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1

Literary Review

1.1

International Outlook

1.1.1

Automatic Separation of Tree Species

The classification accuracy of the tree species depends on several factors on each canopy. The hyper
spectral data, due to the dense spectral sampling, yield detailed information about the tree crown.
These data have a major potential in the classification of tree species because the tree species show
different spectral responses (Clark et al., 2005; Dalponte et al., 2009; Heinzel & Koch, 2012), and
yield quite good performance in case of tree species determination in various types of forest
environment (e.g. tropical, boreal) (Clark et al., 2005; Dalponte et al., 2013). The laser scanning
(ALS) data return three-dimensional information on the structure of the forest canopy, and using them
it is possible to make estimations on such bio-physical characteristics of the forests as basal diameter,
tree height (Næsset, 1997a, 1997b) and the tree species classification (Brandtberg, 2007; Heinzel &
Koch, 2011; Holmgren & Persson, 2004; Ørka et al., 2009).
The classification map prepared for each canopy level can easily be attached to the bio-physical
characteristics, thus higher classification accuracy can be achieved compared to the pixel level
classification and mapping of hyper spectral data (Clark et al., 2005; Dalponte et al., 2013; Yan et al.,
2007). The canopy level information can be acquired in two ways: one approach is the direct
classification where each canopy level is handled as a single observation; the other is the ex-post
classification approach (Hutchinson, 1982) which handles each single pixel as one observation, and
aggregates the pixel-level species classes within each canopy level. The result of the canopy level
classification based on either direct classification or ex-post classification probably depends on the
canopy level limit delineation prior to classification. At the same time, within a given canopy level,
not all pixels show the same information for classification (Clark et al., 2005; Heinzel & Koch, 2012;
Puttonen et al., 2009). Due to such problems as shading or the errors of canopy level determination,
some pixels may contain only noise. The shaded pixels pose significant problem at Northern latitudes
where the solar radiation angle is always quite high thus the shadows are present even in the most
favourable recording periods. In this case, Clark et al. (2005) and Korpela et al. (2011) suggest the
removal of the shaded pixels and the retention of only the clearly lighted pixels to eliminate the
shading problems. Leckie
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et al. (2005) considered only the pixels exceeding the threshold value defined in the green channel
for the separation of shades.
Dalponte et al. (2014) analysed the application of the hyperspectral and ALS data in the automatic
canopy level determination, and the effect the application of different threshold value methods on the
pixels of each canopy level regarding the classification accuracy of tree species. They found that
greater tree species recognition accuracy can be achieved from the canopy level delineation deriving
from ALS data and canopy level height model than during tree species determination from
hyperspectral data only. Additionally, the clear pixels in the “peak” of the individual tree canopies
are very important parameter to achieve a good classification accuracy. Based on their results, they
suggest the application of the manually delineated individual canopies as the most appropriate method
of tree species mapping at the level of individual tree crowns (manually drawn training areas on the
canopy model) for the training of the classification algorithm, and the individual canopies delineated
based on ALS for tree species mapping. This way the high classification accuracy and high tree
detection ratio can be achieved.
Peerbhay et al. (2013) used aerial AISA Eagle hyper spectral records to differentiate South African
commercial tree species and conducted PLS-DA (Partial Least Squares Discriminant Analysis)
analysis. During their work they found that in general it is difficult within a given genus to
differentiate the tree species of the forests compared with the differentiation of the genus types of the
forest’s tree species, and the large number of redundant wavebands, the dimensionality and the
multicollinearity between the wavebands all impede the processing of hyper spectral data sets and the
recovery of the information.
They used the VIP (Variable Importance in the Projection) method to identify the band ranges which
successfully differentiate the species of the trees of the forest. The results of their study show that the
reduction of dimensionality of the hyperspectral data with the VIP method improves the classification
accuracy using the PLS-DA. The VIP method performed well in determining the optimal range of the
tracks, which allowed for an insight into the specific areas of the electromagnetic spectrum which
were the most efficient in the separation of forest tree species. Although, in their research the
complete spectral region examined was between 393 nm and 900 nm, the most important wavebands
fell into the visible range (393-723 nm).
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1.1.2

