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Abstract. Three-dimensional tree modeling is an important task in the 
management of forest ecosystems. The objective of this investigation is to 
reconstruct 3D tree models using LIDAR data and high resolution images. The 
proposed scheme comprises of three major steps: (1) data preprocessing, (2) 
vegetation detection, and (3) tree modeling. The data preprocessing includes 
spatial registration of the airborne LIDAR and high resolution images, 
derivation of the above ground surface from LIDAR data, and generation of a 
spectral index from high resolution images. In the vegetation detection, a 
region-based segmentation and knowledge-based classification are integrated to 
detect the tree regions. Afterwards, the watershed segmentation is selected to 
extract the tree crown and heights. In the last step, we use the tree height, tree 
crown and terrain information to build up the 3D tree models. The experimental 
results indicate that the accuracy of the extracted individual tree is better than 
80%, while the accuracy of the determined tree heights is about 1m. 
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1   Introduction 

Forests are an important and valuable resource to the world. Furthermore, research in 
relevant environmental issues, such as the ecosystem, biodiversity, wildlife, and so 
forth, require detailed forest information. In light of this, there is an increasing 
urgency to obtain a comprehensive understanding of forests. Thus, the 3D tree model 
plays an important role in forest management. 

Remote sensing technology has been applied to forest ecosystem management for 
many years [1]. Most of the research utilizes the spectral characteristics of optical 
images to detect the forest, and delineate the independent tree crown [2] [3]. Previous 
studies used high resolution images to estimate tree locations, canopy density, and 
biomass [4]. However, optical images are easily influenced by the topography and 
weather conditions.  In addition, as the ability of optical images to penetrate through 
the forest area is weak, it is unable to directly capture the 3D forest structure. 

Nowadays, LIDAR (LIght Detection And Ranging) systems have become a mature 
tool for the derivation of 3D information. The LIDAR system is an integration of the 
Laser Scanner, Global Position System (GPS) and Inertial Navigation System (INS).  
Its high precision in laser ranging and scanning orientation makes the decimeter 
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accuracy for the ground surface possible.  The LIDAR technology provides horizontal 
and vertical information at high spatial resolution and vertical accuracy. Forest attributes 
like tree heights can be directly retrieved from LIDAR data.  Early studies of LIDAR 
forest measurements used LIDAR to estimate forest vegetation characteristics, such as 
canopy cover, forest volume, and biomass [5]. However, although the LIDAR data 
contains abundant 3D shape features, it lacks the spectral information. 

The individual tree extraction from LIDAR data is an important topic for 3D tree 
modeling. The strategy of individual tree delineation can be divided into the following 
categories: (1) Pixel-based method [6], (2) Region-based method [7], (3) Contour-
based method [8], and (4) Empirical method [9].  In the region-based approach, such 
as the watershed segmentation, it applies mathematical morphology to explore the 
geometric structure of trees in an image.  The advantage of this approach is that the 
method may selectively preserve the structural information, while also accomplishing 
the desired tasks within the image. In the region-based approach, homogeneity 
regarding the shape and color in the neighborhood is examined in a region growing 
process. The contour-based approach minimizes the internal energy by weighting the 
parameters. In the empirical method, it collects a large amount of ground truth 
pertaining to various forest parameters, such as the tree crown width, tree height, and 
tree age. Afterwards, the relationship among the tree properties is analyzed. A typical 
result shows that the tree height and tree crown width is revealed to have a linear 
relationship after a regression analysis is performed.  A review of the rapidly growing 
literature on LIDAR applications emphasizes the need for data fusion in the 
processing phase of LIDAR data, which may serve as a method in improving the 
various features extraction task.  Therefore, we conducted an integration of the 
LIDAR data and high resolution image to build up the forest canopy model. 

The objective of this investigation was to construct a 3D forest canopy model using 
LIDAR data and high resolution image. The proposed method was a data fusion 
scheme with a coarse-to-fine strategy. The proposed scheme comprised of three major 
steps: (1) data preprocessing, (2) vegetation detection, and (3) tree modeling. The data 
preprocessing included space registration of the LIDAR and high resolution image, 
derivation of the above ground surface from LIDAR data, and generation of a spectral 
index from high resolution image. In the vegetation detection, a region-based 
segmentation, followed by the knowledge-based classification was integrated to 
detect tree regions. Subsequently, we performed a tree crown extraction in the 
vegetation regions. The watershed segmentation and local maximum search were 
selected to extract the tree crowns. In the last step, we used the tree height, tree 
crown, and terrain information to build the 3D tree models. The validation datasets 
included an orchard test site in Taiwan, located in Tai-Chung, and a forest test site in 
Finland, situated in Espoolahti. 

