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Summary

The results of single tree cluster extraction with point cloud derived from full waveform
airborne laser scanning (ALS) in black forest area of Germany using k-means algorithm has
been presented in this work. The validation of 3-D tree top candidates with field inventoried
reference tree tops with a sum of 289 trees illustrate that the detection rate for pine and oak
speciesis 76% and 68%, respectively. There was a 64% and 56% one-to-one linking between
candidate and field tree tops of the pine and oak species, respectively. The form and density
of the canopy played significant role in achieving average accuracy, beside the limitation of
algorithm performance. The validation of crown height as an additional parameter could be
done only for two plots of oak species, which shows an average variation of 6 m between the
linked candidate and reference trees. This could be due to the lower returns of ALS pointsin
wider and dense canopy of oak trees. The outcome shows the potential of algorithm in the
single tree laser remote sensing.

I ntroduction

Aerial scanning with Light Detection and Ranging (LiDAR) data has been in use since more
than a decade to derive forest information at stand and/or tree level (Hyyppa et al., 2001;
Persson et al., 2002). Depending on the requirement, airborne laser scanner (ALS) data are
analyzed using two main approaches. area/normalized digital surface model (nDSM)-based
and individua tree crown based approach (Maltamo et al., 2006). The individual tree
approach are either used to derive tree attributes such as crown height, diameter and volume,
stem volume etc. or the tree level information are aggregated to derive stand level
information such as forest height, timber volume, biomass. Various studies in the past has
been conducted on the LIDAR based vegetation information extraction using different
methods (Nilsson, 1996; Hyyppéa and Inkinen, 1999; Persson et al., 2002; Hyyppa €t al.,
2006; Wang €t al., 2008; Vauhkonen et al., 2011). Retrieving information of the trees lying
below the upper canopy layer is a trivia task and is the major disadvantage associated with
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NnDSM based approach (Reitberger et al., 2008a). Reitberger et al. (2008a) showed an
improved tree detection rate by applying a segmentation technique based on the normalized
cut segmentation method on the full waveform LiDAR points of different density. However,
as the detection rate increases, false detections increase as well, doubting thus on the
approach reliability (Pitkénen et al., 2004; Reitberger et al., 2008a, Vauhkonen et al., 2011).
Severa tree top detection studies with some adaptations using loca maxima have been
carried out in the past and majority of them are raster based (Persson et al., 2002; Popescu et
al., 2002; Pitkénen et al., 2004; Koch et al., 2006; Tiede et al., 2008).

Among the vector-based methods, clustering is one of the promising approaches for
single tree detection (Gupta et al. 2010). The k-means is one of the most popular iterative
partitioning based clustering approaches. In this, vector data of an area of interest are being
partitioned into a group of clusters using a distance criterion (Jain et al., 1999). Single tree
laser remote sensing with various clustering mechanisms has been reported in the past
(Morsdorf et al., 2003; Morsdorf et al., 2004; Cici et al., 2008; Doo-Ahn et al., 2008;
Reitberger et al., 2008b). Morsdorf et al. (2003) conducted clustering based study in the
mountain Pine dominated boreal forest of Swiss National Park. In their study, they used first
and last pulse ALS data of high density (30 points m?), local maxima derived from digital
surface model (DSM) as seed points and supplied the two in to k-means algorithm for single
trees extraction. In contrast to the approach of the presented work, instead of scaling-down
the z-coordinates, Morsdorf et al. (2003) scaled it up by afactor of three to accommodate the
aspect ratio (height to width ratio) of pine tree crowns, which ranged from 3-6. It is
noteworthy that the k-means method works well when a data set has “compact” or “isolated”
clusters (Mao and Jain, 1996). Hence, it is preferential to downsize the height value of the
normalized LiDAR points and the corresponding seed points to minimize the intra-cluster
variance, which is the eventua objective of the k-means approach. Additionaly, the
presented study differs from Morsdorf et al. (2003) in three ways: first, the study focus on the
both Pine and Oak dominated and mixed species plots in temperate forest with multilayered
structure; second, the superfluous local maxima points obtained in the step before main
processing were removed by applying a search algorithm and third, the study also compare
the crown height, an additional parameter, for two plots of Oak.

The objective of the work presented in this study is to assess the applicability of a
supervised k-means approach in single tree detection using ALS data in both dominant and
mixed area containing Pine (coniferous) and Oak (deciduous) species of different maturity
situated in the temperate black forest region of Germany. The accuracy was assessed using a
well defined validation procedure.

Sudy area

The chosen test area is situated in the black forest area near Karlsruhe, Germany. The
coordinates in Gauss Kriiger system and in meters for the upper left corner are 3456375,
5433820 and the lower right corner 3458025, 5432980. The area include a total of 289 trees
containing Pine (Pinus sylvestris) and Oak species (Quercus rubra and Quercus petraea) of
different maturity level with high canopy density.