Detection of Invasive Plants

The invasive, non-native plants greatly endanger the biological integrity (Bangsund et al., 1999). The
forest managers need accurate and timely spatial information to be able to localize the small-spread
infections before they spread too wide, to treat them effectively (Johnson, 1999) and to monitor the
efficiency of their treatment strategies (Cooksey and Sheley, 1997). The spatial information is of
critical importance to establish and execute the invasive plant management strategies. The
conventional mapping of invasive plants formerly applied the field manual GPS mapping. The
deficiencies of the ground methods include the limited spatial range and the related high time and
cost requirement. The vegetation mapping with remote sensing is capable of collecting data with
information content from large areas simultaneously.
Lawrence et al. (2006) performed the mapping of two invasive plants, the Euphorbia esula L. and the
Centaurea maculosa Lam. using 128-channel hyperspectral images (with 5 m and 3 m spatial
resolution) and evaluated the accuracy of the resulting maps. Beiman Cutler used classifications
(BCC) to analyse the images with the randomForest package of the R statistical program. The BCC
generates multiple classification trees reusing the random sets of the observation data and the random
sets of spectral bands to determine each allocation of the classification trees. The resulting
classification trees assist in the determination of the most efficient separation method. They stated
that the BCC was capable of providing adequate accuracy from the complex data sets required for the
classification.
Pouteau et al. (2011) used SVM-based model to predict the distribution of the invasive tree, the
Miconia calvescens in the tropical rainforests. During their work they used support vector machines
(SVM) to integrate the bio-physical descriptors (forest vegetation over story, physiography and
climate) to indirectly detect the small invasive Miconia calvescens tree in the tropical rainforest on
the island of Tahiti. According to their model the over story plant species were classified from a
Quickbird satellite record tile and the output were used later in a subsequent fusion process with
physiographic and climate descriptors extracted with Digital Elevation Model (DEM). The biophysical descriptors are required and sufficient for showing the distribution of the Miconia
calvescens. The variables showing the spread of the species are the rain, elevation and slope. The
model is applicable for showing other species (plants or animals, alien or rare diseases) in the lower
and middle levels of the forest ecosystems.
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The continuous improvement of the spatial and spectral resolutions now enables the direct detection
on the level of species or communities (Xie et al., 2008). For example Asner et al. (2008a) mapped a
group of native and invasive species in a Hawaii rainforest using aerial visible/infrared imaging
spectrometer (AVIRIS) data, identifying the species according to canopy spectral characteristics.
Asner et al. (2008b) mapped the location and effects of the five invasive plant species on Hawaii
based on LiDAR records by the identification of 3D transformation of the structure of native
rainforests. Walsh et al. (2008) have studied the positive relationship between the Quickbird and the
Hyperion hyperspectral satellite data at pixel and object levels in detecting the position of the Psidium
guajava (Myrtaceae), a small invasive tree species living on Galapagos Islands, and describing is
density and spatial structure.
The invasive species pose serious problem not only on the land but also in the water. The infestation
of aquatic weeds into freshwater, estuary and alluvial habitats pose serious problem for the wetlands,
reducing biological diversity, furthermore, endanger the critical habitats, alter the cycle of nutrients
and deteriorate the quality of the water. The conventional methods of the observation of weed
infestation are costly, time-consuming and often require in-situ contact with the weeds which may
result in further weed growth (Bossard et al., 2000). Besides, the aquatic ecosystems are often
unreachable or from the point of view of logistics they are difficult to manage with field observation
methods. The remote sensing provides proper solution for the observation of aquatic weed infestation
in large areas (Ackleson and Klemas, 1987). For the detection to be successful, the remote sensing
procedure must be repeatable in space and time and must consider the spatial and environmental
heterogeneity of the system.
Hestir et al. (2008) performed the identification of the invasive vegetation with hyper spectral
technology in the California Delta (area of the delta of Sacramento – San Joaquin rivers) ecosystem.
They determined that using hyper spectral remote sensing the invasive weeds can be mapped in such
dynamic ecosystems as the Delta, and multiple hyper spectral surveys can be combined for the
mapping of high variability. They pointed out that the conventional and new approaches to species
mapping and monitoring are also effective in case of large data sets.
Certain extent of the spectral degradation can be attributed to the mirroring reflection from the water
surface received by the sensor, which may distort or block the characteristics interesting for the
survey. To prevent this, careful flight planning is to be done. During
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data collection, such meteorological conditions are to be considered as wind speed and time of day
(Lillesand et al., 2004; Masuda et al., 1988). In the Delta, the summer meteorological conditions are
characterized by low morning cloud level, then later in the morning and early afternoon a moderate
and strong wind. The difference and variability between bidirectional reflection, the soil conditions
and the environmental conditions could be reduced with the decision tree method in the case of the
invasive plants examined.
Based on their results, Hestir et al. (2008) determined that incorporating multiple methods into the
decision tree approach takes the difference of large data sets into account. The MNF (Minimum Noise
Fraction Transformation) based approaches are to be applied in smaller areas, especially if fine
spectral difference sensitivity is needed. The mapping accuracy is improved if the variability of the
species is divided into development stages.
1.2

Pixel Based Image Analysis

1.2.1

Feature extraction

The hyper spectral records often contain redundant spectral information, various statistical methods
support that the majority of the bands are strongly correlated (C. Zhang, Z. Xie 2012). For the
processability of the data and the reduction of the computational capacity, various dimension
reduction processes can be applied. One of the most frequently used one is the Minimum Noise
Fraction (MNF) transformation. The MNF transformation consists of two principal component
transformation, the first one subtracts the spectral noise with the noise covariance matrix, the second
assigns priority to the remaining bands based on signal strength (Y. Hamada et al. 2007). In order to
select the appropriate quantity of bands from the transformed image for the sufficient spectral
information required for image classification, various analyses can be done. (Y. Hamada et al. 2007)
Such can be for example the use of eigenvalue crops and independent grayscale MNF bands. The
result of this is that finally for image classification already 5 MNF bands may be enough because
they contained sufficient information and their eigenvalue was above the slope of the function,
however, the sixth band did not appear to be useful as additional information. (C. Zhang, Z. Xie 2012)
In their study, with the examination of the eigenvalues after the MNF transformation and the function
consisting of the MNF bands yielded they judged with visual interpretation that the most information
can be acquired by applying the first 15 bands. As we can see, the MNF transformation is a quite
useful means of dimension reduction and feature extraction, but how and in what quantity the bands
obtained are used, may differ depending on the type and location of the examination.
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Another and closely related method of the spectral data filtering is the so-called Principal Component
Analysis (PCA). The principal component analysis are used in several fields of science for retrieving
the essential information, similarly for the dimension reduction of the spectral bands. The basis for
the transformation in case of hyper spectral data that the information content of the spectrally close
bands is closely correlating, if these are filtered out, we can work with computers smaller
computational capacity without significant data loss (Craig Rodarme, Jie Shan 2002). During the
PCA analysis, the algorithm uses orthogonal transformation to select the least correlating variables
which best separate and characterize the measured data, in our case the spectral bands (H. Latifi et al
2012), thus we obtain the so-called principal components which are sorted by their information
content. Similarly to the previous transformation, the quantity of the used bands may vary according
to area and examination, depending on where and how many bands characterize the examined object.
For example H. Latifi et al., in their 2012 article, used 25 PCA transformed bands for the modelling
of the forest structure.

