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ABSTRACT:
Dead wood is an important habitat characteristic in forests. However, dead wood lying on the ground below a canopy is difficult to
detect from remotely sensed data. Data from airborne laser scanning include measurement of surfaces below the canopy, thus
offering the potential to model objects on the ground. This paper describes a new line template matching algorithm for detecting
lines along the ground. The line template matching is done directly to the laser point cloud and results in a raster showing the
support of the line in each raster cell. Line elements are vectorized based on the raster to represent lying tree stems. The results have
been validated versus field-measured lying tree stems. The number of detected lines was 845, of which 268 could be automatically
linked to the 651 field-measured stems. The line template matching produced a raster which visually showed linear elements in areas
where lying tree stems where present, but the result is difficult to compare with the field measurements due to positioning errors. The
study area contained big piles of storm-felled trees in some places, which made it an unusually complex test site. Longer line
structures such as ditches and roads also resulted in detected lines and further analysis is needed to avoid this, for example by
specifically detecting longer lines and removing them.
1. INTRODUCTION
Habitat management requires data on habitat characteristics.
This is currently based on field visits combined with satellite
imagery or aerial images (Vierling et al., 2008). In forest areas,
dead wood lying on the ground is an important habitat
characteristic. However, the conditions below a canopy are
usually impossible to determine from passive remote sensing
imagery.
Data from airborne laser scanning (ALS) are 3D measurements
of light reflections from the ground and other items. Since part
of the laser light can pass through gaps in the canopy, the ALS
data include measurements of surfaces below the topmost
canopy layer. This makes it possible to derive a digital terrain
model (DTM) even in dense forests (Sithole and Vosselman,
2003) and also offers the potential to describe objects close to
the ground, for example, linear elements such as hedgerows and
ditches (Bailly et al., 2008).
ALS data have been related to animal habitat data, this far
mostly for birds (e.g., Hill et al., 2004; Hinsley et al., 2008;
Lesak et al., 2011), but also for forest-dwelling beetles (Müller
and Brandl, 2009). The amount of lying dead wood (Pesonen et
al., 2008) and standing dead wood (Bater et al., 2009) in forests
has been estimated from ALS data with area-based approaches
(i.e., based on the correlation between the total amount of dead
wood and measures derived from the ALS data in 900 to 1600
m2 raster cells).
The analyses above have not utilized the detailed 3D structure
of ALS data, which may be done with, for example, object
based image analysis (Blanchard et al., 2011). Rasterization and
image processing has provided good results for detection of
fallen trees in forested areas from ALS data (Mücke et al.,
2013).

Line detection in binary images is often done with the Hough
transform (Gonzalez and Woods, 2008). Using this method, the
image is transformed into a parameter space by generating lines
in all directions through all positive pixels. The line parameters
correspond to local maxima in parameter space. The Hough
transform can also be applied in a moving window to detect
local lines. For line detection in point clouds, an alternative is
the random sample consensus (RANSAC) algorithm (Fischler
and Bolles, 1981). This algorithm randomly selects the
minimum number of points to fit a line (i.e., two) from the
dataset and the line is generated. The points within a maximum
distance from the line are defined as the consensus set (i.e.,
inliers) and a new line is fitted to the consensus set. This is
repeated for a number of iteration and the line with the best fit
for the consensus set is selected.
This paper presents a new line template matching method to
identify tree stems lying on the ground from ALS data. The line
template matching is applied directly to the laser point cloud to
utilize the information without a rasterization step. The
algorithm is also based on a voting scheme. The different lines
are generated systematically. The final results are validated
versus field-measured lying tree stems.
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2. MATERIALS
2.1 Study area
The study area (Figure 1) is located in the southwest of Sweden
(Lat. 58° N, Long. 13° E). Most of the area is covered with
managed hemi-boreal forest. The most common tree species are
Norway spruce (Picea abies), Scots pine (Pinus sylvestris), and
birch (Betula spp.). On January 14, 2007, the area was struck by
the storm Hanno (Schmidt, 2007), in Sweden also known as
Per, resulting in a large amount of storm-felled trees.

2.3 ALS data
The ALS data were collected on April 24, 2007, with a TopEye
system S/N 425 carried by a helicopter at 130 m above the
ground. The first and last returns were recorded and the average
return density was 69 m-2. The accuracy of the ALS data was
<0.1 m in vertical direction and <0.3 m in horizontal direction
(communication with the surveying company Blom).
3. METHODS
3.1 DTM creation
The DTM was computed with the robust filtering method
proposed by Kraus and Pfeifer (1998). It is a so-called “surfacebased” filter, based on linear prediction with individual
accuracies for each ALS echo (Shan and Toth, 2009). In the
SCOP++ software (TU Vienna, 2013), which was used for the
calculations, the robust filtering is implemented following the
hierarchic approach as presented by Pfeifer et al. (2001). In this
case the method works stepwise in a “coarse-to-fine” strategy.
This means that it starts with a set of ALS echoes thinned-out
within a regular grid and using the second lowest point inside
the grid cell for the computation of a coarse initial DTM with
robust filtering. Only echoes close to this initial surface are kept
for further consideration. For the next step a denser set of
echoes is used (i.e., less thinned-out) and the filtering starts
again, producing a finer DTM. In the applied settings, three
iterations were performed till the final DTM was obtained with
a grid size of 1.0 m. The method has proven to perform well in
forested areas with high amounts of near-ground vegetation
(e.g., Sithole and Vosselman, 2003).
3.2 Line template matching