Materials and M ethodology

Field measurements

The Forest Research Institute (FVA) of the Federal State of Baden-Wrttemberg, Germany,
offered to use the Forest inventory data collected during summer 2006. Another field

inventory was carried during November 2010 to collect tree level information for additional
areas. Inthefield, al the trees above 7 cm of breast height diameter (DBH) were measured.
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LiDAR data characteristics

Two sets of ALS data were used in this study. The first set of full waveform derived ALS
data was recorded in August 2007 by TopoSys GmbH using a "Harrier 56/G4" Riegl LMS-
Q560 scanner mounted on a helicopter and flown at a height of 450 m above ground level.
To achieve a high point density (16 points m™), the study area was scanned twice during day
and night with more than 50% of overlapping (Straub et al., 2009). The second set of IGlI full
waveform derived ALS data of 20 points m? was collected during November 2009. The
digital models (DTM, DSM and nDSM) were caculated in TreesVis — a LIiDAR
visualization, processing and analysis software developed in FeLis (Weinacker et al., 2004).
Normalization over the raw laser scanner data were performed using the DTM. It helped in
obtaining the absolute height of each LIDAR point and removing the terrain-induced effects.
The normalized data-set was used for clustering.

Sngletree detection

The processing of 2007 LiDAR data and that of 2009 data was carried out in seven and five
rectangular plots, each of size 50 by 50 m, respectively.

Loca maxima above 5 m height were calculated using the nDSM having a gray vaue
larger than the gray value of al its eight neighboring pixels. The superfluous loca maxima
detected from the multiple peaks from the crown were excluded using a search algorithm
implying a threshold distance criteria. The distance between the two points is computed in
Euclidean 3-D space. If the distance between the two pointsis less than the threshold distance
defined, then the point selected is removed. This process is continued until all the local
maxima points below the threshold distance are removed. The sieved local maxima were
eventually used as external seed points in the k-means algorithm. The distance criteria are
related to tree type distribution. The threshold distance for conifers with single and narrow
crown at the top was relatively lower (2-4 m) than that of broadleaved trees with wider crown
and more intermittent peaks at the top (4-6 m). The distance was a result of a visua anaysis
of the study area through the aerial photograph. The empirical study on the role of distance
function is advantageous in case of large area estimation where there is a gain of pre-
knowledge about the distribution of tree types.

The simple k-means algorithm described by Jain et al. (1999) was supervised in this
study by using local maxima as external seed points to initialize the process. Single tree
clusters containing 3-D points were obtained after performing the supervised k-means
algorithm over normalized LiDAR data and the corresponding external seed points above the
height of 5 m. The clustering above 5 m was performed to avoid the effect of low ground
vegetation and other objects while processing. The supervised k-means has two major
advantage over traditional one: first, random seed selection procedure with a trial and error
based approach containing several repetitions to select an appropriate k clusters can be
completely avoided and second, reduction in the time and machine cost. It was found that by
compressing the ALS point cloud along z-axis during supervised k-means run-time, the point
distribution gets more compact in the direction of height. This causes an improved data
partitioning. The compression value was kept half, which was empirically found (Gupta et
al., 2010). The reason behind selecting this value was based on several result analyses
criteria. It was concluded after the analysis that there is no substantial improvement in the
quality of partitioned tree clusters when the compression is more than half.

Performance Evaluation

The performance of the algorithm was evaluated by
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1. Comparing detection rate. This is done by finding the total detected trees in
proportion to the reference trees

2. Calculating the “user’s accuracy” and the “producer’s accuracy” (Congalton, 1991)
based on one-to-one spatia linkage up to 5 min three dimensional Euclidean distance
(3-D ED) between detected and reference tree tops

3. Estimating omission error, i.e. field tree tops that could not be linked to any of the
detected tree tops and commission error, i.e. detected tree tops that could not be
linked to any of the field-inventoried trees

In addition, crown height estimates for two plots dominated by Oak species were also
compared. For other plots, the comparison could not be made due to non-availability of tree
parametersin field data.

Results and Discussion

Single tree clusters containing 3-D points, thus, obtained after performing the supervised k-
means algorithm. From 3-D points of each tree cluster, the tree tops and crown height were
computed. Maximum height and the corresponding position of each tree cluster are regarded
as the detected 3-D tree top point and this has the maximum height among all LiDAR points
belonging to the tree cluster. Accuracies of the result are presented in Table 1.

Table 1. Overall tree detection accuracies. Where, Reference = total no. of reference trees,
Detection = total no. of detected tree clusters, detection rate = % of detection to reference
trees, Correct detect = one-to-one linked detected tree tops with corresponding reference tree
tops, User accy = user's accuracy = % of Correct detect to Detection, Prod accy = producer's
accuracy = % of Correct detect to Reference, Com err = commission error or false detection =
100-User accy and Om err = omission error = 100-Prod accy.

Year/ . Detection Correct Prod User Com Om
Reference Detection
Plot rate detect accy accy err err
2009/ 165 116 703 101 612 | 871 | 129 | 388
5plots
2007/ 124 94 758 74 507 | 787 | 213 | 403
Tplots
it:/r(;/ 289 210 727 175 60.6 83.3 16.7 394

It is evident from Table 1 that the average tree detection rate in the two data is
approximately 70% and 76%. The higher detection in 2007 data has also influenced the
increase in commission error. The 2007 result are of Pine and Oak trees selected from seven
plots of mixed species and have therefore lower accuracy. The producer’s accuracies and
omission errors are nearly same for all the aggregated plots of the two data sets. However,
there is a substantial variation (8.4%) in user's accuracies from the result of the two data-sets
obtained from pure and mixed species plots.

