser: standard deviation of reduced error; AIC: 
Akaike information criterion; SDI%: spatial dependence index in percentage. Lines filled with gray color refer to the best-fit model.

The procedure of regression kriging was carried out by 
adding the values of site index interpolated by ordinary 
kriging to the regression model errors, after these were 
spatialized (Figures 3 and 4). The regression kriging maps 
were generated in raster format, requiring the conversion 
of the site index and residual maps to raster format first, 
followed by the addition of these maps.

The use of 8 neighboring pairs resulted in a slight 
smoothing effect on the maps, both for the site index and 
the interpolated error, influencing the outcome of regression 
kriging. This relationship can be observed in the maximum 
and minimum values present in the maps, where there is 
a reduction in their amplitude approaching the average 
of the variables. Through the interpolation of residuals, 
it was possible to identify areas with higher estimation 

errors and whether there is a tendency to overestimate or 
underestimate the site index. It is noticeable that areas with 
higher site indices exhibit larger errors, whereas areas with 
lower indices have smaller errors, which is related to the 
smoothing effect. The smoothing effect is a characteristic 
commonly observed in ordinary kriging; high values are 
generally underestimated, while low values tend to be 
overestimated (Yamamoto & Landim, 2013).

Thus, regression kriging partially corrected the overestimations 
and underestimations generated by ordinary kriging. A similar 
result was found by Knotters et al. (1995), where regression 
kriging reduced the smoothing effect compared to ordinary 
kriging and cokriging. The authors also emphasized that this 
benefit of regression kriging is related to its contribution to 
the estimate generated by the models.
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Figure 3. Spatialization of the site index using 4 neighbors in regression kriging for the Schumacher model (A), Chapman and Richards 
model (B), and Bailey and Clutter model (C), adjusted by the algebraic difference method, for 72-month-old eucalyptus stands.
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Figure 4. Spatialization of the site index using 8 neighbors in regression kriging for the Schumacher model (A), Chapman and Richards 
model (B), and Bailey and Clutter model (C), adjusted by the algebraic difference method, for 72-month-old eucalyptus stands.
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3.3.2. Validation of regression kriging

When analyzing the relationship between estimated values 
of the site index by regression kriging and the dominant 
height of validation units (Figure 5), it was possible to observe 
improved precision and accuracy provided by regression 
kriging. The slope of the trend line in the validation plots 

for regression kriging reached values between 0.84 and 0.94, 
which were higher than those achieved by ordinary kriging, 
ranging between 0.6 and 0.7. There was also a reduction in 
the intercept of the trend lines, indicating that this technique 
improved the accuracy of the estimates. Similar to ordinary 
kriging, the use of 8 neighbors resulted in inferior results 
regardless of the model used.

Figure 5. Validation of site index estimates by regression models and regression kriging using 4 and 8 neighbors, at 72 months of age. 
Where S, CR, and BC represent the Schumacher, Chapman and Richards, and Bailey and Clutter models, respectively.

The regression models outperformed regression 
kriging in estimating the site index in validation units. 
The Chapman and Richards model was the most efficient, 
with a coefficient of determination of 0.9921, slope of the 
trend line (coefficient angular) of 0.9481, and intercept 
of the trend line (coefficient linear) of 1.2657. Despite 
the regression models being more accurate in estimating 
the site index in validation units, regression kriging with 
4 neighbors proved efficient in spatializing the productive 
potential, surpassing ordinary kriging.

4. CONCLUSIONS

The site index showed strong spatial dependence across 
all ages when estimated by the Schumacher, Chapman 
and Richards, and Bailey and Clutter models using the 

Algebraic Difference method. Among the models tested, 
Bailey and Clutter’s model produced the most accurate site 
index estimates. 

The application of regression kriging technique was 
effective in spatializing and estimating the site index in stands, 
with higher precision and accuracy observed when using 4 
neighboring points at ages older than 60 months.

Regression models for site index estimation can be applied 
in conjunction with regression kriging techniques, enabling 
refined classification of productive capacity and obtaining 
the site index in unsampled locations.
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