Figure 1. Study area with field-measured lying tree stems
(yellow dots) on a false colour composite aerial image. The pink
boundary marks the inventory area. The white box contains a
big pile of storm-felled trees (left-middle), low vegetation with
few or no storm-felled trees (middle) and single storm-felled
trees (right). To the right of the low vegetation is a road in
north-south direction. To the left of the pink boundary is an
agricultural field outside of the inventory area where stems have
been intentionally placed but not included in the field data.
2.2 Field data
An area, 54 ha in size, with remaining storm-felled trees was
selected for inventory. During April 2007, all horizontal and
leaning tree stems were measured within the selected area. For
each tree stem, a number of attributes were recorded: direction
in the horizontal plane, tree species, length, and diameter. For
horizontal tree stems the height above the ground was recorded
at 1.3 m from the root end, and for leaning tree stems the slope
versus the vertical direction was recorded. The position of each
tree stem was measured using a GPS placed at the root end. The
positioning error was approximately 5 m. The number of
horizontal tree stems was 651 and the number of leaning stems
was 105.

The basic assumption for detecting lying stems in the ALS data
was that they could be found by matching a line template to
near terrain ALS returns. Therefore, in a first step, possible
lying stem positions in the x-y domain were detected and in a
second step the height homogeneity along the stems as well as
in the neighbourhood were evaluated, which are both important
measures for the final stem identification. Finally, the detected
lying stems were vectorized to be validated with field data. All
analysis was based on raster cells with a size of 0.5 × 0.5 m2.
The parameters of the method were selected to define line
elements corresponding to tree stems typically found in the area.
To apply the template matching algorithm to the ALS data, the
normalized height (i.e., the height above the DTM) was
calculated for each return. Since the lying stems commonly had
heights of maximum 1.0 m above the terrain, the line template
matching algorithm was applied to all returns with normalized
heights ≥0.2 m and ≤1.0 m. The limit of 0.2 m was used to
exclude terrain points due to the uncertainty of defining the
forest terrain. For each raster cell, the mean normalized height
hmean was calculated of all returns within 0.25 m from the raster
cell centre (i.e., in the circle inscribed in the raster cell; Figures
2a and 3a). Returns within a vertical distance of ±0.25 m from
hmean were selected for the line template matching. The number
of returns was counted within a line template with the size 0.5
× 10 m2 centered on the raster cell. The line template was
rotated in steps of 2° and the angle αmax was selected for which
the number of returns within the line template was maximized
(Figures 2b and 3b).
To analyse the height homogeneity along the potential stem, the
line template was divided into intervals of 0.2 m length for αmax
in each raster cell. For each interval, the mean normalized
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height of all returns within the interval was calculated (Figures
2c and 3c). The number of intervals for which the difference
between the mean height and hmean was less than ±0.25 m was
stored and denoted nline,1. To analyse the neighbouring height
homogeneity, an additional grid with a cell size of 0.2 m was
defined within a circle of 5 m radius around each raster cell
centre (Figures 2d and 3d). The number of grid cells where the
difference between the mean height of all returns and hmean was
less than ±0.25 m and with distance less than ±0.5 m from the
template midline (i.e., inside the shaded grid cells in Figures 2d
and 3d) was stored and denoted nline,2. The number of such grid
cells with distance more than ±0.5 m from the template midline
(i.e., outside of the shaded grid cells in Figures 2d and 3d) was
stored and denoted ncircle. A ratio rsupp was derived as nline,1 ×
nline,2/ncircle to measure the support of the line in each raster cell.

Finally, lines were vectorized from the raster of rsupp in
iterations. For each iteration, the raster cell of rsupp with
maximum value within the entire raster was identified. A line
was defined corresponding to αmax and raster cells with
horizontal distance less than dmax from the raster cell centre and
0.5 m from the line were selected. If the fraction of such raster
cells with rsupp greater or equal to 10 was greater or equal to 0.5,
a line was vectorized with length 2 × dmax and angle αmax. The
raster cells within the line were set to zero and the next iteration
followed. The iteration stopped when the maximum value was
less than 10. The vectorization was done in two steps. In the
first step, dmax was set to 25 m to detect long lines
corresponding to ditches, roads and other similar structures. In
the second step, raster cells at lines vectorized in the first step
were excluded and dmax was set to 5 m.
3.3 Validation
The detected lines i were linked to the field-measured horizontal
tree stems j based on the horizontal distance dij and the
difference in direction in the horizontal plane Δαij. The distance
was measured in meters and the difference in direction was
measured in radians. A line and a field-measured stem formed a
pair only if dij was less than 10 m, Δαij was less than π/6, and
the midpoint of the line and stem was less than 10 m from the
line defined through the stem and line, respectively. Only
detected lines inside the inventory area were included. For each
pair of line and field-measured stem, a weight wij was
calculated (1).