2   Methodology 

The proposed scheme encompassed three parts: (1) data preprocessing, (2) vegetation 
detection, and (3) tree modeling. The preprocessing included a geometric and 
radiometric processing. A divide-and-conquer strategy was then incorporated to 
detect the vegetation followed by the tree modeling.  Fig.1 shows the flowchart of the 
proposed method. 
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Fig. 1. Flowchart of the proposed method 

2.1   Data Preprocsessing 

The data preprocessing was composed of three major procedures: (1) space 
registration, (2) derivation of above ground surface, and (3) generation of a spectral 
index. The LIDAR data was used to generate a Digital Terrain Model (DTM) and 
Digital Surface Model (DSM) in grid form. In the space registration, the aerial images 
were orthorectified using the DSM and ground control points. The orthorectified 
images were essentially co-registered with the LIDAR data. We subtracted the DTM 
from the DSM to generate the Normalized DSM (NDSM). The NDSM represented 
the above ground surface that was used to separate the ground and above ground 
objects. The formula of NDSM is shown in Eq. (1). Fig. 2 demonstrates a sample 
result of NDSM.  For the multispectral aerial image, we used the red and green bands 
to calculate the greenness index [10]. Eq. (2) shows the formula of the greenness 
index. The greenness index was mostly used to identify the vegetation areas. Fig. 3 
illustrates a sample result of the greenness image. For cases where the near infrared 
band was available, the NDVI (Normalized Difference Vegetation Index) was 
utilized, as it was deemed a better index in accessing the greenness level. The 
calculation of the NDVI is shown in Eq. (3). 

NDSM = DSM – DTM . (1) 
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Greenness = ( G – R ) / ( G + R ) . 
(2) 

NDVI = ( IR – R ) / ( IR + R ) . (3) 

     

(a) (b) (c) (a) (b)  

Fig. 2. LIDAR data preprocessing (a) Digital Terrain Mo-
del (b) Digital Surface Model (c) Normalized Digital 
Surface Model 

Fig. 3. Aerial image preprocessing 
(a) aerial image (b) greenness image 

2.2   Vegetation Detection 

The objective of the vegetation detection was to extract the vegetation areas, in which 
the non-vegetation areas would not interfere in the tree modeling. We integrated the 
region-based segmentation and knowledge-based classification during this stage. The 
elevation from the LIDAR data and radiometric features from the orthoimages were 
combined in the segmentation. Thus, pixels with similar height and spectral attributes 
were merged into a region. After the segmentation, each separated region was a 
candidate object for classification. Considering the height and spectral characteristics, 
the vegetation areas were extracted by a fuzzy logic classification. 

We first used a multiple data segmentation technique to perform the region-based 
segmentation. It could identify objects with correlated characteristics in terms of 
reflectance and height.  In this step, we fused the NDSM and the greenness level for 
segmentation. This method identified geographical features using scale homogeneity 
parameters [11], which were obtained from the spectral reflectance in the RGB and 
elevation value in the NDSM. The homogeneity was described by a mutually 
exclusive interaction between the attribute and shape. Eq. (4) shows the formula of 
the homogeneity index. The composed homogeneity index was based on the attribute 
and shape factor, where it considered the attribute and shape information 
simultaneously. The formulas of the attribute and shape factor are shown in Eq. (5) 
and Eq. (6), respectively.  The weights of the attribute and shape factor should be set 
properly. The attribute factor used the standard deviation of the region as a 
segmentation criterion. The shape factor selected the smoothness and compactness of 
the region boundary for weighting. The formulas for the calculations of smoothness 
and compactness are shown in Eq. (7) and Eq. (8), respectively. 

After the segmentation, we employed the object-oriented classification in the 
vegetation detection. The classification was based on a fuzzy logic classification 
system, where the membership functions employed thresholds and weights for each 
data layer.  The above ground and high greenness objects were classified as 
vegetation.  Fig. 4 shows an example of the segmentation and classification. 
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H = w * hattribute + (1 - w) * hshape . (4) 

where, 
H: homogeneity index, 
hattribute: attribute factor, 
hshape: shape factor, and 
w: weighting for attribute and shape factor. 

hattribute = ∑ w_c * σc . (5) 

where, 
hattribute: attribute factor, 
w_c: weighting among layers, and 
σc: standard deviation of pixel attribute in a region. 

hshape = ws * hsmooth + ( 1 - ws ) * hcompact . (6) 

hsmooth = L / B . (7) 

hcompact = L / N 0.5 . (8) 

where, 
hshape; shape factor,  
ws: weighting for smoothness and compactness, 
hsmooth: smoothness of region, 
hcompact: compactness of region, 
L: border length of region, 
B: shortest border length of region, and 
N: area of region. 