1.2.2

Directed Classification Algorithms

One of the main practical use of the remote sensing is that the land cover can be determined quickly
for a large area, however, it is not that simple because even in case of a high spectral and geometric
resolution aerial image, the highly detailed heterogeneous objects cannot be separated by visual
interpretation. This is assisted by the semi-automatic and automatic classification algorithms, the
classified record is easier to interpret, and we can determine the quantity and quality of the categories.
In the past decades several classifications of different types and based on different algorithms have
been created. Such are the directed classification algorithms used most frequently in forest
ecosystems: Maximum Likelihood (ML), Support Vector Machine (SVM) and the Random Forest
(RF), these are detailed in the following.
The Maximum Likelihood - ML classification gained ground as early as the 1970’s in the processing
of remote-sensed data (Alan H. Strahler 1980). The method itself was established in the 1940’s, but
it could spread to this field of use after the development of the aerial and space photography. The ML
during the classification, applies standard deviation and covariance matrix to every defined class to
calculate the chance of falling of the data into identical groups (M.L. Clark et al. 2005). One of the
biggest problem with the classification is caused by the so-called Hughes-phenomenon which may
be present at the covariance matrix calculation within the class,
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in a way that if the ratio of the training area is small related to the entire image, then its usability and
accuracy reduces (M.L. Clark et al. 2005). Thus this classification is difficult to use in areas where it
is not possible to record sufficient amount of training area for its operation. At the same time, due to
its use within covariance matrix class it yields better results on normal distribution data than with
other parameterized classifications, however, this is a disadvantage with non-normal distribution data
(J.R. Otukei, T. Blaschke 2010). In order to improve classification, multiple of its variations can be
used. Xiuping Jia, in John A. Richards’s study of 1994 uses so-called simplified ML classification.
The point of it is that the N-dimensional classification model was fragmented to smaller pieces, this
means randomly selected bands, which selection is based on the natural correlation of the entire
quantity of bands. The thus obtained fragments can be considered free from correlation to each other.
With this, the chance of falling into classes show normal distribution in all fragments. The results
were checked with confusion matrix and it showed good results both in overall accuracy and in
running time (Xiuping Jia és John A. Richards 1994).
The Support Vector Machine – SVM classification was first written by V. Vapnik in his book of
1979. The SVM is a directed classification form which separates data with a multidimensional
“hyperplane” and creates the classes (R. Richter et al. 2016). The hyperplane is well placed if it
maximizes the distance between the nearest training data and the separation plane (R. Richter et al.
2016). Since the separation planes are linear in all cases, the non-linear borders will cause errors in
the classification, to eliminate this, the SVM model applies a so-called “kernel-trick”parameterization (R. Richter et al. 2016). This parameterization has multiple versions, R. Richter et
al. in their article of 2016, Radial Basis Function (RBF) kernel was applied which has two variable
parameters: the price-variable which expresses the ratio of the complexity and non-separable samples,
and decides whether they are to be under or overrepresented. The other parameter is the sigma which
defines the shape of the hyperplane, to find the best parameters, they applied 10 cross validation.
Recently, the SVM classification has been of high popularity because it often yields better results
than other types of classification, for example the Maximum Likelihood (Farid Melgani, Lorenzo
Bruzzone 2004).
The Random Forest – RF classification has received a major attention in the past twenty years which
is due to the exceptional classification results and speed. It was used in several fields with good results
for hyperspectral data, for example: tree species mapping, land cover classification, invasive species
spread mapping, lightning-damaged trees or even herbaceous species mapping (Mariana Belgiu and
Lucian Dragut 2016). The RF is a non-parametric classification algorithm which builds a binary
decision tree and
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puts the data into more and more homogenous classes by advancing through these decisions (R.
Richter et al. 2016). Every such decision tree receives the sample in a randomised way, with
swapping. The 37% of the total sample is left out of this process, this is called out-of-bag-nek (OOB).
To tell this estimation error, the model also classifies the OOB data, after this, the falling of the sample
into a class is determined by the response of every decision tree. This way the number of elements
left out of the classification is minimized, this continues until the OOB quantity reaches its lower
limit (R. Richter et al. 2016). Both the decision trees and the number of variables can be determined
by the user. Researches prove that from among the two variables, the number of the decision trees is
of higher weight in the effectiveness of the classification (Mariana Belgiu, Lucian Dragut, 2016). The
number of the variables can be any high but several studies maximize it in 500, mostly because above
that the classification result does not improve, only the running time of the model increases (Mariana
Belgiu, Lucian Dragut, 2016). One of the weakness of the classification, similarly to the ML is the
weak performance at few training areas, at least 0.25% of the examined area is to be used as training
area to get appropriate results, this is supported by several researches (Mariana Belgiu, Lucian Dragut,
2016).

