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Abstract 
Above-ground biomass (AGB) is a key parameter as indicator of forest carbon content and ecosystem productivity. Producing 
highly predictive models and spatial distribution of AGB stocks support the development of forest management plans. In 
this research, AGB was modeled using multiple linear regression (MLR) analysis and regression kriging (RK) techniques. 
Reflectance and vegetation indices data derived from the Sentinel-2 satellite images were used as an auxiliary variable. The 
highest correlation coefficients between the AGB and remote sensing data were obtained in broadleaf stands. These values 
were 0.743 and 0.869 for reflectance values of B8 band and PSSR vegetation index values, respectively. The AGB contents 
of coniferous, broadleaf, and mixed stands were modeled separately with MLR method. Then, RK method performed with 
combining MLR and ordinary kriging methods. The R2 values of MLR method were lower than 0.80. Ordinary kriging 
method was applied to MLR residuals, and it was determined that the highest spatial dependence was in coniferous stands 
(spatial correlation index = 57–60). The highest explained variance proportions for RK method were 0.88, 0.84, and 0.83 
in coniferous, broadleaf, and mixed stands, respectively. Overall, the accuracy of MLR method was not sufficient for AGB 
estimation, but the combination of kriging helped to take advantage in terms of improving the accuracy of AGB predictions. 
To increase the accuracy of the AGB model, it is thought that it would be beneficial to diversify the remote sensing data and 
to combine the kriging method with different techniques.
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Introduction

Estimating and monitoring stand above-ground biomass 
(AGB) provide crucial information for forest ecosystem 
productivity, carbon sequestration, decision-making pro-
cess, nutrient allocation, sustainable forest management 
strategies, and functional and structural attributes of forest 

ecosystems in various environmental conditions (Ali et al. 
2012, 2019; Hall et al. 2006). According to Kyoto agreement 
and international negotiations, forest management plans 
require biomass and carbon storage data and Turkey has to 
declare contribution of forest to the carbon cycle.

Quantifying the amount of carbon sequestration in forests 
requires spatially detailed forest biomass and changes in for-
est carbon stocks. Therefore, forest biomass should be esti-
mated accurately to evaluate the role of forests in the global 
carbon cycle (Ali et al. 2012; Ali and Abbas 2013; Tsui 
et al. 2013; Abbas et al. 2020; Bhat et al. 2021). The AGB 
can be measured or predicted both directly and indirectly. 
Prediction of the AGB with direct method, which known as 
harvest method, is more accurate method for calculating bio-
mass, but needs more effort due to the destructiveness, time, 
cost, and labor, especially for large areas. The indirect meth-
ods involve the prediction based on allometric equations or 
remote sensing (Goetz et al. 2009; Englhart et al. 2011; Deb 
et al. 2017; Motlagh et al. 2018; Abbas et al. 2020).
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Remote sensing is an appropriate method for predict-
ing forest biomass and has been the most commonly used 
approach to estimate AGB due to the relative ease, quick, 
and low cost of acquiring remotely sensed data over wide 
and often nearly inaccessible forest areas (Goetz et al. 2009; 
Tian et al. 2012; Motlagh et al. 2018; Abbas et al. 2020). 
The biomass values are not directly estimated using remote 
sensing data, but it is computed using statistical relation-
ships between the spectral features, which primarily con-
sist of different vegetation indices, and AGB data collected 
from sample plots (Motlagh et al. 2018; Abbas et al. 2020; 
Ronoud et al. 2021). In recent years, several studies have 
demonstrated that satellite spectral information (band ratios, 
band transformations, spectral band) and vegetation indices 
combined with field measurements has a good relationship 
with AGB (Lu 2006; Viana et al. 2012).

Satellite image such as Sentinel-2, intermediate spatial 
resolution, is a practical product and commonly used due 
to the relevance of the spectral bands, and the suitable spa-
tial resolution. Sentinel-2 multispectral image files with a 
ground resolution of up to 10 m are now freely accessible. 
Researchers frequently utilize data to derive remote sensing 
parameters, and the revisit time is 3 days. Sentinel-2 data 
have three vegetation red edge, two infrareds, visible, and 
near infrared bands. The Sentinel-2 satellite was launched 
for the first time on June 23, 2015; data are influenced by 
cloud cover, and no previous Sentinel-2 datasets are avail-
able (Chen et al. 2019a; Abbas et al. 2020; Wang and Jiao 
2020). Clerici et al. (2016) used linear models and vege-
tation indices to estimate AGB and carbon in Colombian 
forests using Pleiades-1A and GeoEye-1 satellites. In Tur-
key, Günlü et al. (2014) used multiple regression models 
to investigate the relationship between ABG and vegetation 
indices using spectral bands from the Landsat TM satel-
lite, and concluded that vegetation indices have better per-
formance in prediction of the AGB compared to spectral 
bands. Kumar et al. (2016) found that using a combination 
of spectral indices from Landsat-8 satellite data and ALOS-2 
radar to estimate biomass had better results than using these 
indices individually.