2.3   Tree Modeling 

After the vegetation detection, we focused on the vegetation areas for the extraction 
of tree models. The primary process included individual tree segmentation and tree 
parameterization. We first applied the watershed segmentation method [12] on the 
DSM in the vegetation regions. To avoid the errors of the DTM, we perform 
segmentation in the DSM rather than the NDSM. As it could detect the changes of the 
individual tree height, it was able to extract the boundary of each individual tree.  We 
assumed that the maximum point in the boundary was the tree position. The local 
maximum method was applied to extract the tree location and tree height. In this 
study, a least squares circle fitting was applied to extract the tree crown radius. The 
tree parameters for each individual tree included the tree crown radius, position and 
height. The 3D tree models were represented by using a tree model database. Once 
the tree type was selected, the 3D tree model could be generated by the tree 
parameters [13]. In this study, the tree types are selected manually. Fig. 5 
demonstrates a sample procedure of tree modeling. 
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(a) (b) (a) (b) (c) 

Fig. 4. Vegetation detection (a) seg-
mentation results (b) classified 
results 

Fig. 5. Tree modeling (a) watershed segmentation results 
(b) parameterized tree crowns (c) 3D tree models 

3   Experiment Results 

Two test sites were selected for validation---an orchard area and a forest area.  The 
orchard area was located in Taiwan’s Tai-Chung city, and the LIDAR data was 
obtained via the Optech ALTM2033.  The average density of the LIDAR data was 
roughly 1.7 points per square meter.  Color aerial photo with a scale of 1:5,000 were 
used in test area 1, where it was scanned in a 20 μm per pixel mode.  Thus, the ground 
resolution of the digital images was around 0.1m.  The second test area was located in 
Espoolahti of Finland.  The Finland data was released by the European Spatial Data 
Research (EuroSDR) and International Society for Photogrammetry and Remote 
Sensing (ISPRS) as a sample test site.  The LIDAR data was also obtained by the 
Optech ALTM2033, and the average density of the LIDAR data was about 2 points 
per square meter.  The Vexcel Ultracam-D image with a 1/6,000 scale was selected 
for the forest area.  The ground resolution of the digital images was about 0.2m.  The 
test data sets are shown in Fig. 6.   Since the image included the near infrared band, 
the NDVI was employed in the Espoolahti case. 

In the region-based segmentation, we first set the weights of the image layers on 
the homogeneity segmentation using eCognition [11].  The weighting of the LIDAR 
part and aerial photo was 2:1.  Considering that the shape of the forest was irregular, 
the attribute factor was more important than the shape factor.  Hence, the attribute and 
shape factors were 0.8 and 0.2, respectively.  After segmentation, we performed the 
object-oriented classification to determine the tree regions.  We used the extracted 
tree regions in the individual trees extraction.  Assuming that the highest point in the 
boundary was a treetop, one segmented boundary was selected to represent one tree 
crown.  Afterwards, we used the least squares circle fitting to extract the tree crown 
radius.  Finally, the 3D tree models were generated by the tree parameters. 

We used stereoscopic measurements to determine the tree heights and tree crowns, 
as references for validations.  The experiments included three different aspects in the 
validation.  The first evaluated the detection rate for an individual tree.  The second 
checked the correctness of the tree crown.  The third assessed the accuracy of the tree 
heights. 
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(a) (b) (c) (d) 

Fig. 6. Test area (a) aerial image for Tai-Chung area (b) NDSM for Tai-Chung area (c) aerial 
image for Espoolahti area (d) NDSM for Espoolahti area 

3.1   Tai-Chung Case 

In the Tai-Chung case, we identified objects with correlated characteristics in terms of 
the reflectance and height. After the vegetation detection, we used tree areas to 
perform the watershed segmentation on the DSM. Fig. 7a shows the classification 
results. Fig. 7b reveals the block results, which were derived from the watershed 
segmentation. The background image is the corresponding DSM.  Subsequently, we 
used the least squares circle fitting to extract the tree crown radius. The results are 
shown in Fig 7c, and the generated 3D tree models are shown in Fig 7d.  

During the evaluation, we checked each segmentation boundary to examine the 
reliability of the tree crown determination.  For the validated patches, we compared 
the tree heights for accuracy assessments.  In this case, we had 197 trees in the 
reference data.  The number of detected trees was 210.  The correctness was, thus, 
95%.  The commission and omission errors stood at 10% and 4%, respectively.  Fig. 
7c shows the locations of those trees.  We then used the 197 matched boundaries to 
determine the local maximum height for the analysis of the tree crown accuracy.  
Comparing the automatic results and manual measurement tree crown, the accuracy 
of the tree crown reached 92%.  The commission and omission errors were 29% and 
7%, respectively.  The RMSE of the tree height was 0.62 m.  The result demonstrated 
a great potential in employing multi-sensor data for 3D tree modeling. 