1.2.3

Object Based Image Analysis

1.2.3.1 Canopy, individual tree delineation from laser scanned (LiDAR) data
The LiDAR-based aerial technologies provide direct means for the determination of the qualitative
and quantitative characteristics of the forests: classification of tree heights (Popescu and Wynne,
2004; Falkowski et al., 2006; Luther et al., 2014), canopy density (Munukata et al., 2010) and the tree
species, biocenoses, canopy levels (Hollaus et al., 2009; Heinzel and Koch 2011; Khameneh, 2013).
The forest characteristics deriving from LiDAR data allow for the calculation of surface biomass
based on allometric equations (Koch, 2010; Kankare et al., 2013; Luther et al., 2014). This means
that the common approach is to first estimate the tree heights from LiDAR data, then model the tree
quantity, finally recalculate the tree volume to the surface biomass. Mora et al. (2013) made biomass
estimation based on aerial LiDAR data in boreal Canadian forest where they were able to estimate
the biomass quantity with high accuracy (R2 = 0,92). The surface biomass from LiDAR data showed
high correlation (R2=0,99) to the forest characteristics in mixed pine and oak forests (Gonzalez et al.,
2010).
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In the past it was an important research question to develop new forest management approaches using
LiDAR remote sensing data (Hyyppä et al., 2008; Koch, 2010; Lim et al., 2003; Nelson et al., 1988).
Besides the area-based methods (Næsset, 2002, 2007) the tree recognition techniques from LiDAR
data were examined for the mapping of forests at individual level and for the identification of the
important structural parameters such as tree height, canopy size, canopy base height, tree species,
trunk volume, etc. (Hyyppä & Inkinen, 1999; Hyyppä et al., 2001a; Hyyppä et al., 2001b; Persson et
al., 2002; Holmgren & Persson, 2004; Heurich, 2006; Yu et al., 2011; Korpela et al., 2010). The latest
developments of LiDAR technology developed such new scanners capable of recording full
waveforms which provide higher point density and further information on the reflective
characteristics of the trees. Several researcher, including Wagner et al. (2006), Jutzi and Stilla (2006),
Stilla et al. (2007), Reitberger et al. (2008), Yao and Stilla (2010), studied those important questions
as calibration and classification of full waveform data with a series of Gauss functions, and the
deduction and classification of vegetation parameters. The new methods of individual tree recognition
manages the segmentation problem conceptionally with a 3D approach instead of using only the
canopy height model (Wang et al., 2008). Reitberger et al. (2009) successfully proved that by
combining with full waveform data, the finding rate of the individual trees can greatly improve with
a 3D segmentation technique, based on the normalized cutting segmentation. The improvement
happened mostly at lower forest levels, by 20%.
The individual tree approach has several advantages to the area based approach, regarding the
generation of exact forest characteristics of the mixed stock by developing species-specific models,
while the errors of tree recognition may limit the accuracy of the forest part level estimations (Heurich
& Thoma, 2008; Hyyppä et al., 2001a; Hyyppä et al., 2001b; Yu et al., 2010). Breidenback et al.
(2010) made an attempt to compensate for the non-detected trees by connecting the non-detected trees
in the field data to the nearby segments and achieved good results. Lindberg et al. (2010), and
Vastaranta et al. (2012) conducted successful experiments in unifying the individual tree and area
based methods.
To differentiate tree species by LiDAR parameters, Brandtberg et al. (2003), and Holmgren and
Persson (2004) conducted examinations. Heurich (2008) showed that the classification of the
Norwegian spruce and the European beech is possible at 97% accuracy in foliage-free conditions.
This study was based on the area-based method, the processing of the LiDAR data was done at an
average point density of 10 point/m2, and they clearly showed that the desired forest characteristics,
for example the young regrowths could not be detected. Reitberger et al. (2008) were the first to
obtain appreciable results for the relationship
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between the laser pulse width and the tree species in case of classification of tree species, using full
waveform data. The pulse width is the function of the length of the emitted pulse and the different
reflections. The average pulse width of the individual reflections within the beam is the main factor.
Höfle et al.
(2008) reported that the average width of the laser reflection pulse is capable of separating the larch
from the “wide” broadleaves (that is the oak and beech). Orka et al. (2009) show an accuracy of 73%
when classifying the coniferous and deciduous trees based on exclusively pulse intensity. Combined
with the canopy structural parameters derived from height distribution, only 4% improvement was
achieved. Korpela et al. (2010) presented a comprehensive study on the effects of various parameters,
including the characteristics of forest resources, classification sizes, normalization of intensity, etc.
to separate the tree species, which showed that the intensity characteristics of the pulse reflection
depend on the absolute and relative tree sizes and results in a classification accuracy of 88% between
the Scottish pine, the pine and the birch. Heinzel and Koch (2011) used different full waveform
characteristics to try to identify the most important LiDAR-originated characteristics for the
classification of maximum six tree species.
The fusion of 3D techniques and full waveform data puts the individual tree approach on a new level
of completeness and accuracy. Therefore, using the 3D information of segmented trees, such
parameters as trunk volume estimation, can be improved. Several researcher have already dealt with
the estimation of trunk volume. Hyyppä et al. (2005) combined the first/last pulse data of ALS with
CIR orthophoto and got random errors between 25-30% regarding the estimation of individual tree
species with a semi-automatic method. In case of smaller tree groups the random error was 34-40%.
Heurich (2006), in his experiments, used the first/last pulse data acquired by the TopoSys system at
a nominal point density of 10 points/m2 Based on the 2D reverse drainage basin segmentation the
multiple regression in case of coniferous trees has a relative RMSE value of 27%, in case of deciduous
trees it is 35%. Maltamo et al. (2006) found that the trunk volume can be estimated with an RMSE
accuracy of 30% only at plot level if it is derived from the function of tree height and canopy diameter.
Vauhkonen et al. (2010) reported 31% of relative RMSE for the estimation of trunk volume of
individual trees using the tree height, reflection intensity and shape indicators. Persson et al. (2002)
reported that the estimation of the breast height diameter can be determined by the tree height
measured by laser scan and the canopy diameter with an error of 10% of the average value. Popescu
(2007) tried to deduce the breast height diameter of individual pines from tree parameters generated
by 2D segmentation of the canopy height model derived from aerial LiDAR data. Breidenbach et al.
(2008) showed that
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the average of breast height diameter distributions can be estimated with the RMSE of 2.44 cm using
the area based plot method for the aerial LiDAR data.
Yao és et al. (2012) performed tree species classification and the estimation of trunk volume, and the
breast height diameter at individual level using complete signal shape LiDAR data. The single trees
are automatically recognized by a 3D segmentation technique which is applied directly to laser point
clouds which combines the normalized cutting segmentation with a trunk detection method. A later
classification identifies tree species with the outstanding characteristics defined in the individual 3D
tree segment, and utilizes the further information deriving from the laser signal reflecting due to the
decomposition of waveform. The trunk volume and the breast height diameter was estimated with
linear regression analysis which used morphological parameters deriving from the 3D model of the
trees. Experiments were conducted in the Bajor Forest National Park with complete signal shape
LiDAR data. The data were recorded using Riegl LMS Q-560 system at a point density of 25
points/m2 in foliage and foliage-free conditions. The analysis of the waveform data in the tree
structure showed that the intensity and pulse width significantly differentiates the trunk points,
canopy points and soil points. The non-controlled classification of deciduous and coniferous trees
were 93% in the best case. When controlled classification was used, the accuracy improved to 95%.
In relation to the estimation of trunk quantity, in case of coniferous forests, their examination showed
a low RMSE value ranging from 0.46 m3 to 0.43 m3 regarding both to the reverse drainage basin
segmentation and the new normalized cutting segmentation. In case of deciduous trees the RMSE
increased by 14% in foliage-free state and by 4% in foliage state in normalized cutting segmentation
conditions. Similar tendency was proven in the estimation of breast height diameter. The results of
their study proved that the 3D segmentation approach is capable of not only recognizing more
“smaller” trees at lower canopy levels but allows for the estimation of the morphological
characteristics of single trees, which yielded better performance at classifying tree species and
estimating the forest structural parameters, especially for the deciduous trees.
The trees comprising the uppermost canopy level of forest vegetation make the sampling of trees at
lower canopy levels with the use of LiDAR data because the laser beam penetration losses have an
impact on the reflection probability and intensity detection (peak amplitudes). Korpela et al. (2012)
examined the applicability of LiDAR data in the mapping of trees living at lower canopy levels in
pine (Pinus sylvestris L.) growths. They formulated a conceptual model regarding laser pulse losses
and presented that the normalization of the losses will not produce good result, especially in case of
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lower canopy level. The losses from 10 to 15% may turn up even if there is no reflection from the
uppermost canopy. Limiting for the low-loss pulses and ground data the parameters of the radar
equation based compensation models were estimated and used the pulse geometry and the upper
canopy level intensity observations as predictors. The intensity change of the second return data
reduced but the intensity data can be considered as low value of the tree species separation. Their
results highlight the differences between sensors between the near-ground reflection induction and
height data. The area-based LiDAR height metrics on the lower canopy levels correlated with the
density and average height of the trees on low level. Based on their results they drew the consequence
that the laser pulse losses mean general obstacles to the radiometry analysis of multiple-reflection in
discrete return and complete signal shape LiDAR data.
Miura and Jones (2010) also examined the applicability of aerial laser scanning to the characterization
of the ecological structure of the forest landscape. The novelty of their study is that they used different
laser pulse return characteristics from the complete signal shape LiDAR data to characterize the
ecological structure of the forest. First, the LiDAR data set was divided into four vertical layers: soil,
low vegetation (0-1 meters from the ground), middle vegetation (1-5 meters from the ground) and
high vegetation (>5 m). After this, they analyzed the “type” of LiDAR return: Type 1 (single return);
type 2 (first of several returns); type 3 (intermediate return); and type 4 (last of several returns). They
suggest the forest characterization scheme from LiDAR point mesh. Following this the validation of
the system was realized using network of such field locations which had their generally used
biological diversity metric recorded. The suggested forest characterization categories enable to
quantify the deficiencies (barren soil, low vegetation, middle vegetation), canopy coverage and its
vertical density, and the presence of the various canopy levels (low, middle, high). The regression
analysis performed by Miura and Jones showed that the variables from LiDAR were good predictors
of the variables recorded in the field (R2 = 0.82, P<0.05) between the low-level vegetation from
LiDAR and field-originated LAI (Leaf Area Index). Their results support the potential in full
waveform LiDAR for the suitability for information supply on the complexity of habitat structure.
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1.2.3.2 The combined application of hyperspectral and aerial laser (LiDAR) technology in tree
species determination
In the forestry modelling tasks, the need for the shared use of remote sensing data from multiple
sensing devices have increased significantly because improvement is expected in the results
compared to the data from single technologies. For the description of the local level forest structure
with the combined aerial 2D and 3D information various height/intensity measurements can be
applied from the indices calculated from LiDAR data and the original reflection and aerial
hyperspectral data and the transformation of channels. Latifi et al. (2012) performed such research in
the German temperate zone forestry land for the spatial modelling of the trunk density, the full surface
biomass and the biomass of coniferous species. The study area consisted of coniferous, deciduous
and mixed forests. They tested the combination of data sources and applied an evolutional genetic
algorithm (GA) to customize the several predicting variables. They applied the nearest neighbour
(NN) approach based on variance-weighted correlation to generate the simultaneous nearest
neighbour models of the attributes, where the nearest neighbours were searched for in the entire area
or the different forest levels. Their results showed that the LiDAR height indicators (descriptive and
percentile statistics) provided the most effective information from the data source combinations,
while the HyMap metrics contributed only slightly to describe the deviations provided by ALS data.
Furthermore the limited nearest neighbour search improved the performance. The GA-filtered
HyMap predictors fit well to the atmospheric windows of NIR ranges and the average reflectance
curve on the examination area. The consequence can be drawn that the GA-filtration models have 912 predictors which contain LiDAR height indicators, and some selected HyMap original channels
are recommended for the time-efficient and independent modelling of area-based forest structure
characteristics.
Leutner et al. (2012) examined the diversity of the Montane forest (India) at various forest levels. The
LiDAR and the transformed hyperspectral (MNF) data sets were compared in themselves and
combined (MNF+LiDAR) with randomised regression in a ten-times cross-validation schemes which
contained the selection of characteristics. The finalized models were used for spatial predictions. The
diversity of species were estimated at different accuracies (R2 = 0,26-0,55) depending on forest levels.
Contrary to this the community composition of different levels obtained by multiple variable
coordination could be modelled partly with the high accuracy of the coordination axis (R2 = 0,390,78), but the second axis has weak accuracy (R2 ≤ 0,3). The LiDAR variables proved to be the best
predictors considering the biodiversity of all forest levels (R2LiDAR =0,3, R2MNF = 0,08, R2MNF
+ LiDAR = 0,2), while considering
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biocenose composition both the hyperspectral and the LiDAR predictors achieved similar
performance in all forest levels (R2LiDAR = 0,75, R2MNF = 0,76, R2MNF + LiDAR = 0,78). The
deterministic coefficient (R2) improvement was slight (≤0,07), when both the LiDAR and
hyperspectral data were used, compared to the case when only the best single predictor set was
applied.
Voss and Sugumaran (2008) analyzed the seasonal effect of change of tree species in urban
environment using multitemporal (from multiple sampling) hyperspectral data, LiDAR data and the
database collected during field work on the area. Aerial hyperspectral data (AISA) created in two
times were analyzed which were recorded in summer and autumn periods. In order for both data sets
to be spatially and spectrally compatible, several preprocessing steps were performed, including band
reduction, image signal amplification and geometric cross-validation. Based on randomly collected
training data from tree species database, on records made in both times, object-oriented image
assessment (OBIA) and directed classification was made. During classification, the seven dominant
tree species (Gleditsia triacanthos, Acer saccharum, Tilia Americana, Quercus palustris, Pinus
strobus and Picea glauca) were used. The results of the analysis did not show significant difference
regarding the general accuracy between the two seasons. The general accuracy was about 57% for
the summer data set and 56% for the autumn data set. However, the autumn data set provided better
user accuracy (within class) in the case of all tree species, while in case of the summer there were
some tree species with higher classification accuracy. Furthermore the inclusion of LiDAR data into
classification improved the results by ~19% in both the autumn and summer periods. This is due
mainly to the elimination of shadow effect and the height data added to separate the low and high
vegetation.