Qualitative visual analysis reveals spatial enhancements 
as well as spectral information retention, allowing super-
resolved Sentinel-2 images to be utilized in research that 
need extremely high spatial resolution (Romero et al. 2020). 
Various relationships have been developed between vegeta-
tion indices and AGB using Sentinel-2. Pandit et al. 2018 
developed a novel AGB estimate approach and showed how 
medium-resolution Sentinel-2 Multi-Spectral Instrument 
(MSI) data may be used instead of hyperspectral data in 
inaccessible areas. The model using spectral information 
and vegetation indices provided better AGB estimates. To 
estimate AGB, optical images from Sentinel-2 were utilized 
as auxiliary information. The most relevant factors among 

optical data for predicting AGB were indices using the 
NIR spectrum (B8 and B8A) and red edge bands, and the 
approach used in this study may offer reliable and cost-effec-
tive estimations of AGB (Navarro et al. 2019). The Sentinel 
series data have been used in a variety of vegetation studies 
(Sibanda et al. 2015; Laurin et al. 2016; Mura et al. 2018). 
The use of Sentinel data for forest AGB mapping, on the 
other hand, requires more investigation (Chen et al. 2019a).

Generally, the AGB can be estimated from satellite 
images by using various techniques such as geostatistics, 
multiple linear regression (MLR), and k-nearest-neighbor 
classification (Zheng et al. 2004; Labrecque et al. 2006; Ji 
et al. 2012). Geostatistics were developed to analyze and 
describe the variation in both natural and man-made occur-
rences (Cressie 1993; Viana et al. 2012). Geostatistics com-
prise a set of techniques for estimating uncertainty and relies 
upon the interpretation of reflectance as a function of spa-
tial position. There are several geostatistical methods that 
use ancillary data to improve the prediction accuracy of the 
variables (Castillo-Santiago et al. 2013; Hengl et al. 2007; 
Goovaerts 2000). These are ordinary kriging, co-kriging, 
and kriging with external drift. Combine methods such as 
geographically weighted regression-kriging, regression 
kriging (RK), support vector machine-kriging, and random 
forest-kriging have been widely used techniques for mod-
eling environmental variables using remotely sensed data 
(Benitez et al. 2016; Su et al. 2020; Chen et al. 2019b, 2020). 
Several approaches for predicting stand biomass using satel-
lite image data have been developed in the world, but studies 
using geostatistics for estimating forest biomass in Turkey 
are limited.

The study is a comparative analysis between MLR and 
RK methods using reflectance and vegetation indices values 
obtained from Sentinel-2 satellite image for modeling the 
AGB of forest types in the northern Turkey. The objectives 
were (1) to identify satellite-derived reflectance values and 
vegetation indices that are better associated with AGB, (2) 
to quantify spatial patterns of the AGB predictions derived 
from MLR and RK methods, and (3) to determine whether 
RK method improves the estimates of AGB pools over MLR 
method.

Material and methods

Study area

The study area is located in the Ilgaz Forest Enterprise, 
which is under control of Ankara Regional Directorate 
of Forestry in the north region of Turkey (Fig. 1). The 
study area is spanning from 498,234 to 572,705 east 
longitudes and from 4,496,441 to 4,548,108 north lati-
tudes in WGS 1984 datum zone 36th according to UTM 
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coordinate system. The study area is 205169.6 ha and, 
productive forest cover nearly 20.0% of the study area 
(41,527.2 ha). Total forest area is 74847.91 ha. The for-
est areas in the region are natural and the even-aged for-
ests are 71,916.30 ha, and the uneven-aged forests are 
2931.61 ha. The areas of coniferous, broadleaf, and mixed 
stands are 45,746.88, 20,559.12, and 8541.91 ha, respec-
tively. The majority of forest areas consist of coniferous 
forests (61%). The elevation ranges from 533 to 2541 m 

above sea level with an average slope of 20%. The primary 
tree species of the vegetation are Abies sp. (Fir), Pinus 
sylvestris (Scots pine), Pinus nigra (Black pine), Quercus 
sp. (Oak), and Fagus sp. (Beech), which might be stand-
ing as either pure or mixed stand types. The mean annual 
temperature recorded so far in the study area is 10.6 °C 
and mean annual precipitation is 418.6 mm (Anonymous 
2018).

