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Abstract

onitoring forest resources using satellite images has been

employed for different forest inventory purposes. This

study used remote sensing data to derive regression mod-

els for estimating some stand attributes, including mean
diameter, stand basal area, stand volume, number of trees, and stand
density of pure Scots pine (Pinus sylvestris L.) stands. Field measure-
ments were conducted within the 135 sample plots to obtain the above-
mentioned stand attributes data. Reflectance values, vegetation indices,
and texture values of each sample plot were generated from Landsat 8
OLI satellite images. The data obtained from sample plots were random-
ly selected and divided into two groups, consisting of 101 sample plots
(75% of total data) for derivation of models, and 34 sample plots (25% of
total data) for validation of the derived models. The prediction strengths
of seven independent variable groups (i.e., reflectance values, vegetation
indices, texture values, reflectance values and vegetation indices, reflec-
tance values and texture values, vegetation indices and texture values,
reflectance values, vegetation indices, and texture values) were also com-
pared. A multiple linear regression analysis was utilized to fit stand at-
tributes based on the derived independent variable groups. Three good-
ness-of-fit statistics (R’, RMSE and MAE) were used to compare the
different prediction models. Results revealed a moderate success of the
derived regression models. Best models for mean diameter, stand basal
area and number of trees were achieved with vegetation indices and tex-
ture values as independent variable group, with R* values of 0.492, 0.338
and 0.534, respectively.
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I. INTRODUCTION

Sustainable forest management plans are usually support-
ed by forest inventory data that provides information about the
current state of the forest [2]. Data on stand attributes such as
mean diameter, stand basal area, stand volume, number of trees
and stand density in forest inventory are useful information in the
formulation of forest management plans. Although field measure-
ments and observations are the most widely used method in forest
inventory, the setbacks of this approach include high costs, labor-
intensive, and time-consuming [30]. These limitations could be
addressed through employment digital technology in forest inven-
tory in which the forest data can be obtained through remote
sensing methods [7, 17]. Remote sensing, which captures images
using various satellites such as Landsat, IKONOS, QuickBird, Sen-
tinel, Goktiirk, provides important spatial and temporal data for
utilization in planning and forest inventory activities [41]. The
Landsat 8 OLI satellite, which has been providing data since 2013,
have been used in many forestry studies, such as classification of
land cover [24], estimation of stand attributes [1, 20], estimation of
leaf area index [4, 10] and estimation of aboveground biomass and
carbon stock [35, 20, 43, 31, 14].

Many reported studies used reflectance values, vegetation
indices, and texture values obtained from Landsat 8 OLI satellite
images to determine stand attributes [1, 40, 4, 19, 20, 43, 14]. These
studies derived prediction models based on the relationships be-
tween stand attributes and remote sensing data, which are used to
estimate stand attributes. Most of these models employed multi-
ple linear regression [20], artificial neural networks [40, 35], k-
nearest neighbor [1], random forest [10], geographically weighted
regression [20] and extreme gradient boosting [31] methods to pre-
dict or estimate stand attributes.

The purpose of this research is to develop regression mod-
els for various stand attributes (mean diameter, stand basal area,
stand volume, number of trees and stand density) in pure Scots
pine (Pinus sylvestris L.) stands of Kosdag Planning Unit
(Kastamonu, Tirkiye) using the reflectance values, vegetation in-
dices and texture values obtained from the Landsat 8 OLI satellite
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image. The relationships between stand attributes and remote
sensing data were investigated using a multiple linear regression
method and the effects of different independent variable combina-
tions of reflectance values, vegetation indices and texture values
on the prediction success were assessed.

II. MATERIALS AND METHODS

Study Area

This study was conducted in the Scots pine stands in Kosdag
Planning Unit within the boundaries of the Tosya Forest Enter-
prise, Kastamonu Regional Directorate of Forestry (40° 56' 55" - 41°
03' 45" N, 34° 13' 25" - 34° 24' 17" E). The K6sdag Planning Unit
consists of 6908-ha total forest area in which the Scots pine stands
comprise about 35% (2420 ha) of the total area. The slope ranges
from 4% to 62%, with an average value of about 27%. The eleva-
tion ranges between 1552 to 2051 m with an annual mean tempera-
ture and precipitation of about 12.0 °C and 404.6 mm, respectively

(Fig. 1).
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Figure 1. Geographical Location of the Study Site