2

Material and Method

2.1

Delineation of Project Area

The objective of the project under the application HUHR/1601/221/0004 “Restoring Ecological
Diversity of Forests with Airborne Imaging Technologies” is aerial laser scanning and digital camera
recording and aerial hyperspectral survey and digital camera recording on the areas designated by
Mecsekerdő Zrt., and additionally, generating digital data set from the data recorded during the aerial
acquisition.
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The total size of the area under laser scanning and digital measuring camera survey is 152,4 km²
(Fig. 1).

Fig. 1 Borders of REDFAITH project area (red)
The designated areas are situated Northwest from Pécs in the forest planning areas of Sásd,
Hetvehely and Szigetvár. The recording area contains about 5000 forest parts containing different
aged, mainly broadleaved tree species, and additionally, there are evergreens in small areas on the
target area.
2.2

Aerial Data Collection

The aerial data acquisition was divided into two parts during project planning. One was focused on
the winter period when in foliage-free conditions aerial laser scanned and digital measuring camera
records were made to acquire detectable data on the surface and the lower canopy and trunk part of
the trees on the forest areas. The other flight session was focused on the summer period when records
were made using optical sensors (aerial hyperspectral and digital measuring camera) on the target
area to separate the tree species.
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2.2.1

Aerial Hyperspectral Survey

For the aerial hyperspectral survey an AISA KESTREL10 sensor was used which is a push-broom
type (line scanner) sensing device capable of making high spectral resolution images in 1020 pixels
width. The sensor has an optical field of view of 40° thus it is capable of making 1m field resolution
images from the flight altitude of 1400 m above ground level. The part of a system is a high accuracy
OxTS xNav GNSS/INS system which records the position and three axis movement of the airplane
in flight (Fig. 2).

Fig. 2 AISA KESTREL10 and OxTS xNAV aerial hyperspectral remote sensing system installed
into a Piper Aztec airplane

Technical specification of the sensor system:
•

Useful flight altitude: 200 - 3500 meters (above ground)

•

Spectral range: 400-1000 nm

•

Spectral sampling: 1.75 / 3.5 / 7 nm

•

Smile / Keystone: <0,5 pixel

•

Polarization sensitivity: <±2%

•

Signal-noise ratio (peak): 400-800

•

Spatial resolution? 1020 / 2040 pixels
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•

Frame rate: 100-170 Hz

•

Field of View (FOV): 40°

•

Eelectromechanical shutter system

•

Data Storage: 480GB SSD

Simultaneously with the aerial hyperspectral recording made in foliage conditions, digital measuring
camera records also were made by installing the sensors on a common platform. The work area is
covered by tracks from the acquisition of 48 hyperspectral flight paths (Fig. 3).