(1)

Figure 2. Example of line template matching in case of a lying
tree stem measured in field. ALS data between ≥0.2 m and
≤1.0 m above the DTM are shown in red.

Figure 3. Example of line template matching in case of low
vegetation and no lying tree stem measured in field. ALS data
between ≥0.2 m and ≤1.0 m above the DTM are shown in red.

The pairs were linked in order of decreasing wij and only one
field-measured stem or line was linked to each line or stem (i.e.,
one-to-one linking). The number of linked lines and fieldmeasured stems were counted and related to the total number of
lines and field-measured stems, respectively.
4. RESULTS AND DISCUSSION
The analysis of the height homogeneity along the line templates
(i.e., nline,1) resulted in high values where lying stems were
present, but also in areas with dense low vegetation (Figure 4).
Local differences in the return density at the border between
overlap and no overlap between laser scanning strips also
resulted in high values. The reason was that the line template
matching selected the angle corresponding to a line along the
border since other directions included the area with lower return
density. The same was the case for the analysis of the
neighbouring height homogeneity (i.e., nline,2). The ratio rsupp
provided high values where lying stems were present and lower
values in areas with dense low vegetation. Additionally, the
borders did not result in high values of rsupp. However, longer
line structures such as ditches and roads also resulted in high
values of rsupp.
The analysis of the height homogeneity was a raster approach.
An alternative raster approach would be to do line template
matching on a raster of, for example, normalized heights (i.e., a
normalized digital surface model; nDSM). However,
rasterization would not utilize all information in the point cloud
since each raster cell would be represented only by one value.
The line template matching in this paper uses more information
from the point cloud and the analysis of the height homogeneity
is done on the line identified from the point cloud.
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The vectorization of the line elements detected lines in the areas
with lying stems. However, even though longer lines had been
vectorized and removed, short lines were still detected along the
ditches and roads. In the area with low vegetation, single lines
were detected. For some of them, manual inspection of the ALS
data revealed that line structures were present. Such line

structures might correspond to other objects than lying stems,
for example stone walls, but in some cases the object was
clearly a lying stem. This might be due to that lying stems in
that area were not found during the field inventory.

Figure 4. Example of rasters inside the white box in Figure 1.
The result from the linking (Figure 5) also showed that lines
were detected along ditches and roads although no fieldmeasured stems were present and that not all stems were
detected.
The line vectorization for the whole study area followed the
same pattern as for the example: Lines were detected where
lying stems were present, but also along ditches and roads
(Figure 6). Since lines can be detected along the whole stretch
of a ditch or a road, the amount of erroneously detected lines
were big in some areas. The inventory area contained a large
amount of storm-felled trees and the line template matching did

not give by hand all lying stems, especially for the piles of trees
that were found in a few places.
The line template matching produced a raster which visually
showed linear elements, but the vectorization failed to identify
all lying stems. The total number of detected lines was 845 in
the inventory area. The validation versus the field data showed
that 268 field-measured stems and detected lines could be
automatically linked. This corresponds to 41% of the fieldmeasured stems and 32% of the detected lines. The differences
between the detected lines and the field-measured stems were
due to detection errors mentioned above, but also positioning
errors and in some cases incompleteness of the field data.
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Figure 5. Field-measured stems (black), detected lines (red), and the links between them (green)
inside the white box in Figure 1. Only stems and lines inside the inventory area are shown.

Figure 6. The linking between lines detected from the line template matching algorithm and the field-measured stems in the inventory
area on a raster image of the vectorized lines. All detected lines shown in blue and the subset of lines linked to field-measured stems
in yellow (a). All field-measured stems shown in blue and the subset of stems linked to detected lines in yellow (b).
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5. CONCLUSIONS
This paper has introduced a new algorithm to detect line
structures along the ground in point clouds from airborne laser
scanning with the purpose to identify lying tree stems. The
algorithm consists of line template matching directly to the laser
point cloud and vectorization of lines from the raster produced
by the line template matching. The algorithm resulted in a raster
which visually showed linear elements, but the results are
difficult to validate with automatic analysis due to positioning
errors and the complex site conditions.
This is the first demonstration of the method and there are
several potential improvements. To improve the performance,
the parameters could be tuned (i.e., the height limits, the size of
the raster cells, and the size of the line element). Common
reasons for not detecting stems were that they were too close to
the ground, had too few laser returns, or were in the middle of
dense vegetation. On the other hand, lines were also detected in
case of line-shaped objects such as short stone walls or deep
tracks from vehicles (i.e., the ridges between the wheel pairs).
The algorithm also detected longer lines such as ditches and
roads. A better detection of longer lines in the point cloud or in
the DTM would decrease the number of false positives.
Additionally, the performance depends on the site conditions
and the study area contained big piles of storm-felled trees in
some places that were difficult to separate completely. The
results might be better in a less complex test site.
The algorithm depends on geometrical information and a stem
is detected only if the height difference between the stem and
the surrounding is big enough. A possible improvement would
be to select the ALS returns based on radiometric information:
amplitude and, in the case of full waveform ALS data, echo
width (Mücke et al., 2013).
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