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ABSTRACT:

The aim of this study was to evaluate the improvements of volume and basal area estimations, when spectral data from the Pleiades
were complemented with auxiliary data. The study area was located in the Darabkola's forest of Sari, Iran. In-situ data were collected
for 144 circular sample plots, with 17.84 m radius, which were distributed using a simple random sampling design. Tree information
included diameter at breast height (DBH) of all trees within the sample plots, and the height of some trees. By using DBH and tree
height, the volume and basal area per hectare was also computed for each plot. Geometric and radiometric corrections of spectral
data were applied to the images. In addition, the auxiliary maps of slope, aspect, elevation, soil pH and texture (through ground
sampling and interpolation), precipitation and temperature (through interpolation of climate stations) were prepared. Digital values
corresponding to ground plots were extracted from spectral bands and auxiliary data and considered as independent variables while
volume and basal area were selected as dependent variables. The forest modeling was carried out using a non-parametric method of
random forest (RF), using 70% of the sample plots as training data. The results were validated using the remaining 30% sample
plots. The results indicated that by using both spectral and auxiliary data, the RMSE was reduced by 5% compared to using only
spectral data for volume modeling. The corresponding advantage of using both spectral and auxiliary data was 1% to 3% when basal

area was modeled.

1. Introduction

Forests cover approximately one third of the earth's surface and
are the most important component of global carbon storage
(Dixon et al. 1994). In addition, forests have important effects
on human life in various aspects such as welfare, prosperity and
happiness. Moreover, forests with their economic, social, and
environmental values can ensure human life and sustainable
development (FAO 2010). Therefore, in managing and planning
for these valuable sources, useful information about their
quantitative and qualitative characteristics is required (Lu et al.
2004). Quantitative features of forest stand structures such as
volume and basal area can be considered as important factors in
sustainable forest management (Zahriban et al. 2015). These
data are usually obtained through field work which are not cost-
effective (Lu et al. 2004). Therefore, remote sensing data as a
valuable tool for mapping and monitoring these resources have
been proposed (Stone 2010). The spectral data of remote
sensing have been used in various fields of forestry like
estimating the structural characteristics of forests (Franklin
1986; Leboeuf et al. 2012; Shataee et al. 2012; Mohamadi et al,
2017). However, many studies have shown that spectral data
alone cannot exactly estimate structural characteristics of forests
and to achieve this purpose, auxiliary data are needed
(Holmgren et al. 2000). Indicated that standard error for

estimating stem volume using spectral data of TM was 0.36,
while this value was 0.017 using spectral data with auxiliary
data (stand age and height). (Mohammadi and Shataee 2007)
Revealed that integrating the spectral data of Landsat with
auxiliary data (slope, aspect, and elevation) reduced errors and
increased the coefficients of determination in structural
characteristics (volume and basal area). In addition, a study by
(Gebreslasie et al. 2009) has shown that using ASTER data
together with auxiliary data (age and site index) increased the
coefficient of determination in estimating volume, basal area,
stem numbers per hectare and stand height. On the other hand,
besides parametric methods, multivariable non-parametric
methods like decision trees have been developed and used in
recent times in estimating quantitative features of forest. These
methods have some advantages like easy interpretation,
flexibility in using other auxiliary data, do not need to comply
with any distribution, do not remove any datum and being
multivariable (McRoberts et al. 2007). Random forest (here
after RF) is a tree based and non-parametric method consisting
of a large number of classification and regression trees which is
expanded from the regression tree model (Breiman 2001). This
method, compared with other methods, has high flexibility and
ability to analyze different statistical data such as regression,
classification, survival and non-supervised learning (Cutler et
al. 2007). Therefore, the present study was conducted to
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evaluate volume and basal area of the forest using spectral data
from the Pleiades satellite with site auxiliary data including soil,
climate, and physiographic data using random forest algorithm.
It is assumed that using the spectral data of the Pleiades satellite
with the auxiliary data will improve structural characteristics
and increase accuracy of estimates.
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Figure 1 a Geographical locality of the research area in Iran; b
Study area in Mazandaran Province; and c location of Sampled
Plots on RGB color extracted from Pleiades satellite
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2.2. Data used in the study
2.2.1 Ground data

The field information were sampled from 144 circular plots (10
acre each) on a systematic grid with a random starting location.
The gridding was 330 m in the north direction and 500 m in the
east direction (Fig. 1). In each plot, DBH of trees with more
than 7.5 cm and height of two trees including the nearest tree to
the center of the plot and the thick tree were recorded. The plot-
based volume was calculated with the regional Tariff table,
using diameter of tree species and basal area as measured DBH.