Fig. 3 Hyperspectral flight paths
The parameters of the aerial hyperspectral data acquisition is included in details in Table 1.
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Table 1. Hyperspectral acquisition parameters
Hyperspectral Survey
Overlapping between tracks
Spectral range
Number of spectral channels
Bandwidth
Field resolution
Max. flight altitude above ground level
Flight speed

20 % (minimum)
400-1000 nm
340
1020 pixels
1m
1450 m
222 km/h

Since the hyperspectral acquisition is done optically and the basic prerequisite of the analyzability of
the data is the recording of clear, noiseless pixels (spectrums), therefore the weather and atmospheric
conditions have a heavy influence on them. The prerequisite to eliminate these effects is the execution
of flights in adequate weather conditions. These weather conditions were the following:
•

solar radiation angle of incidence: min. 40 deg.

•

cloud coverage / mist: 0%

•

smoke: 0%

•

visibility (horizontal): more than 5 km

•

ceiling: flight altitude + 300m

•

air temperature on surface: 30 °C

•

relative humidity: less than 50%

•

wind: (ground level) less than 5 m/s, crosswind less than 3 m/s, in flight altitude less than 5
m/s

•

turbulence: -

•

temperature gradient measured in plane: less than -0,65°/100m

The aerial survey of the total area took 4 days. The flight days were as follows:
•

22nd August, 2018

•

23rd August, 2018

•

28th August, 2018

•

29th August, 2018
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The flights were performed in adequate weather conditions, all flights were done between 9:00 and
15:00 LT.
The total size of acquired raw data was 740 GB.

2.2.2 Aerial Laser Scanning (LiDAR)
The aerial laser scanning was performed in foliage-free period to allow the laser beam to reach the
surface and record information on the tree canopies and lower parts.
The acquisition was performed in two flight sessions due to weather conditions, during which in the
foliage-free season of 2017/2018, LiDAR data were collected from the 35% of the total area, in the
foliage-free season of 2018/2019, the acquisition was done on the remaining 65%.

Fig. 4 Leica ALS70-HP aerial laser scanner installed in a Piper Aztec airplane
For the 2017/2018 foliage-free laser survey, a Leica ALS70-HP aerial laser scanner was used which
is a laser scanner developed specifically for high-altitude and high precision aerial observation and is
capable of data collection from an altitude of up to 3500 m above ground level (AGL). Beyond the
high point density scanning the system is capable of recording the complete signal shape of the laser
pulses (Fig. 4).
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LiDAR laser scanner system technical specifications:
•

Useful flight altitude: 200 - 3500 meters (above ground level)

•

Scanning field of view: at least to 75 degrees, adjustable with 1 degree

•

Automatic roll compensation during flight

•

Effective pulse stocking level: 500 KHz or better, able to be optimized for flight altitude in
100 Hz or better steps

•

Scanning speed (max.): 200 Hz or better able to adjust scanning speed in 0.1 or better
increments according to the measurement requirements of ground objects.

•

Performing freely selectable scanning patterns in flight

•

The scanner is capable of emitting and recording 2 pulses simultaneously in the altitude range
of 1000 - 2500 meters above ground level

•

Data recording: Lidar, GPS and IMU data 7 hours at maximum pulse stocking level

•

GPS IMU system accuracy (RMS) after post-processing: 0.05-0.3 (position), 0.005 m/s
(acceleration), 0.025 deg. (roll, pitch), 0.05 deg. (yaw)

•

IMU unit: 200 Hz

•

GNSS receiver: 54 channel GPS + GLONASS capable dual frequency (L1/L2) low-noise
receiver, 20 Hz

•

Full waveform LIDAR recording and processing system

•

Detecting and digital recording of at least 4 reflections from every emitted signal

•

Digital recording of the intensity of at least 3 reflections

•

Operation: discrete or discrete and digitized signal shape recording

•

Sampling routine: manually adjustable

•

Interval: 64 samples @ 2 nsec - 256 samples @ 1 nsec

•

Resolution: 8 bits

•

Pulse stocking level at complete signal shape operating mode: 120 kHz

For the 2018/2019 foliage-free laser survey we used a Riegl LMS Q780 laser scanner which is a highperformance (400 kHz) laser scanner. The part of a system is a high accuracy PwrPak7D+ ISA-100C
IMU system which records the position and three axis movement of the airplane in flight (Fig. 5).
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Fig. 5 Riegl LMS Q780 type laser scanner installed in a Piper Aztec airplane
The total work area is covered by a total of 208 flight tracks.
The parameters of LiDAR data acquisition are detailed in Table 2.

Table 2. LiDAR acquisition parameters
LiDAR survey
Overlapping between tracks
Minimum point density per track
Average point density per track
Final overall point density
Vertical accuracy (LIDAR)
Max. flight altitude above ground level
Flight speed
Field of View (FOV):
Track width

51 % (minimum)
9 points/m2
10.1 points/m2
18 points/m2
0.07 m
1120 m
222 km/h
30-45°
720-838 m

2.2.3 Digital Camera Survey
Digital measuring camera recordings were made both during foliage and foliage-free data collection,
simultaneously with the hyperspectral (summer) and LiDAR (winter) aerial acquisition. The digital
orthophotos were made using RGB and close infrared channel recording. To make aerial photo we
used a Hasselblad A6D medium format (Fig. 6) 100 megapixel camera system, the navigational data
were from the OxTS xNAV GPS/INS system.
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Fig. 6 Hasselblad A6D medium format camera system
Camera system technical specifications:
•

Sensor type: CMOS, 100 MP (11600 x 8700 pixel)

•

Sensor size: 53.4 x 40.0 mm

•

Frame rate: 1/s

•

Infrared filter: optional

•

Shutter adjustment: 0.5 mp - 1/4000 mp

•

ISO ranges: 64, 100, 200, 400, 800, 1600, 3200, 6400, 12800

The parameters of digital measuring camera surveys are detailed in Table 3.

Table 3 The parameters of digital measuring camera surveys
Digital Camera Survey
Resolution
Minimum overlapping between tracks
Minimum longitudinal overlapping between
image
Digitaltiles
recording GSD
Expected Accuracy

100 MP
60%
60%
20 cm
20 cm

During the foliage and foliage-free surveys more than 10000 digital recordings were made from the
area.
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2.3

Field Data Collection

2.3.