Measurement Procedure

A total of 135 sample plots of pure Scots pine stands from
sample plots, which were used in the forest inventory activities
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during the preparation of the Kosdag Forest Management Plan in
2014, were utilized in this study. The sizes of circular sample plots
were 800-, 600- and 400-m”*, based on the crown closure classes of
the stands (i.e., 1 to 40%, 41 to 70%, and >70%). Landsat 8 OLI
satellite images of the study area and location of sample plots are
shown in Figure 2.
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Figure 2. Landsat 8 OLI Satellite Image of Study Area and Location of Sample Plots

The coordinates, centered at each sample plot, were deter-
mined with GPS according to the UTM coordinate system. Within
these sample plots, the diameter at breast height (dbh, cm) of
trees greater than 7.9 cm and number of trees (n) were measured.
A total of 3,426 trees were measured at dbh in all sampling plots
with total number of trees ranging from 5 to 49 for each sampling
plot. The basal area and volume of all trees were calculated using
the measured dbh. Volume calculations were done using the sin-
gle-entry volume equation by Yavuz et al. [46] (Equation 1). Mean
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diameters of sample plots were calculated as quadratic mean di-
ameter (d, cm) (Equation 2). Total basal area (g, m*) and total
volume (v, m?) of sample plots were obtained by adding the basal
areas and volumes of sample trees, and then converted to stand
basal area (G, m* ha™) and stand volume (V, m? ha™) based on
equations 3 and 4. The number of trees (N, trees per ha) was ob-
tained using Equation 5. The stand density (SD) was determined
using the equation by Curtis et al. [9] (Equation 6) where d,;, mean
diameter (cm); dbh, diameter at breast height (cm); G, stand basal
area (m* ha”); g, basal area of the sample plot (m?*); V, stand vol-
ume (m? ha™); v, volume of the sample plot (m?); N, number of
trees per hectare; n, number of trees in sample plot; and A, sample
plot size (m?).

Inv = —8,209 + 2,324 Indbh 3,664 (1)
R Sk dbh
2
0, - /Edbh 2
n
10000 "
10000
= v (4)
A
10000 s
= A n
G
SD =—— (6)

/.

One hundred thirty-five sample plots were randomly selected and
divided into two groups, consisting of 101 sample plots (75% of
total sample plots) for the model development and 34 sample
plots (25% of total sample plots) for use in the validation process.
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Descriptive statistics of the sample plots for model development
and validation data groups are summarized in Table 1.

Table 1. Descriptive Statistics of the Sample Plots

Mean diam- Basalarea Stand volume Number of Stand

Statistics eter (m?ha™) (m*ha™) trees densi-
(cm) (per ha) ty
Model development data (101 sample plots)
Minimum 8.7 4,035 18,764 63 1.37
Maximum 60.8 76,455 821,182 1225 12.84
Mean 294 28,518 284,046 480,6 518
Standard devia- 10.3 14,810 164,685 252,4 2.38
tion
Validation data (34 sample plots)
Minimum 10.3 3,463 18,696 138 1.07
Maximum 55.2 48,733 550,032 1150 8.41
Mean 30.6 25,551 259,442 404,4 4.55
Standard devia- 10.6 11,594 137,095 228,3 1.74
tion

Remote Sensing Data and Data Processing

The Landsat 8 OLI satellite image in 2014 was used in this
study (http://earthexplorer.usgs.gov) to be consistent with the
2014 field measurements data in this study. The strip width of this
image is 185 km with temporal resolution of 16 days. There was no
requirement for correction because the Landsat 8 OLI satellite
image was obtained in Level-1 C format, which includes atmos-
pheric, radiometric, and geometric corrections. The remote sens-
ing data were divided into three groups as reflectance values, veg-
etation indices and texture values. The reflectance values were cal-
culated for each sample plot separately for six bands (2, 3, 4, 5, 6
and 7) of the Landsat 8 OLI satellite image with 30-m spatial reso-
lution. The reflectance values of the sample plots were obtained in
two stages. In the first stage, each band of Landsat 8 OLI satellite
image was calibrated using QGIS Desktop 3.8.1 software, and then
obtained the reflectance values of each band. The extraction of the
reflectance values of the sample plots was carried out in the sec-
ond stage using the ArcGIS Desktop 10.5.1 software. A “buffer
zone” was delineated on the center of sample plots according to
the sample plot sizes (with 11.28, 13.82 and 15.96 m radius), and