2.2.2. Topographic data

Digital topographic map of 1:25000 scale was used for
analysing topographic data. These maps are in dgn format, in
two-dimensional (2D) and (3D) modes. Their image system and
coordinate grid used are UTM based on the 1984 European
ellipse. In this research two map sheets NW 66621 and
SW66632 were digitally used (2D and 3D). Digital elevation
model (DEM) was prepared in GIS and elevation. Slope and
aspect maps were extracted from the obtained DEM.

2.2.3. Soil data

According to topographic data and forest stand distribution, 50
soil samples (0-10 cm depth) were taken to determine soil pH
and texture (Clay, silt, sand and silt and clay). The soil texture
and pH maps were prepared using Kriging method in ArcGIS.

2.2.4. Climate data

The data of climate parameters including precipitation and
temperature from 1991 to 2011 were used. Four and seven
nearest stations were selected for temperature and precipitation,
respectively. In order to produce temperature and precipitation
maps, the correlation between elevation and precipitation in the
study area was obtained (Eq 1-4). Then, Temperature and
precipitation maps were prepared by correlation between
elevation and climatic parameters in ArcGIS.

Y=0.302x+691.2 R? =0571 (1)
Y=0.069x+21.8 R? =0.761 @)
Y=-0.050x+13.07 R? =0.480 ®)
Y=0.053x+16.46 R2=0.615 @)

Where x = digital elevation model

Y = climate map

2.2.5. Satellite data

In this study, multispectral images of Pleiades satellite from the
spring of 2013 were used including four spectral bands with a
spatial resolution of 2 m and a panchromatic band providing a
resolution of 0.5 m. The images havel6-bit radiometric
resolution.

2.3. Pre-processing and processing of satellite images

Geometric correction and orthorectification were applied on
images before they were used in this study. Geometry correction
was optimal by comparing with vector layers of roads. In
addition, to reduce the illumination effects due to the slopes or
uneven topography on the radiometric image, illumination was
corrected by DEM in ERDAS 2013. In addition to the main
bands, other processed bands with proper processing were
created for the modeling process. Texture analysis is one of the
most appropriate processing methods to estimate the
characteristics of forest structure. Texture analysis is a function
of spatial variations of pixels which expresses softness,
roughness, smoothness and regularity of each level. In this
study, the characteristics of texture analysis including
homogeneity, ¢ moment, GLDV of angular second moment,
GLDV of entropy, GLDV of mean variance, GLDV of contrast,
and inverse were used (Carr and Miranda 1998; Soh and
Satsoulis. 1999; Solberg 1999) Regarding spatial resolution of
the visible bands (2 m) and sample plot size (1000 m2), the 11
x 11 and 15 x 15 pixels for red and infrared bands (2 m) and the
41 x 41 and 61 x 61 pixels for panchromatic band (0.5 m) were
used. In addition, to create plant indexes, the results of similar
studies were applied (Hall et al. 2006; Khorami 2004;
Mohamadi 2007; Gebreslasie et al. 2009; Yazdani 2011;
Noorian 2013).

2.4. Extraction of spectral values and auxiliary data
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Digital values corresponding to ground plots were extracted
from the main and processed spectral bands and auxiliary data
as independent variables for modeling.

2.5. Modeling
2.5.1. Random forest

The modeling of volume and basal area was conducted by
spectral data and integration of spectral and auxiliary data.
According to (Shataee et al. 2012) three parameters should be
considered for creating a random forest. First, the proportions of
sub-samples were considered as 50, 60, 70, 80, and 90 in this
study. Secondly, in the modeling variable in each node of tree,

The random forest algorithm is important to determine the
optimal number of trees. Applying the initial 400 trees and their
graph shows the changes in their RMSE in comparison with the
number of evaluating and training samples to be optimal at 250
trees (Fig 2).

D% D RMSE% RMSE Estimates  Optimal
of K tress
-0.46 -1.42 47.67 144.23 7 350
-1.26 -3.83 47.98 145/17 8 350
-0.093  -0.28 46.85 141.75 9 350
-0.50 -1.51 46.59 140.97 10 350
-0.74 -2.26 47.07 142.43 11 350

Summary of Random Forest
Response: volume
Number of trees: 400; Maximum tree size: 100
30000

28000
26000
24000
22000 \‘
20000 MR e e
18000

16000 M\m\,\/ﬂ/ﬁ'm\—’“ﬁ’_"/—

14000

Average Squared Error

400 — Train data

50 100 150 200 250 300 350 _Testdata

Number of Trees

the number of variables in each node is the root square of total
number of independent variables and subsequently the
modeling was obtained to be +2 of this value. In addition,
optimal K was found by repetition of variables. Moreover, the
third parameter was the number of trees which was 400 in this
study.

2.6. The validation of models

In order to evaluate the performance of the models, a leave-one-
out method was used (REF). The root means squared error
RMSE (Eq. 3), relative RMSE (Eq. 4), mean difference (Eg. 5)
and relative mean difference (Eqg. 6).