Calibration Data

For the processing of aerial data we conducted field calibration measurements
For the calibration of hyperspectral data, various artificial and natural surfaces (asphalt, concrete,
stone paving, grass), and a sheet with known reflectance was measured with field spectrophotometer
on multiple parts of the area in 8 locations, in the same time as flights (Fig. 7). The device is capable
of recording data with a spectral region identical to the aerial sensor.

Fig. 7 Sheet of known reflectance deployed to the flight area

For the calibration of the aerial laser scanned data and their vertical accuracy check, GNSS
measurement was made on artificial, level surfaces (corners of square mesh) with geodetic GPS
device applying real-time correction. Field control measurements were made on a total of 49 locations
(Fig. 8).
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Fig. 8 Control surfaces for LiDAR data calibration (green dots)

For the processing of orthophotos, alignment point measurements were made on multiple predesignated locations for the photogrammetric processing (Fig. 9). The measurements were done in
all cases with geodetic GNSS system with real-time correction.

24

Project “REDFAITH” – Evaluation Study of an Experimental Action
Envirosense Hungary Kft.

Fig 9. Location of photogrammetric alignment points
2.3.2

Field Training and Verification Areas

For the analysis of data and for the generation of thematic layers (land utilization map, tree species
map), field training and verification areas were recorded. On the work area, training points (individual
tree) of different size and species and patches (homogenous stock part) were recorded with precision
GNSS device in foliage-free period, and handheld GPS device in the summer period. During the
sampling we recorded such stock parts with walk-in which contain one tree species, and at the upper
canopy level the foliage of identical tree species are definitive. During the recording of the individual
tree coordinates it was an important aspect that the individual measured have a standing and not
tucked under canopy.
During measurements we focused on the dominant tree species of the area and the invasive
individuals in the area. Furthermore it was an important aspect that the measured point be located
inside the stock and not on the perimeter.
During data collection we recorded more than 3000 individual tree coordinates and polygons from
more than 500 homogenous patches.
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2.4

Data Processing

Due to the size of the area flown and the size of the remote-sensed data set the area was divided into
multiple processing units. The data processing and product realisation was made to the areas thus
produced (Fig. 10).

Fig. 10 Layout of product realisation area units
2.4.1

Hyperspectral Data

The first step of the preprocessing of hyperspectral data was the calculation of the three-directional
angular deviation of the vertical axis of the sensor and the GPS/INS unit which was done by
performing Boresight calibration flight (Fig. 11). The values obtained during calibration (roll, pitch,
yaw) were applied during the preprocessing of the flown hyperspectral tracks.
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Fig. 11 Recorded tracks during the Boresight calibration flight

Steps of hyperspectral data preprocessing:
1. Navigation data and flight path post-processing
2. Radiometric correction (using sensor calibration data)
3. Geometric correction (using Boresight flight correction data)
4. Georectification (using laser scanned terrain model)

Comparing the radiance values measured with field spectrophotometer and those of aerial photo we
checked the relative radiometry values. The linear regression between the field and aerial photo
showed strong relationship (r2 = ~0,95) in the entire spectral region (400 – 1000 nm) (Fig. 12). This
means that the radiance values recorded during the aerial acquisition are identical to the fieldmeasured direct spectrums, so they are suitable for further analysis.
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Fig. 12 Regression values of field spectrums and aerial hyperspectral spectrums
The preprocessing of hyperspectral data was done by tracks the track clipping and tiling was done
for the area of individual units after the radiometric and geometric correction (Fig. 13).

Fig. 13 Preprocessed and tiled hyperspectral tracks in RGB display in Area01 (red outline)
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2.4.2

Laser scanned data

The first step of the processing of laser scanned data is the processing of flight path data with GNSS
base station data. After the georeferencing and aligning the acquired laser scanned tracks, the point
mesh was divided into blocks of 1x1 km, and the further analysis was done in these units. The
selection of the terrain points were made with automatic methods, and the other points were classified
in relation with the terrain surface. The automatically generated point classes were checked and
improved with manual filtering thus the accuracy of the classification in the 1 km2 unit of final point
mesh was ≥ 99,95 %. The point mesh handed over is in the Unified National Projection (UNP) and
contains ABSL (above Baltic Sea Level) altitudes, the data were stored in LAS 1.2 format.
During the point classification the following categories were established:
1. Ground – LAS code: 2
2. Low vegetation (below 0.2 m) – LAS code: 3
3. Medium vegetation (between 0.2 and 2 m) – LAS code: 4
4. High vegetation (above 2 m) – LAS code: 5
5. Building (buildings and other artificial surface objects, facades, roof structures and
other roof objects (antenna, chimney, air conditioners, etc.) – LAS code: 6
6. Low points – LAS code: 7
7. Water – LAS code: 9
From the classified point mesh we generated raster elevation models with 1 meter/pixel resolution
(Fig. 14) for the area sections according to EOTR2000 sectioning. From among the interpolated raster
set, the digital elevation model (DDM) contains only the surface points while the digital terrain model
(DFM) contains both the points of the surface and those of the natural and artificial objects.
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Fig. 14 Digital elevation model (left) and digital terrain model (right) interpolated from point
mesh
2.4.3

Digital Measuring Camera Data

The main steps of the processing of digital measuring camera records were the following:
1. Generating raw record
2. Aerial triangulation (with the application of field alignment points)
3. Ortho-rectification (with the application of LiDAR elevation model)
4. Automatic clipping edge calculation
5. Manual editing of clipping edge
6. Radiometric improvement
7. Coordinate transformation
8. Sectioning (EOTR2000)
The field resolution of processed aerial photos is 20 cm, they were generated in RGB and CIR
(close infrared) formats (Fig. 15. and 16.).
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Fig. 15 Real colour (RGB) foliage orthophoto

Fig. 16 Close infrared (CIR) foliage-free orthophoto
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3

Results

3.1

Digital Land Utilization Map

The digital land utilization map was made with object based image assessment (OBIA) where the
selected channels of hyperspectral record and the laser scanned data covered terrain model was
analyzed.
The basis for the generation of thematic layer were the objects generated during the multi-step
segmentation done on the spectral channels. During segmentation the spectrally similar pixels fell
into one segment and the various surface covering categories were separated based on these objects.
The steps of the work process are illustrated by Fig. 17.

Fig. 17 Work process of preparing digital land utilization map
The prepared thematic layer contains 12 categories which are included in Table 4.

Table 4 Thematic land utilization categories
Category

Identifier

Description

Artificial surface

1

Municipality inner area, artificial objects

Cropland

2

Intensive agricultural croplands

Plantation

3

Permanent cultures (orchard, vine, etc.)