Fig. 1   The location of the study 
area, including the elevation 
map and sample point
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Field data and biomass estimation

The field data were based on ground measurements 
obtained from forest inventory. The forest inventory was 
made with the systematic sampling (300 × 300 m) method 
in 2018 by the General Directorate of Forestry of Turkey 
for the purpose of preparing forest management plans. 
Forest management plans and forest cover type map were 
used in this study. The growing stock volume of each stand 
type was obtained from the forest management plans, and 
the growing stock volume map was created by using Geo-
graphic Information Systems (GIS). Biomass expansion 
factor (BEF) was used to estimate biomass, and reference 
map was created for stand AGB. BEF converts growing 
stock volume to above-ground biomass (AGB) to account 
for components of tree such as branches and leaves 
(Teobaldelli et al. 2009). The most important data source 
for estimating forest biomass in the BEF method is grow-
ing stock inventory data since it is easily measured and 
often available in national forest database (Schroeder et al. 
1997; Hu and Wang 2008). The AGB was estimated by 
multiplying growing stock obtained from forest inventory 
data, BEF, and wood density (oven-dry weight coefficient).

where AGB: above-ground biomass (ton/ha), GS: growing 
stock (standing timber volume, m3/hectare), BEF: biomass 
expansion factor, WD: wood density. AGB was calculated 
using the BEF coefficients (1.212 for coniferous and 1.310 
for broadleaf tree species) and WD (0.446 for coniferous and 
0.541 for broadleaf tree species) coefficients developed by 
Tolunay (2011). Thus, AGB of each stand type was calcu-
lated using related coefficients.

Image processing

Sentinel-2 satellite image (June 21, 2018), which was 
downloaded free of charge from the USGS Earth Explorer 
data portal, was used in this study. The ten bands (bands 2, 
3, 4, 5, 6, 7, 8, 8A, 11, and 12) of Sentinel-2 with 10–20 m 
spatial resolutions were used. The atmospheric correc-
tion was made to prepare the image ready for analysis. 
The ten bands of the Sentinel-2 satellite image were used 
and the reflectance values of these bands were calculated 
separately by using the QGIS 3.8.1 software. The average 
reflectance values of all pixels in each forest cover type 
maps were calculated using the zonal statistics function in 
the ArcGIS 10.6.1 software. Thus, the average reflectance 
values of each stand type were calculated. In addition, 24 
different vegetation indices were calculated based on aver-
age reflectance values (Table 1). A total of 2185 sample 

(1)AGB = GS × BEF ×WD

points were placed using GIS, one for each stand type. The 
AGB and reflectance and vegetation indices were calcu-
lated in all sample points. The AGB modeling was per-
formed separately with reflectance and vegetation indices 
for coniferous, broadleaf, and mixed stands.

Modeling process and the validation of AGB map 
results

The AGB and remote sensing data of 2185 points from the 
field area were prepared for modeling. Data from three forest 
types were used for performing multiple linear regression 
(MLR) method. Then, data sets were separated by 80–20% 
as model and test data to validation of the AGB map results 
obtained from regression kriging (RK) method. The data 
numbers allocated for the model-test data were determined 
as 1154–289 for coniferous stands, 403–101 for broadleaf 
stands, and 190–48 for mixed stands. The implementation of 
RK method was carried out in two stages. The RK method 
was performed using the model data sets. The validation 
process was carried out by comparing the RK predictions 
made in the test points with the observation data.

Multiple linear regression

The MLR has been used to define the relationships between 
AGB and satellite data. Parameters that are difficult to 
measure are estimated by modeling with remote sensing 
data (reflectance, vegetation indices and texture values). 
We researched on the forecastable of AGB using the MLR 
method based on Sentinel-2 data. The variables obtained 
from Sentinel-2 were tested at 0.05 significance level using 
the stepwise selection technique in the SPSS® software.

where AGB is the target variable to be predicted, a0 is a 
constant coefficient, and b1….i and x1….i are the regression 
coefficients and values of auxiliary variables.

Regression kriging

The RK method is a combine method that involves either a 
MLR model between the dependent and independent vari-
ables, the MLR residuals, and performing kriging to MLR 
residuals (Odeh et al. 1994; 1995). The sample plots in the 
same field are dependent and spatially correlated. For this 
reason, it is important to consider spatial autocorrelation in 
datasets to increase model accuracy when fitting a model. 
The MLR method does not consider the spatial autocorrela-
tion in data. The RK method, on the other hand, can improve 
the accuracy of the predictions as it takes into account the 
spatial autocorrelation of residuals in the MLR model.