Table 2. Species-wise accuracies. Pine and Oak species from mixed species plots of the 2007
data and species dominant plots of 2009.
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Table 2 depicts results of tree detection rate, accuracies and error for the Pine and Oak
species, the two main species found in the area. Aswe can see, thereisagreat variation in the
detection rate between the two species from the clusters of two different distribution and
period, one obtained in August 2007 (leaf-on) from mixed species plots and another during
November 2009 (nearly the end of leaf-on period) from species dominant plots. Overall, it
was found that the detection rate, producer's accuracy was higher and omission error was
lower for Oak dominating two plots of 2009 data compare to results from 2007 data of the
same species distributed in seven plots within mixed species condition and vice-verse is true
for Pine species. There were minor differences in the user's accuracy for the Oak species
distributed differently in two data-sets acquired during 2007 and 2009: 81.8% and 83.3%, and
that for the commission error is 18.2% and 16.7%. While, there was a substantial increase in
user's accuracy for Pine species from the clusters obtained in 2007 where species are not from
the dominating plots compare to results from 2009 data, i.e. 76% in mixed distribution and
89% in single species dominating plots. Reflecting the effect on commission error, there is a
decrease in commission error from 24% to 11% for the Pine species in the clusters of 2007
and 2009 data. The low detection and high omission of plots dominated with Pine trees from
2009 data could be partly due to low local maxima generated which is directly related to

Reference Detection Detection Correct Prod User Com Om
Year/Plot rate detect accy accy err err
Pine | Oak | Pine | Oak | Pine | Oak | Pine | Oak | Pine | Oak | Pine | Oak | Pine | Oak | Pine | Oak
ég?i’s 127 | 38 | 80 | 36 | 630 | 947 | 71 | 30 | 559 | 789 | 8875 | 833 | 11.25 | 16.7 | 441 | 21.1
2007/
Tplots 44 80 50 44 | 1136 | 55 38 36 86.4 | 45 76.0 | 81.8 | 240 | 182 | 136 55
2:'/2;/ 171 | 118 | 130 80 76.0 | 67.8 | 109 66 63.7 | 559 | 838 | 825 | 16.2 | 175 | 36.3 | 44.1

number of tree clusters to be produced and partly due to two young plots out of the three Pine
plots. Rest of the two plots of 2009 data belonged to matured Oak species. The result was
however, surprising for the Pine species (conifer) but was encouraging for Oak species
(broad-leaved) for its higher accuracy. The presence of crown height as an additional
parameter for two 2009 field inventoried plots of matured Oak species was helpful in
comparing it with detected tree clusters. It was found that there was a 6.1 m of deviation in
the mean crown height of the linked detected trees with respect to reference trees. Finding the
crown height in the detected tree clusters containing 3-D pointsis atrivial task and is depend
on severa factors such as canopy and tree density, branching pattern of the tree species.
These factors are directly related to the number, density and intensity of the returns echoes
during aerial laser scanning. In this study, a little higher deviation in the crown height
estimation may be due to decrease in the number of return echoes in the original data from
the lower height of the trees due to above mentioned factors. It is concluded that some more
experiments are required in this direction to validate the algorithm for two speciesin different
environment.

Conclusions

The supervised k-means is useful in partitioning of ALS point cloud in to single tree clusters.
The detection of local maxima, which serve as an external seed point during the clustering
process should be carefully chosen asit is directly related to commission and omission errors.
By compressing the ALS point cloud along z-axis during supervised k-means run-time, the
distribution of points gets more compact in height. This causes improved partitioned clusters.
The result after validation showed that the algorithm performed quite well for Oak species
compare to Pine. There was a significant increase in the detection rate, producer's accuracy
and decrease in commission and omission errors for Oak species measured from two plots
where it is dominantly distributed in 2009 data compare to sparsely distributed seven plots
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containing a mix of tree species in 2007 data. However, it should also be noted that the
number of reference trees of the two speciesin different period also differs significantly. The
number of field inventoried Pine trees during 2009 was three times more than the 2007 data,
located distantly from each other; where as the number of Oak species was reduced to half.
Therefore, there is a need of more field inventoried tree level information for agorithm
performance evaluation. In addition to crown height, other parameter such as maximum
crown diameter, crown volume and stem volume may also be considered during field
inventory for better accuracy estimates.

The quality of the result depends largely on the flight parameters, the forest conditions, the
LiDAR point density, the distance threshold and the number of seed points. Empirical
analyses need to be tested in the process to get a best value adaptation.

Apart from improvement in the existing single tree method, future study for ALS based tree
inventories will focus on the use of a combined approach where both single tree and area
based approach will be used for better estimates and large area mapping. Already, the
possibility to incorporate intensity value in forest stand classification of the ALS data, based
on the specific rule sets, is under investigation.
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