RMSE = Zin:l(yi_ Yi )%

RMSE% = RMS% x100 (6)

D= Z?ﬂ(yi - Y% (7)

D% = 5/y><100 (8)

Where Vi = the observed and

¥, = the model- predicted value for plot

N =the number of plots

Y = the mean of the observations

3. Results
3.1. Estimating the volume using random forest algorithm

Figure. 2: average squared error changes in the number of trees
for volume

Table. 1: The evaluation of the random forest to determine the
most appropriate parameter for volume using the spectral data

Table 1 shows the results of the evaluation criteria of the
random forest algorithm with the different number of Kin
estimating volume using only spectral data. The results revealed
that modeling with 10 variables in each node (k=10) had a
minimum of RMSE and was selected as optimal K in estimating
the volume using the Pleiades data.

Table.2: The evaluation of the random forest to determine the
most appropriate parameter for volume using spectral and
auxiliary data

D% D RMSE% RMSE Estimates  Optimal
of K trees
-2.26 -6.85 42.73 129.28 8 250
-2.80 -8.47 41.87 126.70 9 250
-2.35 -7.11 41.58 125.81 10 250
-2.11 -6.39 41.02 12411 11 250
-3.62 -10.97 41.81 126.52 12 250

Table 2 represents the evaluation criteria resulted from the
random forest with different number of k in estimating volume
using spectral and auxiliary data.

3.2 Estimating the basal area using random forest algorithm

The number of optimal trees is eminent to determine random
forest algorithm. The results showed 250 trees were optimal
(figure 3).
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Figure. 3: average squared error changes in the number of trees
for basal area

Table. 3: The evaluation of the random forest to determine the
most appropriate parameter for basal area using spectral data

Table 3 shows the results of the evaluation criteria of the
random forest algorithm with the different number of Kin

D% D RMSE% RMSE  Estimate Optimal
of K trees
-135 -0.32 3881 9.22 8 250
-150 -0.35 38.72 9.20 9 250
-180 -0.42 3815 9.06 10 250
-0.79  -0.18 3943 9.37 11 250
-1.12 -0.26  38.37 9.11 12 250

estimating basal area using only spectral data. The results
revealed that modeling with 11 variables in each node (k=11)
had a minimum of RMSE and was selected as optimal K in
estimating the basal area using the Pleiades data.

Table.4: The evaluation of the random forest to determine the
most appropriate parameter for basal area using spectral and
auxiliary data.

Table 4 shows the evaluation criteria resulted from the random
forest with different number of k in estimating basal area using

Volume (per hectare)

Data D% D RMSE% RMSE
Spectral data -0.50 -1.51  46.59 140.97
-2.11 -6.39  41.02 124.11

Spectral and
auxiliary data

spectral and auxiliary data.

Table 5 represents applying spectral and auxiliary data in
comparison with applying only spectral data in estimating both
volume

Table 5 represents applying spectral and auxiliary data in
comparison with applying only spectral data in estimating basal
area

4. Conclusion

The present study was conducted to estimate volume and basal
area using spectral data of Pleiades and auxiliary data
including physiographic, soil and climate using random forest
algorithm in the North of Iran.
The results have shown that RMSE and mean difference in
estimating volume were 41.02 and 2.11%, and for basal area
were 38.15 and -1.80, respectively. Integrating the spectral data
with auxiliary data improved the modeling results of volume by

D% D RMSE% RMSE Estimates ~ Optimal
of K trees
-0.37 -0.087 41.36 9.83 7 225
0.18 0.042 41.07 9.76 8 225
0.46 0.11 41.38 9.83 9 225
-0.60 -0.14 41.33 9.82 10 225
-0.66 -0.15 40.94 9.73 11 225

a 5% decrease in RMSE, and this value was 2.5% for basal area.
The results of this study are consistent with those obtained by
(Hasanzadeh-Naverdi et al. 2000; Kazemi et al. 2012; Valipour
et al. 2013; Noshadi et al. 2014). They have shown that
auxiliary data including precipitation, temperature, slope, and
elevation affect volume and basal area. In addition (Gebreslasie
et al. 2009; Mohammadi and Shataee 2007; Holmgren et al.
2000). Used auxiliary data (physiographic, stand age, site index,
soil, and climate) with spectral data in order to improve their
results. Their results showed this integration increases the
determination coefficient and reduces RMSE which are
consistent with the results of this study. The present study
suggests that using auxiliary data with spectral data can improve
the modeling results.

some possible future research would be (i) Using other
auxiliary data such as soil age, habitat index, other soil
parameters such as (calcium, phosphorus, potassium, carbon
and nitrogen) ii) modeling volume and basal area using different
sources of remote sensing data, e.g. unmanned aerial vehicle in
combination, ALS and Radar data.
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