(2)f (AGB) = b
0
+ b

1
x
1
+ b

2
x
2
+⋯ + bixi
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The implementation of the RK method was carried out in 3 
stages. Firstly, MLR analysis was performed to find significant 
parameters among the independent variables to be used in the 
MLR model. Then, the ordinary kriging method was applied 
to the residuals from MLR model estimations using the Arc-
GIS 10.6.1 software. In the last stage, the RK predictions were 
obtained by adding kriged residuals to MLR estimates (Odeh 
et al. 1995) (Fig. 2). In addition, the spatial correlation index 
(SCI) was calculated (Cambardella et al. 1994). Cambardella 
et al. (1994) suggested that variables with a nugget ratio < 25% 
are accepted to be strongly, between 25 and 75% moderately, 
and > 75% weakly spatially dependent.

where φ0 and φi are the MLR predictions, xi(s) is an auxil-
iary variable that accounts for target variable variation, n is 

(3)SCI =

(

Nugget

Sill

)

× 100

(4)Ẑ = �
0
+

n
∑

i=1

�ixi(s) +

m
∑

j=1

λiε(si)

the number of observations, λi is kriging weight, and ε(si) is 
the kriged residual at field location (Fig. 2).

Results

The mean AGB of the total forest areas was 76.70 (ton/ha) 
in the study area (Table 2). Minimum AGB values were 
between 1.42 and 4.36 (ton/ha) and were close for three 
forest types. Among forest types, the highest mean AGB 
belonged to coniferous stands (106.95 ton/ha). AGB con-
tents of broadleaf and mixed stands were lower than conif-
erous stands, and mixed stands had the lowest mean AGB 
(19.31 ton/ha).

Significant correlations were found between AGB-
reflectance and AGB-vegetation indices. The highest cor-
relations among the three forest types were found for broad-
leaf stands. The highest correlation coefficients between 
the AGB and reflectance values were obtained with B11 
(r =  − 0.677), B8 (r = 0.743), and B2 (r =  − 0.607) bands 
for coniferous, broadleaf, and mixed stands, respectively 
(Table 3). The highest correlation coefficients among the 
vegetation indices were found with CHL-R-E in conifer-
ous (r = 0.690) and mixed stands (r = 0.769), and PSSR in 
broadleaf stands (r = 0.869) (Table 4). The lowest correla-
tion coefficients between AGB and reflectance values were 
obtained in the B6 and B8A bands. Negative correlations 
were found between the AGB content of coniferous stands 
and the reflectance values of all bands. The lowest correla-
tion relationship level between AGB and vegetation indices 
was determined for coniferous stands with MCARI1 index 
(r =  − 0.005).

The AGB was estimated for coniferous, broadleaf, and 
mixed stands using reflectance values and vegetation indices 
according to MLR method (Tables 5, 6). The same explana-
tory variables were B6, B7, B8, and B11 in modeling conif-
erous and broadleaf stands with reflectance values. In three 
forest types, reflectance values of band 6 were included as 
explanatory variable in the MLR models. In MLR models 
performed with vegetation indices, six similar independent 
variables (CHL-R-E, PSSR, CHLG, LCI, EVI, and MCARI) 
were determined for coniferous and mixed stands. PSSR 

Fig. 2   Framework of the system design to predicting stand biomass 
using MLR and RK method for coniferous, broadleaf, and mixed 
stands

Table 2   Descriptive statistics for AGB (ton/ha) of the coniferous, 
broadleaf, mixed stands, and total forest area

Forest type Count Min Max Mean Std. D

Coniferous stand 1443 1.42 405.02 106.95 85.84
Broadleaf stand 504 1.42 207.10 20.83 38.68
Mixed stand 238 4.36 163.80 19.31 32.43
Total forest area 2185 1.42 405.02 76.70 83.50
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indices for three forest types was statistically significant to 
estimate AGB and included in the model (p < 0.05).

Semivariance analysis was conducted before interpola-
tion the AGB of coniferous, broadleaf, and mixed stands. 
Semivariogram graphics of the AGB residuals were shown 

in Fig. 3. Semivariogram models were chosen according 
to the lowest error. The results indicated that the small-
est error was mostly obtained in the exponential model 
for the reflectance and vegetation indices in forest types. 
The spherical model was used only in mixed stands with 

Table 3   Pearson’s correlation coefficients between AGB and reflectance values

a Correlation is not significant
b Correlation is significant at the 0.01 level

Forest type Variable Reflectance

B2 B3 B4 B5 B6 B7 B8 B8A B11 B12

Coniferous stand AGB (ton/ha)  − 0.674b  − 0.676b  − 0.644b  − 0.674b  − 0.526b  − 0.433b  − 0.442b  − 0.442b  − 0.677b  − 0.656b

Broadleaf stand  − 0.645b  − 0.618b  − 0.656b  − 0.594b 0.668b 0.741b 0.743b 0.731b  − 0.442b  − 0.594b