Grazing land, grassland

4

Treated grassland, grazing land

Mixed agricultural area

5

Tiled areas where agricultural cultivation is
done
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Deciduous forest

6

Deciduous tree areas

Evergreens

7

Coniferous tree areas

Mixed forest

8

Mixed (deciduous, coniferous) tree areas

Scrubland

9

Scrubland, young stock

Other forest area

10

Mixed scrubland, deciduous forestry land

Waterlogged area

11

Swampy, waterlogged areas

Water surface

12

open water

The prepared thematic layers were generated in UNP projection system and per area units. The
categories are included in the vector file attribute table (Fig. 18).

Fig. 18 Digital land utilization map (Area16)
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3.2 Digital tree species map
From the generated remote sensed database we applied directed (training area) image classification
algorithms done on optically recorded hyperspectral data to separate the tree species. From among
the channels of preprocessed hyperspectral recordings done on area sections (1-16 area sections) the
low signal-noise ratio spectral regions were eliminated via visual separation and on the remaining
noise-free channels we done optical signal amplification. During the work process, we made
principal component analysis (PCA) and minimum noise fraction transformation (MNF) on the
existing original hyperspectral channels, during which the first 5-15 channels of the transformed data
contained the major part of the overall image information (Fig. 19.).

Fig. 19 Hyperspectral tile in visible (RGB) range (left) and its MNF transformed (4,3,1) channels
(right)

In the followings, we applied the pixel based classification algorithms on the transformed channels,
which were the Maximum likelihood - ML, Support vector machine - SVM and Random forest - RF
algorithms, and yielded the best results in forest environment according to the earlier researches.
In the image classification algorithms we applied the training and verification areas prepared
according to field data and spectrally verified.
The algorithms were applied on 2-20 hyperspectral channels in order to find the settings yielding the
best results.
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* MNF = Minimum Noise Fraction Transformation
PCA = Principal Component Analysis
ML = Maximum Likelihood classification
SV = Support Vector Machine classification
RF = Random Forest classification

Fig. 20 Area 1 total classification accuracy

The figure illustrates well that the best result was yielded by the Maximum Likelihood (ML)
classification performed on the 23 MNF channel. The accuracy of the results were examined with a
confusion matrix on the verification areas designated based on field data. The Table 5 contains the
confusion matrix of Area 1 where the classification accuracy of all classes and mis-classification
ratios are indicated.
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Table 5 Confusion matrix
Class

BL

CS

KTT

GY

A

B

A+BL

HJ

EH

KST

BLmsz

LF

BLcsem

MK

MOT

VK

MJ

FF

Total

BL

76.61

0.81

0.31

0.00

1.20

1.31

2.95

0.00

0.57

0.00

1.27

0.00

0.00

0.00

1.35

0.00

0.00

0.43

10.13

CS

6.97

86.18

4.69

0.87

0.63

1.31

0.00

0.00

0.00

0.00

1.27

0.00

0.00

1.22

1.35

0.00

0.83

0.00

6.64

KTT

0.86

2.98

69.26

4.13

0.06

0.65

0.00

0.00

0.00

0.00

4.22

0.00

0.00

2.44

5.07

3.01

0.00

0.00

18.86

GY

0.54

2.44

3.96

67.39

0.00

6.54

0.00

0.00

0.00

0.00

1.69

0.00

0.00

0.00

3.04

1.81

0.00

0.00

5.68

A

4.61

1.08

0.21

1.09

89.93

0.00

2.58

0.00

0.00

0.00

0.84

0.00

0.00

0.00

0.34

0.00

0.00

0.00

19.89

B

0.21

1.90

1.39

4.78

0.06

88.89

0.00

0.00

1.14

0.00

0.00

0.00

0.00

0.00

2.03

0.60

0.00

0.00

2.71

A+BL 3.00

0.00

0.31

0.43

5.85

0.00

93.73

0.00

0.00

0.00

0.42

0.00

0.00

0.00

0.00

1.20

0.00

0.00

5.14

HJ

0.00

1.08

0.05

0.22

0.13

0.00

0.00

98.94

0.00

2.14

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

1.41

EH

0.21

0.54

0.82

0.43

1.45

0.00

0.00

0.00

96.02

0.00

0.00

0.00

0.00

0.00

0.00

1.20

0.00

0.00

2.87

KST

0.00

0.27

1.39

0.00

0.19

0.00

0.00

1.06

0.57

97.86

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

3.49

BLmsz
LF

6.01

0.00

0.82

0.87

0.06

0.00

0.00

0.00

0.00

0.00

87.34

0.00

0.00

1.22

0.00

0.60

0.00

0.00

3.81

0.11

0.00

0.00

0.00

0.13

0.00

0.00

0.00

0.00

0.00

0.00

100.00 0.00

0.00

0.00

0.00

0.00

0.00

1.06

BLcsem

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.57

0.00

0.00

0.00

100.00 0.00

0.00

0.00

0.00

0.00

1.12

MK

0.00

2.44

7.36

0.00

0.25

0.00

0.00

0.00

0.00

0.00

0.42

0.00

0.00

91.46

1.35

0.60

0.00

0.00

3.15

MOT

0.00

0.27

5.87

17.83

0.06

1.31

0.00

0.00

0.00

0.00

0.84

0.00

0.00

3.66

82.09

0.60

0.00

1.28

6.01

VK

0.21

0.00

2.94

1.52

0.00

0.00

0.00

0.00

0.57

0.00

0.84

0.00

0.00

0.00

2.03

90.36

0.00

0.43

3.01

MJ

0.32

0.00

0.62

0.43

0.00

0.00

0.00

0.00

0.57

0.00

0.84

0.00

0.00

0.00

0.34

0.00

99.17

0.00

1.86

FF

0.32

0.00

0.00

0.00

0.00

0.00

0.74

0.00

0.00

0.00

0.00

0.00

0.00

0.00

1.01

0.00

0.00

97.86

3.15

Total

100.00 100.00

100.00

100.00

100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

100.00 100.00 100.00 100.00

100.00 100.00 100.00

For the preparation of the individual based tree species map, the standalone canopy margin
lines were generated based on the terrain model generated from the laser scanned point
mesh (Fig. 21)
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Fig. 21 Covered terrain model
The result pixel based classification yielding the best accuracy was aggregated into the canopy
segments generated from the laser scanned point mesh, during which an individual based tree species
map was generated (Fig. 22). The result of the data processing and image analysis was the vector
graphic thematic tree species map, the attribute table of which contains the code and letter of the tree
species classified into each canopy segment.
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Fig. 22 Generation of integrated pixel and object based tree species map
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