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Relevance

e tree trunk/stem detection

e ‘distinctive” linear geometry
e specific attributes (angle of inclination, position, ...)
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State of the Art

Methods for Trunk Detection

Rahman et al. 2009

Reitberger et al. 2007, 2009

Lu et al. 2014

Data
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Limits
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rate for dominated trees
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crown segmentation

— intensity threshold has to
be estimated

— not all trunk points can be
extracted
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State of the Art

Objective

e method development
e requirements: independent, robust, fast
e evaluation of the results

e detection rate
e positioning accuracy
e angle of inclination (azimuth, zenith)
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Study Area

e 59 manually recorded trees
e 2/3 Norway Spruce, 1/3 European Beech
e reference positions
e 8 terrestrial LiDAR scans
e slicing-approach = stem centre points & trunk position
e further measurements

e diameter at breast height
e differential GPS

GPS = Global Positioning System
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ALS Data

absolute horizontal accuracy: 0,30 m

vertical accuracy: 0,15 m (open terrain)

e average point density: 7,7 %

preprocessing

e point classification
= ground vs. non ground
e height normalisation
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e input data
e height-normalised point cloud
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e splitting into rectangular subsets

e overlap area = reduces omissions
e allows local crown base height adaptation
e Divide & Conquer implementation
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Algorithm

Partitioning of the Point Cloud

e input data
e height-normalised point cloud
e non ground points only

e splitting into rectangular subsets

e overlap area = reduces omissions
e allows local crown base height adaptation
e Divide & Conquer implementation

= parameters y 2/ 3%
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Algorithm

Trunk ldentification

e 3D Clustering
e variant of the DBSCAN
e optional scaling of the z-axis
= parameters
e radius
e minimum number
of neighbours
e minimum number
of points
e scale >

-

DBSCAN = Density-Based Spatial Clustering of Applications
with Noise, cf. Ester et al. 1996
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Trunk Modelling

e PCA-based regression model
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PCA = Principal Component Analysis, cf. Wold et al. 1987
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e LO-RANSAC

LO-RANSAC = Locally Optimized Random Sample Consenius,
cf. Chum et al. 2003
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Algorithm

Trunk Modelling

e PCA-based regression model
e problem: noise
e LO-RANSAC
= parameters
e minimum number of points
e minimum length
e maximum deviation
from vertical orientation
e maximum residuum
e maximum noise .

LO-RANSAC = Locally Optimized Random Sample Consenius,
cf. Chum et al. 2003
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Algorithm

Trunk Modelling

e PCA-based regression model

e problem: noise

e LO-RANSAC

= parameters
e minimum number of points
e minimum length
e maximum deviation
from vertical orientation

e maximum residuum
e maximum noise " [I

e elimination of duplicates l/
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Methods

Validation

Assignment of Reference Positions

e reference: TLS-positions (slicing-approach)
e automatic assignment of positions

e translation and rotation of the reference positions (2D)
e assignment to the closest reference position
e maximum distance: 4 m

e comparison to watershed-derived positions

watershed segmentation: cf. Chen et al. 2006, Koch et al. 2006,
Hyyppa et al. 2012
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Results and Discussion
[ o)

Detection Results

Assignment of the Reference Positions

Adjusted Trunk Positions Relative Trunk Positions
detection rate: 90.8%; false positives: 14.66% average positional difference: 1.04 m; RMSE=1.25 m
- *  undetected reference: 10
2 assigned reference
@ o displacement < o
8 ©  correct detections: 99
o false positives: 17
3
2
8
2 o
o
8
)
bs —
E 84 ¢ £ o4
-~ 8 3
©
8
8 ®
2 o
8 r :
3
8
3
8 - positions
o median residual
25%- | 75%-percentil residual
—— maximal residual
T T T T T T T T T T
368140 368160 368180 368200 368220 -4 2 0 2 4
x[m] dx [m]

Watershed vs. TLS

Trier University, Remote Sensing & Geoinformatics Department




Results and Discussion
[ o)

Detection Results

Assignment of the Reference Positions

Adjusted Trunk Positions Relative Trunk Positions
detection rate: 75.2%; false positives: 4.65% average positional difference: 0.59 m; RMSE=0.78 m
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Detection Results

Accuracy Assessment

Results and Discussion
oce

Approach Detection Precision  Overall Position Error
Rate Accuracy Average RMSE
watershed 91% 85% 88% 1.04m  1.25m
aTrunk 75% 95% 84% 0.59m  0.78m
matching 69% 96% 80% 0.64m 0.82m
combined 98% 86% 92% 0.67m  0.85m
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Results and Discussion

[ Je]

Modelling Results

Results: Zenith Angle

Histogram of Trunk Zenith Histogram of Trunk Zenith
median: 3.7°; mean: 4°; SD: 2.27° median: 3.4°; mean: 4°; SD: 2.48°
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Results and Discussion

oe

Modelling Results

Results: Azimuth Angle

Circular Histogram of Trunk Azimuth Circular Histogram of Trunk Azimuth
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Trunk Detection Potential

e combination of complementary detection approaches
(crown segmentation & trunk detection)

e improved detection rate
e higher precision
e higher positioning accuracy
e simplified validation
e simplified combination of ALS and TLS
e further studies (angle of inclination)
e stand characteristics (wind throw risk, soil, ...)
e optimisation of tree species classification

e combination of trunk detection methods
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Thank you for your attention!
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Sensitivity Analysis
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Sensitivity Analysis
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Sensitivity Analysis
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