98 ASEAN Journal of Science and Technology, Vol. 3, No. 1, Dec. 2022




Predicting Some Stand Attributes of Scots Pine Stands Using Landsat 8 OLI Satellite Image

then obtained the actual sample plot sizes. Then, reflectance val-
ues of each sample plot were obtained by using the "zonal statis-
tics as table" command for each band. The reflectance values were
estimated based on the average of the pixel values within the sam-
ple plot boundaries. Vegetation indices were calculated based on
the 24 different vegetation indices obtained from the literature.
The values of six bands of the Landsat 8 OLI satellite image were
used in the calculation of these indices (Table 2).

Table 2. Calculated Vegetation Indices

Vegetation indices Formula Reference
MID Band6 + Band7 Ezlrﬁzra[ggj
NDVI Band5 — Band4 I[-\::,%l]]se et al.

Band5 + Band4
Band6
MSI an I[-1|L;Tt & Rock
Band5
NDMI Baﬂ.ds — Band6 Hardisky et
Band5 + Band6 al. [16]
NBR Band5 — Band7 Key & Ben-
Band5 + Band7 son [27]
Band5 — Band4 Liu & Huete
EVI 2.5 ( ) [29]
Band5 + 6Band4 — 7.5Band2 + 1
Band5 — Band4
SAVI 1.5 ( ) Huete [18]
Band5 + Band4 + 0.5
_ 7_ _
MSAV] 2Band5 + 1 —/(2Band5 +1)2 — 8(Band5 — Band4) Qi et al. [37]
Z
ARV Band5 — 2Band4 + Band3 Kaufman &
Band5 + 2Band4 — Band3 Tanre [26]
ND32 Hanat— Bongs Lu et al. [30]
Band4 + Band3
ND53 Hemih— Banel Lu et al. [30]
Band6 + Band4
ND73 el el Lu et al. [30]
Band7 + Band4
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Table 2. (Continued)

Vegetation indices Formula Reference
Band5 — Band3 Gitelson et al.
GNDVI Band5 + Band3 [11]
NDWI Band5 — Band6 McFeeters
Band5 + Band6 [32]
Band5 Band5
MSR Band4 1)/<,J Band4 1 ) Chen [6]
NL| Band5? — Band4 Goel & Qin
Band52 + Band4 [12]
Band5
PSSR R —— Blackburn
SS ey ackburn [3]
Band5 .
IPVI Band5 + Band4 Cnppen [8]
Band5
RVI Zanda> Jordan [22]
Band4
Band5 — Band4 Jiang et al.
EVI2 s (Ba‘ndS + Bandd + 1 [21]
DVI Band5 — Band4 Tucker [42]
MID57 Band5 + Band7 Lu et al. [30]
VIS123 Band2 + Band3 + Band4 Lu et al. [30]
Albedo Band2 + Band3 + Band4 + Band5 + Band6 + Band7 | Lu et al. [30]
Table 3. Independent Variable Groups for MLR Models
Independent Number
variable Variables of varia-
groups* bles
R B2, B3, B4, B5, B6 and B7 6
VI MID, NDVI, MSI, NDMI, NBR, EVI, SAVI, MSAVI, ARVI, ND32, 24
ND53, ND73, GNDVI, NDWI, MSR, NLI, PSSR, IPVI, RVI, EVI2, DVI,
MID57, VISI23 and Albedo
T Bands (6) Window sizes (4) Texture metrics (8) 192
B2, B3, X 3x3, 5x5, 7x7,9x9 | x M, VAR, HOM, CONT,
B4, B5, DIS, ENT, SM, COR
B6, B7
R —VI B2, B3, B4, B5, B6, B7, MID, NDVI, MSI, NDMI, NBR, EVI, SAVI, 30
MSAVI, ARVI, ND32, ND53, ND73, GNDVI, NDWI, MSR, NLI, PSSR,
IPVI, RVI, EVI2, DVI, MID57, VISI23 and Albedo
R-T B2, B3, B4, B5, B6,B7 and 192 texture values 198
VI-T MID, NDVI, MSI, NDMI, NBR, EVI, SAVI, MSAVI, ARVI, ND32, 216
ND53, ND73, GNDVI, NDWI, MSR, NLI, PSSR, IPVI, RVI, EVI2, DVI,
MID57, VISI23, Albedo and 192 texture values
R-VI-T B2, B3, B4, B5, B6, B7, MID, NDVI, MSI, NDMI, NBR, EVI, SAVI, 222
MSAVI, ARVI, ND32, ND53, ND73, GNDVI, NDWI, MSR, NLI, PSSR,
IPVI, RVI, EVI2, DVI, MID57, VISI23, Albedo and 192 texture values
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To determine the texture values, the gray level co-
occurrence matrix (GLCM) proposed by Haralick et al. [15] was
used. Eight texture metrics (mean (M), variance (VAR), homoge-
neity (HOM), contrast (CONT), dissimilarity (DIS), entropy (ENT),
second moment (SM) and correlation (COR)) were generated us-
ing four different window sizes (3 x 3, 5x5,7x7and 9 x 9) for 6
bands of Landsat 8 OLI satellite image. Obtaining the texture val-
ues of the sample plots was carried out in two stages. First, the
texture analysis was performed for each band of Landsat 8 OLI
satellite image using ENVI 5.2 software. Second, texture values
were obtained for each sample plot by using the "zonal statistics as
table" command to the image obtained for each texture metrics
with the "buffer zone" by using ArcGIS Desktop 10.5.1. Thus, for
each sample plot, a total of 192 texture values were produced, as a
combination of 6 different bands, 4 different window sizes and 8
different texture values. The texture values were obtained as the
mean values within the sample plot boundaries (buffer zone). As a
result, 222 remote sensing data were produced for each sample
plot, including 6 reflectance values, 24 vegetation indices and 192
texture values obtained from Landsat 8 OLI satellite image.