Mixed stand  − 0.607b  − 0.598b  − 0.569b  − 0.576b  − 0.022a 0.122a 0.118a 0.089a  − 0.540b  − 0.552b

Table 4   Pearson’s correlation coefficients between AGB and vegetation indices values

a Correlation is not significant
b Correlation is significant at the 0.01 level

Forest type Variable Vegetation indices

NDVI GNDVI BNDVI MNDVI GBNDVI GRNDVI MCARI MCARI1

Coniferous stand AGB (ton/ha) 0.603b 0.620b 0.554b 0.653b 0.598b 0.618b  − 0.360b  − 0.005a

Broadleaf stand 0.744b 0.749b 0.733b 0.738b 0.763b 0.770b 0.601b 0.795b

Mixed stand 0.613b 0.638b 0.605b 0.634b 0.642b 0.647b 0.049a 0.435b

CHL-R-E CCCI CHLG CLR Edge CVI LCI SAVI EVI
Coniferous stand AGB (ton/ha) 0.690b 0.594b 0.645b 0.683b 0.627b 0.648b 0.107b 0.025a

Broadleaf stand 0.848b 0.266b 0.849b 0.848b 0.770b 0.762b 0.792b 0.802b

Mixed stand 0.769b 0.558b 0.746b 0.762b 0.704b 0.652b 0.491b 0.464b

EVI2 PSSR NDWI MSI WDVI GVMI NLI GLI
Coniferous stand AGB (ton/ha)  − 0.004a 0.598b 0.688b  − 0.673b  − 0.314b 0.664b 0.351b 0.380b

Broadleaf stand 0.796b 0.869b 0.732b  − 0.686b 0.785b 0.641b 0.812b 0.786b

Mixed stand 0.449b 0.734b 0.685b  − 0.632b 0.267b 0.579b 0.603b 0.582b

Table 5   MLR model to estimate 
AGB using reflectance values 
for coniferous, broadleaf, and 
mixed stands

Coniferous stand Broadleaf stand

Parameter Coefficient t p Parameter Coefficient t p

(Constant) 271.278 15.219 0.000 (Constant) 21.303 2.186 0.029
B3 9951.816 4.218 0.000 B7 6856.775 9.639 0.000
B4 4201.580 3.278 0.001 B6  − 5151.770  − 12.228 0.000
B11  − 1049.775  − 2.246 0.025 B8A  − 4637.706  − 8.377 0.000
B7 10,116.546 9.361 0.000 B11 384.845 6.381 0.000
B6  − 8795.343  − 6.329 0.000 B8 2319.108 3.982 0.000
B12 1659.272 2.206 0.028 Mixed stand
B8  − 2836.645  − 3.860 0.000 Parameter Coefficient t p
B2  − 11,531.188  − 5.548 0.000 (Constant) 90.809 4.758 0.000
B5  − 6186.246  − 4.854 0.000 B2  − 6299.740  − 5.761 0.000

B4 10,513.624 10.880 0.000
B5  − 9057.291  − 10.269 0.000
B6 1757.224 9.572 0.000
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vegetation indices due to obtaining the lowest error. Semi-
variogram parameters such as nugget, sill, and range of 
the selected semivariogram models were illustrated in 
Table 7. The SCI calculated as the percent nugget effect 
was calculated for each interpolation in forest types. It 
was determined that the highest spatial dependence among 
forest species was in coniferous stands (SCI% = 57, 60). 
Spatial dependence was found to be low in broadleaf for-
ests (SCI% = 89, 91).

The RK predictions were obtained by adding kriged 
residuals to MLR estimation values. As a result of this pro-
cess, success performance criteria of MLR and RK estimates 
were calculated for coniferous, broadleaf, and mixed stands 
(Tables 8, 9). As a predictor variable, the highest success 
in the MLR and RK methods belong to the vegetation indi-
ces values. The vegetation indices provided a better model 
explanatory power for all stands and methods. The best 
success was obtained by performed the RK method with 
the vegetation indices in coniferous stands (R2 = 0.88). The 
lowest success was obtained by using the MLR method with 
reflectance data in coniferous stands (R2 = 0.64). The lowest 
and highest success in coniferous stands showed that the 
improvement in the estimation of AGB occurred mostly in 
these stands.

The AGB mapping results from RK method were vali-
dated based on independent datasets. The model and test 
performance of the AGB based on vegetation indices were 
both compatible and the highest (Table 9). The most suc-
cessful results for model (R2 = 0.84) and test (R2 = 0.72) were 
obtained in broadleaf stands. The lowest error was found in 
mixed stands (model RMSE = 15.619, test RMSE = 19.759). 
The lowest success was in coniferous stands for the AGB 
content based on reflectance values. The AGB prediction 
based on the vegetation indices in coniferous stands had the 
highest model (R2 = 0.88) and the lowest test (R2 = 0.69) 
success.