Regression Models

Multiple linear regression (MLR) was used to model the
relationships between the stand parameters of measured field data
(mean diameter, basal area, stand volume, number of trees, and
density) and remote sensing data derived from the Landsat 8 OLI
satellite image (reflectance values, vegetation indices, and texture
values). The ordinary least squares method was used to obtain
MLR models based on the stepwise variable selection method. In
the regression models, stand attributes of the model data group
(101 sample plots) obtained by field measurements were used as
the dependent variable. The independent variables are the remote
sensing data in three different groups: reflectance values, vegeta-
tion indices and texture values obtained from the Landsat 8 OLI
satellite image. To develop the regression models, each remote
sensing data group was processed independently of each other.
Then, the relationships in binary combinations, such as reflec-
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tance values-vegetation indices, reflectance values-texture values,
and vegetation indices-texture values, were revealed. Finally, re-
flectance values-vegetation indices-texture values were included
in the model together. As a result, seven different models based
on different data sets were developed for each stand attributes
(Table 3). The individual and mixed effects of reflectance values,
vegetation indices and texture values on the prediction success of
stand characteristics were also evaluated and assessed. Regression
models were fitted using IBM SPSS 23 software.

Model Comparisons and Validation Tests

The multiple linear regression models were compared
based on goodness-of-fit statistics involved coefficient of determi-
nation (R?), root mean square error (RMSE) and mean absolute
error (MAE).

2 _E(}’i—fi)z
R =136 -7 7)
RMSE = M (8)
n—1
5 (9)
MAE:EIJ& vil
n

o~

y

where 7 , observed values of stand attributes; 7, predicted val-

ues of stand attributes, and n, sample size.

To compare the regression models fitted with different in-
dependent variable groups for each stand parameter, the relative
ranking approach by Poudel & Cao [38] was used. In this ap-
proach, the relative rank of each regression model for a goodness-
of-fit statistic is determined using Equation 10. Once each model
ranked the goodness-of-fit statistics, relative ranks of statistics
were summed up and the total relative ranks of regression models
were re-ranked to determine the overall ranks.

R =14 (Tn - 1)(55 - Smin) (10)
' (Smax — S min)
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where R;, relative rank of model i (i=1, 2, ..., m); S;, goodness-of-fit
statistic of model i; S,,;, and S,,,,, minimum and maximum values

Table 4. Multiple Linear Regression Results for Mean Diameter

Indep'endent Independent Coefficients
Pl variaples (X) (b) p-value R SEE
R Constant 94.065 0.000 0.186 9.467
B2 -910.441 0.042
B5 -219.108 0.000
B6 275.003 0.003
Vi Constant 34.336 0.001 0.204 9.311
EVI -1358.393 0.004
SAVI 1482.370 0.008
T Constant 42.254 0.000 0.408 8.112
B5-3x3-M -0.307 0.000
B5-9x9-HOM -0.111 0.000
B6-3x3-M 0,431 0.000
B7-9x9-M -0,290 0.000
R-VI Constant 34.336 0.001 0.204 9.311
EVI -1358.393 0.004
SAVI 1482.370 0.008
R-T Constant 51.603 0.000 0.433 8.026
B5 -230.333 0.000
B6 288.879 0.000
B5-5x5-HOM -0.107| 0.010
B5-7x7-HOM 0.314 0.001
B5-9x9-HOM -0.329 0.000
B7-9x9-M -0.221 0.000
VI-T Constant 50148 0.000 0.492 7678
EVI -1065.453 0.000
EVI2 1167.627, 0.000
B3-7x7-M 0.387 0.007
B4-9x9-DIS -0.151 0.000
B5-5x5-COR -0.058 0.001
B5-9x9-M -0.408 0.001
B5-9x9-HOM -0.176 0.000
B6-5x5-COR 0.041 0.014
R-VI-T Constant 50.148 0.000 0.492 7678
Vi -1065.453 0.000
EVI2 1167.627 0.000
B3-7x7-M 0.387 0.007
B4.9x8 DIS -0.151 0.000
B5-5x5.COR -0.058 0.001
B5-9x9-M -0.408 0.001
B5-9x9-HOM -0.176 0.000
B6-5x5-COR 0.041 0.014
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of S;; and m, number of compared models.

The model validation was based on the residuals between
observed and predicted values for the validation data set, which
included 34 sample plots as independent data. The null hypothesis
of the mean of residual equals to zero was tested using the Stu-
dent’s t-test at the 95% probability level. If Student’s t-tests show
no significantly statistically differences and the mean residuals do
not significantly differ from zero, it can be inferred that the de-
rived regression models are statistically suitable for predicting the
stand attributes using a Landsat 8 OLI satellite image variables in
analyzing stand attributes of pure Scots pine plantation forests.

Table 5. Multiple Linear Regression Results for Stand Basal Area

varamgroups | veromes o | "y p-value R’ SEE
R 75.587 0.000 0.221 13.135
Constant -242.730 0.000
B5
Vi Constant 71.215 0.000 0.217 13.171
Albedo -64.641 0.000
T Constant 61.938 0.000 0.316 12.498
B4-5x5-VAR 0.251 0.000
B5-3x3-M -0.188 0.010
B6-3x3-VAR -0.085 0.029
B7-9x9-M -0.204 0.001
R-VI 75.587 0.000 0.221 13.135
Constant -242.730 0.000
B5
R-T 59.915 0.000 0.342 12.264
Constant -263.017 0.000
B5 0.094 0.001
B2-5x5-SM 0.060 0.018
B3-3x3-ENT 0.101 0.015
B4-3x3-VAR
VI-T Constant 72.872 0.000 0.338 12.296
Abedo -67.363 0.000
B2-9x9-SM 0.161 0.002
B4-3x3.VAR 0.116 0.004
B6-9x9-HOM -0.124 0.017
R-VI-T 59.915 0.000 0.342 12.264
Constant -263.017 0.000
B5 0.094 0.001
B2-5x5-SM 0.060 0.018
B3-3x3-ENT 0.101 0.015
B4-3x3-VAR
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III. RESULTS AND DISCUSSION

Results

A multiple linear regression was used to estimate some
stand attributes such as mean diameter, stand basal area, stand
volume, number of trees, and stand density based on reflectance
values, vegetation indices, and texture values obtained from the
Landsat 8 OLI satellite image. The multiple linear regression tech-
niques were utilized to determine the predictor remote sensing
values for estimating stand attributes and linear regression models
for each stand parameter. Using 6 reflectance values, 24 vegeta-
tion indices, and 192 texture values for candidate independent var-
iable groups, all stand parameters were fitted. Values of the se-
lected independent variables, their coefficients, p values of coeffi-
cients, and coefficients of determination (R*) and standard errors
(SEE) of the best regression models for each independent variable
group were summarized in Tables 4, 5, 6, 7 and 8. Relative ranks of
regression models were presented in Table 9.