The spatial distribution of the AGB of the coniferous, 
broadleaf, and mixed stands was estimated using the RK 
method, and the surface map of the AGB was created by 
combining AGB maps of the forest types (Fig. 4). According 
to the AGB map produced by the RK method, the AGB is 
higher in the north-eastern part of the study area. While the 
AGB was in the range of 0–180 (ton/ha) in other regions, 
it was determined in the range of 180–450 (ton/ha) in the 
north-eastern part. Areas where biomass is high are mostly 
composed of uneven-aged pure Fir and Fir-Scotch pine 
mixed stands. In addition, there were old and fully closed 
stands of black pine in the same region. It was determined 
that the reference map (Fig. 4, b) and the RK prediction 
maps (Fig. 4, c–d) were similar in terms of the spatial dis-
tribution of the AGB. In the regions with high AGB in the 
reference map, the RK method made lower estimates.

Discussion

The AGB of the coniferous, broadleaf, and mixed stands was 
calculated. The AGB of coniferous stands had a higher data 
range from 2.16 to 405.02 ton/ha, and therefore, coniferous 
stands were more heterogeneous than other forest types in 
terms of development. The AGB levels of broadleaf and 
mixed stands were lower than coniferous stands (Table 2). 
When the stand structures in the area were examined, conif-
erous forests contained more growing stock volume. Conif-
erous stands were more mature, and AGB levels were higher 
(Anonymous 2018).

Six independent variables (CHL-R-E, PSSR, CHLG, 
LCI, EVI, and MCARI) in MLR models were determined 
for coniferous and mixed stands in Hyrcanian forests of Iran. 
PSSR indices for three forest types was statistically signifi-
cant to estimate AGB and included in the model (p < 0.05). 
The highest relationship for predicting AGB was found to be 

Table 6   MLR model to estimate 
AGB using vegetation indices 
values for coniferous, broadleaf, 
and mixed stands

Coniferous stand Broadleaf stand

Parameter Coefficient t p Parameter Coefficient t p

(Constant) 174.568 6.418 0.000 (Constant)  − 18.933  − 11.994 0.000
MCARI  − 6189.443  − 3.838 0.000 PSSR 14.322 18.238 0.000
CHLG 106.785 12.021 0.000 GRNDVI  − 92.060  − 6.823 0.000
PSSR  − 97.176  − 10.515 0.000 Mixed stand
GLI 1384.576 7.841 0.000 Parameter Coefficient t p
CHL-R-E 114.411 6.635 0.000 (Constant) 123.917 6.030 0.000
LCI  − 275.096  − 3.527 0.000 CHL-R-E 135.290 6.061 0.000
EVI  − 338.750  − 3.109 0.002 PSSR  − 26.629  − 5.332 0.000

CHLG 35.812 3.798 0.000
LCI  − 573.644  − 6.454 0.000
EVI  − 330.443  − 2.884 0.005
MCARI 3509.070 2.075 0.040
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Fig. 3   Experimental semivariograms of coniferous, broadleaf, and mixed stands for AGB based on reflectance and vegetation indices data

Table 7   Semivariogram 
parameters of fitted models for 
AGB of the forest types

Forest type Satellite data Model Nugget Sill Range SCI%

Coniferous stand Reflectance Exponential 1239.9 2195.2 3902.8 57
Vegetation indices Exponential 1195.5 1986.4 2069.3 60

Broadleaf stand Reflectance Exponential 349.8 394.7 4905.3 89
Vegetation indices Exponential 318.8 350.7 4715.6 91

Mixed stand Reflectance Exponential 294.8 482.5 4010.2 61
Vegetation indices Spherical 183.9 251.7 6836.7 73
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NDVI, followed by RVI. RVI had a reverse relationship with 
the AGB (Motlagh et al. 2018). Kumar et al. (2016) reported 
that EVI, SAVI, and RVI vegetation indices showed a higher 
relationship with AGB compared to NDVI in Surat Thani 
Province, Thailand.

Experimental semivariogram analysis was conducted. 
Mostly, the exponential variogram model was better fitted. 
The semivariogram model parameters were obtained for 
interpreting spatial relationships. According to the SCI data, 
coniferous stands had the highest level of spatial depend-
ence. In terms of the classification, the spatial dependence 
of coniferous and mixed stands was moderately. Weakly 
spatial dependency was found in broadleaf stands. Lack of 
strongly spatial dependence indicates that the variability at 
short distance is high and there is a weak autocorrelation in 
the data. The nugget value was high in our study area, sug-
gesting small-scale variabilities, in other words, a weak spa-
tial autocorrelation in study data. Weak spatial dependency 

is due to anthropogenic effects (Behera and Shukla 2015). 
These effects are measurement errors or spatial variation 
at distances smaller than the sampling interval (Li et al. 
2020). The study area consists of intensively managed for-
ests. Applied silvicultural treatments in stands effect forest 
structure and this situation also increases the variation of the 
forest structure depending on the distance. The fact that the 
sampling distance does not reflect this variability may causes 
the spatial dependence to be obtained weakly.