Table 6. Multiple Linear Regression Results for Stand Volume

Indep_endent Independent Coefficients
‘;?'gﬁg'se variablos (X) (b) p-value R SEE
R Constant 798.892 0.000 0.214 146.729
B5 -2655.013 0.000
Vi Constant 849.175 0.000 0.223 146.630
Albedo -490.283 0.003
EVI -973.031 0.037
T Constant 684.523 0.000 0.341 137.206
B4-5x5-VAR 2.293 0.000
B5-3x3-M -2.606 0.002
B5-3x3-DIS 1.166 0.020
B6-7x7-VAR -1.843 0.001
B7-9x9-M -1.881 0.005
R-VI Constant 798.892 0.000 0.214 146.729
B5 -2655.013 0.000
R-T Constant 798.892 0.000 0.214 146.729
B5 -2655.013 0.000
VI-T Constant 713.698 0.000 0.276 142.297
Albedo. -1579.370 0.000
B6-3x3-M 5.817 0.001
B7-9x9-M -2.395 0.013
R-VI-T Constant 798.892 0.000 0.214 146.729
B5 -2655.013 0.000
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Table 7. Multiple Linear Regression Results for Number of Trees

opensen | depengen [ Codtoens | puane | m | o
T Constant 1022.704 0.002 0.456 190.949
B4-9x9-VAR 3.112 0.001
B5-3x3-M 10.069 0.000
B5-5x5-SM 5.437 0.000
B6-3x3-M -21.956 0.000
B7-3x3-M 11.740 0.001
R-T Constant 1022.704 0.002 0.456 190.949
B4-9x9-VAR 3.112 0.001
B5-3x3-M 10.069 0.000
B5-5x5-SM 5.437 0.000
B6-3x3-M -21.956 0.000
B7-3x3-M 11.740 0.001
VI-T Constant -977.840 0.000 0.534 177.746
B4-9x9-CONT 4.507 0.000
B5-9x9-M 13.685 0.000
B5-9x9-HOM 4.224 0.000
B6-5x5-M -9.972 0.000
B6-9x9-VAR 3.127 0.000
B6-9x9-COR -0.837 0.041
R-VI-T Constant -977.840 0.000 0.534 177.746
B4-9x9-CONT 4.507 0.000
B5-9x9-M 13.685 0.000
B5-9x9-HOM 4.224 0.000
B6-5x5-M -9.972 0.000
B6-9x9-VAR 3.127 0.000
B6-9x9-COR -0.837 0.041

Best regression results for each stand attributes were de-
termined using the independent variable groups containing tex-
ture values. For the mean diameter, stand basal area, and number
of trees, the most suitable regression models contained different
combinations of vegetation indices and texture values. Although
some of texture values were sufficient for the determination of
best regression model of stand volume, the best stand density
model included not only texture values of successful models for
other stand properties, but also included reflectance values.

When the relative ranks of the regression models were
compared for the mean diameter, the model. which includes vege-
tation indices and texture values, was considered as best, similar
to the model containing all three groups of independent variables,
although both models contained the same independent variables.
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Thus, the model that includes vegetation indices and texture val-
ues was considered as the most suitable model for predicting
stand attributes.

Table 9 shows eight, four, five, and six variables included
in the best regression models of mean diameter, basal area, stand
volume, number of trees, and stand density. respectively. All co-
efficients of these variables and constants of these models were
statistically significant, suggesting that all stand parameters were
fitted moderately with regression models. The highest R* value
(R’=0.534) was derived for estimating the number of trees, while
lowest (R°=0.338) for bsala area. The R” values of mean diameter,
stand volume, and stand density models were more or less similar,

Table 8. Multiple Linear Regression Results for Stand Density

psependoni | ndopendert | codtienie | pvane | m [ o
R Constant 10.021 0.000 0.229 2.103
B6 -34.673 0.000
Vi Constant 9.177 0.000 0.238 2.091
ND73 -31.770 0.000
T Constant 2.624 0.038 0.349 1.963
B2-5x5-SM 0.017 0.001
B3-5x5-ENT 0.014 0.018
B4-3x3-VAR 0.025 0.001
B7-3x3-M -0.038 0.000
R-VI Constant 9.177 0.000 0.238 2.091
ND73 -31.770 0.000
R-T Constant 5019 0.010 0.424 1.865
B6 -32.791 0.000
B2-5x5-SM 0.017 0.001
B3-5x5-ENT 0.017 0.008
B4-3x3-VAR 0.016 0.018
B4-3x3-SM 0.014 0.007
B6-3x3-HOM -0.009 0.049
VI-T Constant 9.352 0.000 0.385 1.908
ND73 -33.659 0.000
B2-9x9-SM 0.029 0.000
B4-3x3-VAR 0.020 0.001
B6-9x9-HOM -0.022 0.007
R-VI-T Constant 9.352 0.000 0.385 1.908
ND73 -33.659 0.000
B2-9x9-SM 0.029 0.000
B4-3x3-VAR 0.020 0.001
B6-9x9-HOM -0.022 0.007
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Table 9. Relative Ranks of Regression Models