The AGB was predicted using MLR and RK method 
with reflectance and vegetation indices values as aux-
iliary variable. The RMSE values for coniferous stands 
(RMSE = 28.105–48.896) were higher than that for 
broadleaf (RMSE = 16.090–19.437) and mixed stands 
(RMSE = 15.619–20.983), which could be attributable the 
high standard deviation (Table 2). When we compared the 
methods, the RK method gave more accurate results than 
the MLR method in both reflectance and vegetation indices 
values. The R2 values of MLR and RK methods were 0.66 
and 0.88 by using vegetation indices for coniferous stands. 
By performing the RK method, the model explanatory value 
increased by 8% using reflectance data in broadleaf stands 
and 16% by using vegetation indices in mixed stands. It 
was also seen that the RK method significantly improved 
the model accuracy. The variance of the residuals was 
decreased, and more accurate estimations were made with 
the effect of kriging (Benitez et al. 2016; Bolat et al. 2020).

Tsui et al. (2013) used the RK method based on airborne 
LIDAR and space-borne radar data to estimate AGB in 
managed forest area located on Vancouver Island, British 
Columbia, Canada. Correlation coefficients for 500, 1000, 
and 2000 m transects were obtained 0.68, 0.62, and 0.51, 
respectively. Li et al. (2015) used airborne LIDAR and 
SPOT 6 satellite data and estimated the AGB with MLR 
(R2 = 0.48) and RK methods (R2 = 0.66) in the northeast 
China. Li et al. (2020) predicted the AGB for coniferous, 
broadleaf, and mixed forests using MLR and RK methods 
in a subtropical monsoon humid climate zone in China. The 
R2 values for the MLR method were 0.50, 0.52, and 0.43 for 
coniferous, broadleaf, and mixed forests, respectively. When 
the RK method was applied, these values were obtained 
as 0.86, 0.90, and 0.83, respectively. They increased the 
model explanatory power by 36–40% with the use of the RK 
method. The high increase in model accuracy compared to 
our study may be due to the greater diversity in the explana-
tory variables added to the model. Especially the use of tex-
ture datasets greatly contributes to the model explanatory in 
modeling studies with remote sensing data (Chrysafis et al. 
2019; Bulut 2021).

As a combined method, the random forest-kriging 
(RFK) method was also used in AGB estimation. Chen 
et al. (2019a, b) estimated the AGB using random for-
est (RF) and RFK methods with ALOS-2, Sentinel-1, 

Table 8   Performance criteria of the MLR method by correlation coef-
ficient (r), coefficient of determination (R2), and root mean squared 
error (RMSE)

Forest type Perfor-
mance 
criteria

Reflectance Vegetation indices

Coniferous stand R2 0.64 0.66
r 0.80 0.81
RMSE 48.896 47.152

Broadleaf stand R2 0.74 0.78
r 0.86 0.88
RMSE 19.437 17.926

Mixed stand R2 0.66 0.77
r 0.81 0.88
RMSE 20.983 17.123

Table 9   Validation of the AGB predictions obtained from the RK 
method by correlation coefficient (r), coefficient of determination 
(R2), and root mean squared error (RMSE)

Forest type Perfor-
mance 
criteria

Reflectance Vegetation 
indices

Model Test Model Test

Coniferous stand R2 0.85 0.68 0.88 0.69
r 0.92 0.83 0.94 0.83
RMSE 32.412 51.275 28.105 49.729

Broadleaf stand R2 0.82 0.71 0.84 0.72
r 0.91 0.84 0.92 0.85
RMSE 17.594 23.404 16.090 21.952

Mixed stand R2 0.80 0.69 0.83 0.72
r 0.89 0.83 0.91 0.85
RMSE 18.029 21.606 15.619 19.759
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Sentinel-2, and topographical variables in eastern moun-
tainous region of Jilin Province in northeast China. The 
R2 and RMSE values were 0.985–30.24 (mg/ha) for RF 
method, and 0.990–28.15 (mg/ha) for RFK method. Su 
et al. (2020) modeled the AGB with RF and RFK meth-
ods using the digital elevation data and remotely sensed 
data such as ALOS/PALSAR and Landsat 5 TM for the 
years of 1992, 2002, and 2010 in Chinese subtropical for-
ests. The highest accuracy improvement was obtained for 
1992. The R2 values were 0.41 and 0.81 for RF and RFK 
methods, respectively. In our study, coniferous stands have 
the highest SCI and lowest nugget effect, and the degree 
of accuracy improvement was higher in these stands. Su 
et al. (2020) found that the RF-based residuals had strong 
spatial autocorrelation in the data of 1992, and the highest 
increase in success was obtained in this year. For success-
ful interpolations, especially in geostatistical methods, it 
was expected that the positional dependence was high, and 
the nugget effect was low. The low spatial autocorrelation 
limited the success of the estimation (Su et al. 2020; Li 
et al. 2020).

The fact that the areas with high AGB values in the refer-
ence map are low in the RK method is due to the combina-
tion of the kriging method. The method tends to overesti-
mate low values and underestimate high values. This helps 
increase success by reducing the variance of error. In this 
study, high values are reduced by underestimating. There-
fore, the stands with high AGB were determined lower in 
the RK method (Bolat et al. 2020).

However, the prediction of AGB in this study involves a 
shortcoming is that we used single-dated satellite imagery. 
As in our study, previous studies (Labrecque et al. 2006; 
Powell et al. 2010; Gasparri et al. 2010) have extensively 
used a single-date satellite image taken during the peak 
growing season to estimate AGB by developing empiri-
cal models. Satellite images obtained from different sea-
sons give different texture measurements with changes in 
vegetation structure, soil background and sun angles, etc. 
(Culbert et al. 2009). The temporal information of satel-
lite images can reduce the saturation problem, especially in 
estimating AGB in large areas (Zhu and Liu 2015; Gwenzi 
et al. 2017; Li et al. 2019). To capture cloud-free seasonal 

Fig. 4   Forest type map (a), reference surface map of AGB (b), predictions from the RK method based on c reflectance and d vegetation indices 
data
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fluctuations of the vegetation, a high temporal resolution is 
required (Naik et al. 2021). As a result, it is critical to use 
seasonal time-series obtained from satellite images in order 
to reduce the saturation problem and improve the model’s 
success in studies conducted in large areas with different 
vegetation structure. According to some studies in the lit-
erature, using seasonal time-series generated from differ-
ent satellite images increased the success rates of predicted 
stand features (Wallner et al. 2015). According to Dymond 
et al. (2002), using seasonal time-series data to monitor for-
est parameters has the potential to increase accuracy. In a 
study conducted by Zhu and Liu (2015), it was stated that 
the saturation problem decreased, and the model success 
increased with the use of NDVI seasonal time-series data. 
Also, the author expressed that the phenological data pro-
vided in the time-series could help increase AGB estimation 
accuracy. Naik et al. (2021) stated that the AGB models 
based on multitemporal data were more effective in predict-
ing than the single-time models, and spatial resolution is 
less important than spectral and temporal information for the 
prediction of AGB. Despite the forest ecosystem’s heteroge-
neity and complexity, seasonal multi-temporal multispectral 
data outperformed single-dated image (Sullivan et al. 2018). 
As a result of, comparing the studies with optical images at 
a single time and seasonal multi-temporal data, we can say 
that the use of seasonal multi-time satellite data in the mod-
eling of the AGB increases the model success.

Conclusion

Independent variables to model AGB were reflectance and 
vegetation indices data. The optimal data sets as explana-
tory variables were chosen using MLR method (Tables, 3, 
4). The ordinary kriging method was used to create spatial 
distribution pattern of the residual AGB. Finally, MLR pre-
dictions and kriging residuals were combined, and produced 
RK estimations and maps. The results indicate the following: 
(1) the most appropriate reflectance and vegetation indices 
based on Sentinel-2 satellite image to prediction broadleaf 
stand AGB were B8 and PSSR in study area. (2) The AGB 
models of the MLR method were considered insufficient in 
terms of usability. (3) The RK method helped to minimize 
the residual variance of the predictions and to obtain more 
accurate estimations. (4) It was seen that combined method 
improved the model accuracy and gave the better results than 
pure method. (5) Neither exponential nor spherical model 
could fit the regression residuals well in semivariogram 
analysis due to the weak spatial dependency for broadleaf 
and mixed stands. (6) Although the RK model performances 
were a good level, it was inadequate in estimating the maxi-
mum AGB values. It would be helpful to estimate the AGB 
in different regions to clarify these results more consistently. 

Also, applying various remote sensing data and combina-
tions of kriging and different statistical methods will help 
to overcome the problems in estimating AGB. Furthermore, 
single time based on multispectral data are insufficient for 
effectively modeling AGB in large forest areas, and greater 
modeling accuracy required multitemporal data. As a result, 
more studies into to the capabilities and limitations of sea-
sonal Sentinel-2 time-series for AGB prediction are needed.
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