Stand Attrip- | Independ- | e Total | ©eM-
ent varia- . R? (R) RMSE (R) MAE (R) eral
ute ble groups Vﬁzz' Ri rank
'V'eagt griam' R 3 0.186 (7.00) 9.3(7.00) 7.1 (7.00) 21.00 | 7.00
(dg, cm) Vi 2 0.204 (6.65) 9.2 (6.68) 7.0(6.33) 1966 | 6.55
T 4 0.408 (2.65) 8.0(2.89) 6.4 (2.33) 7.88 2.63
R-VI 2 0.204 (6.65) 9.2 (6.68) 7.0(6.33) 1966 | 6.55
R-T 6 0433 (2.16) 7.8(2.26) 6.2 (1.00) 5.42 1.81
VI-T 8 0.492 (1.00) 7.4(1.00) 6.2 (1.00) 3.00 1.00
R-VI-T 8 0492 (1.00) 7.4(1.00) 6.2 (1.00) 3.00 1.00
Basal area R 1 0.221 (6.81) 13.069 (6.80) 10.400 (7.00) 20.61 7.00
(G, m*ha™)
VI 1 0217(7.00) | 13.105(7.00) 10.295 (6.37) 2037 | 6.92
T 4 0316(225) | 12.245(2.26) 9.497 (1.60) 6.11 1.95
R-VI 1 0.221(681) | 13.069 (6.80) 10.400 (7.00) 20.61 7.00
R-T 4 0.342(1.00) | 12.016(1.00) 9.790 (3.35) 5.35 1.69
VI-T 4 0338(1.19) | 12.048(1.18) 9.397 (1.00) 3.37 1.00
R-VI-T 4 0.342(1.00) | 12.016(1.00) 9.790 (3.35) 5.35 1.69
Stal;‘rﬂ ;’0" R 1 0214(7.00) | 145993(7.00) | 116320(7.00) | 21.00 | 7.00
(V, m® ha™) Vi 2 0.223(657) | 145.156(659) | 116084(682) | 19.99 | 6.66
T 5 0.341(1.00) | 133732(1.00) | 108.309 (1.00) 3.00 1.00
R-VI 1 0214(7.00) | 145993(7.00) | 116320(7.00) | 21.00 | 7.00
R-T 1 0214(7.00) | 145993(7.00) | 116320(7.00) | 21.00 | 7.00
VI-T 3 0276 (4.07) | 140.146 (4.14) | 109.105(1.60) 9.81 3.27
R-VI-T 1 0214(7.00) | 145993(7.00) | 116320(7.00) | 21.00 | 7.00
Nugebezf of T 5 0.456 (4.00) 186.1 (4.00) 143.8 (4.00) 12.00 4.00
(N, per ha) R-T 5 0456 (4.00) | 186.1(4.00) 1438 (4.00) 12.00 | 4.00
VI-T 6 0534(1.00) | 1723(1.00) 137.6 (1.00) 3.00 1.00
R-VI-T 6 0534(1.00) | 1723(1.00) 137.6 (1.00) 3.00 1.00
Sta“dt ;’e"Si' R 1 0.229 (7.00) 2.09 (7.00) 1,60 (7.00) 21.00 7.00
(SD) Vi 1 0.238 (6.72) 2.08 (6.79) 1.60 (7.00) 20.51 6.84
T 4 0.349 (3.31) 1.92 (3.36) 1.45 (2.50) 9.16 3.05
R-VI 1 0.238 (6.72) 2.08 (6.79) 1.60 (7.00) 20.51 6.84
R-T 6 0.424 (1.00) 1.81(1.00) 1.40 (1.00) 3.00 1.00
VI-T 4 0.385 (2.20) 1.87 (2.29) 1.40 (1.00) 5.49 1.83
R-VI-T 4 0.385 (2.20) 1.87 (2.29) 1.40 (1.00) 5.49 1.83
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with R* values of 0.492, 0.341, and 0.424, respectively. The validity
of the best regression models were determined using a Student’s t-
test using the validation data obtained from 34 sample plots. For
all models, the observed and predicted values showed no signifi-
cant differences (p>0.05), suggesting the usability of derived mod-
els.

The observed vs. predicted values and residual distribu-
tions of predicted stand attributes using all data from 135 sample
plots are shown in Figure 3. When the residual distributions were
examined, it can be observed that the residuals were distributed
randomly, and the mean residuals were close to zero. Mean resid-
uals for dg, G, V, N and SD estimates were -0.4 cm, -0.452 m” ha™, -
3.010 m’> ha”, 24.3 trees per ha, and 0.06 for the best regression
models, respectively.

Discussion

There are some studies to estimate stand parameters using
Landsat satellite images, in which the reflectance values and vege-
tation indices [3]. Kahriman et al. [23] and Giinli & Kadiogullar
[13] and texture values [40], were used as independent variables.
Texture values obtained from the other satellite data images were
also used in other studies for estimating stand parameters, such as
SPOT-5 [5, 45], WorldView-2 [36] and RapidEye [44].

Other regression model that utilized band values of Land-
sat ETM+ image [13] had lower prediction success (R°=0.250) for
mean diameter of Pinus brutia and Pinus nigra stands in the West-
ern Tirkiye than the model developed in this study (R*=0.492).
Similarly, the model using texture values obtained from Landsat 8
OLI for mean diameter of Pinus nigra stands in the Northern Ti-
rkiye had also lower R* values as 0.399 [40]. Wallner et al. [44]
stated that the mean diameter of mixed Picea abies, Fagus sylvati-
ca, and Abies alba forests of Bavaria region of Germany could be
estimated with higher success using a RapidEye satellite image
data (R’=0.550).

For stand basal area models using various types of Landsat
image, Guinli & Kadiogullar [13] and Sakici & Giinli [40] reported
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R*=0.320 and R’=0.337, respectively, which are more or less similar
to the observed values (R*=0.338) in this study. The regression
models based on the satellite data obtained from SPOT-5,
WorldView-2, and RapidEye showed higher R* values for basal ar-
ea estimates, ranging from 0.540 to 0.778 [5, 36, 44, 45]. The re-
ported R* values in the studies of Mohammadi et al. [33], Gunli &
Kadiogullar [13], and Sakici & Giinlii [40], which used texture val-
ues of Landsat satellites for stand volume estimation (R’=0.430,
R*=0.370 and R*=0.332, respectively) complemented the findings in
this study (R*=0.341). In contrast, models for SPOT-5. WorldView-
2 and RapidEye images had higher R* values ranging from 0.420 to
0.820 for stand volume estimates [5, 36, 44, 45] than what were
observed in this study. The reason why these studies obtained bet-
ter results than ours may be due to the higher resolution of the
satellite images used, the different stand structure, topography,
etc. Other studies using Landsat ETM+ [33, 13] and Landsat TM
[23] had various prediction successes with R* values between 0.440
and 0.734. Finally, the number of tree models using the data from
other satellites had lower predictive reliability with R* values of
0.38 for WorldView-2 [36] and 0.40 for RapidEye [44].

IV. CONCLUSION AND RECOMMENDATIONS

Based on this study, the images generated by Landsat 8
OLI images could be used to predict some stand attributes of
Scots Pine forest, although the predictive power vary from low to
moderately strong, as indicated by the R* values of 0.492, 0.338,
0.341, 0.534, and 0.424, for the mean diameter, basal area, stand
volume, number of trees, and stand density, respectively. While
the prediction values of the mean diameter and number of trees
models could be considered moderately good, the other models
for basal area, stand volume, and stand density have shown lower
prediction powers, which could be attributed to the low spatial
resolution of the satellite image used, acquisition time, and cor-
rection errors of the satellite image, fitting method, stand and
structures of the study area. Satellite images with high spatial res-
olution could be used and other fitting approaches such as ma-
chine learning methods could be conducted to improve the pre-
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dictive power of these models. If the cost of satellite imagery is a
problem, Sentinel 2 satellite images can be used because of better
resolution than Landsat 8 OLI, and could be obtained free of
charge.
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