  

(a) (b) (c) (d) 

Fig. 7. Results of Tai-Chung area (a) classified results (b) individual tree segmentation 
results (c) parameterized tree crowns (d) 3D tree models 

3.2   Espoolahti Case 

The Espoolahti case was a forest area with complex trees. The vegetation results are 
shown in Fig 8a. The result indicates that most of the areas in the Espoolahti case 
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were tree areas.  Fig. 8b is the results of the individual segmentation from DSM.  We 
then selected a small area, as shown in Fig 8b to do the tree crown parameterization.  The 
tree crown is shown in Fig. 8c, and the generated 3D tree models are revealed in Fig 8d.  

    

(a) (b) (c) (d) 

Fig. 8. Results of Espoolahti area (a) classified results  (b) individual tree segmentation 
results (c) parameterized tree crowns (d) 3D tree models 

In this case, we had 105 trees in the reference data. The number of detected trees 
was 97. The number of matched trees was 78, where the correctness was 80%.  The 
commission and omission errors stood at 19% and 25%, respectively. Afterwards, we 
used the 78 matched boundaries to determine the local maximum height in accessing 
the accuracy. Comparing the automatic results and manual measurement tree crown, 
the accuracy of the tree crown reached 78%. The commission and omission errors 
were 37% and 21%, respectively. The RMSE of the tree height was 1.12 m. As this 
location was more complicated than the orchard area, the accuracy was lower than the 
previous case. 

Table 1. Summary of tree modeling accuracy 

Evaluation Item Tai-Chung Espoolahti 
Accuracy (%) 95.4 80.4 
Commission Error (%) 10.5 25.7 Tree detection rate 
Omission Error (%) 4.6 19.6 
Accuracy (%) 92.8 78.4 
Commission Error (%) 29.8 37.7 Tree crown evaluation 
Omission Error (%) 7.1 21.6 
Root-Mean-Squares Error (m) 0.62 1.12 

Tree height evaluation 
Error Range (m) -2.0 ~ 1.8 -1.9 ~ 2.0 

3.3   Summary 

The accuracy and reliability of our study is shown in Table 1.  The experimental 
results are summarized as follows. 

(1) The coarse-to-fine strategy detects the vegetation areas in the first stage.  The 
detected areas are then pinpointed to extract the individual trees.  This strategy 
may reduce the amount of errors involved in the individual trees extraction.  The 
detection rate reaches approximately 80%. 
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(2) In the individual tree segmentation, we select a morphology filter to extract the 
tree boundaries from the Digital Surface Model rather than optical image data.  
The reliability of tree crowns may reach 80%. 

(3) Comparing the extracted tree heights and manually measured tree heights. The 
accuracy of the tree height is about 1m. 

(4) The results show the potential of 3D tree model generation by fusing the LIDAR 
and image data. 

4   Conclusions 

This investigation presents a scheme of 3D forest modeling by the fusion of spectral 
and height information.  The results indicate that the correctness of the tree extraction 
reaches 80%, and the accuracy of extracted tree heights is about 1m. Considering the 
errors in the photogrammetric measurements for the reference data set, the accuracy 
could be underestimated.  The results demonstrate that the proposed scheme may be 
used to estimate the tree height on individual tree level basis.  

Acknowledgments. This investigation was partially supported by the National 
Science Council of Taiwan under Project No. NSC94-2211-E-008-027.  The authors 
would like to thank the Council of Agriculture of Taiwan, European Spatial Data 
Research (EuroSDR) and International Society for Photogrammetry and Remote 
Sensing (ISPRS) for providing the test data sets.  The authors also wish to thank the 
anonymous reviewer for helpful comments and suggestions. 

References 

1. Lefsky, M.A., Cohen, W.B., Spies, T.A.: An Evaluation of Alternate Remote Sensing 
Products for Forest Inventory, Monitoring, and Mapping of Douglas-Fir Forests in 
Western Oregon. Canadian Journal of Forest Research. 31 (2001) 78–87. 

2. Gong, P., Mei, X., Biging, G.S., Zhang, Z.: Improvement of an Oak Canopy Model 
Extracted from Digital Photogrammetry. Photogrammetric Engineering and Remote 
Sensing. 63 (2002) 919-924. 

3. Wang, L., Gong, P., Biging, G.S.: Individual Tree-Crown Delineation and Treetop 
Detection in High-Spatial-Resolution Aerial Imagery. Photogrammetric Engineering and 
Remote Sensing. 70 (2004) 351-357. 

4. Sheng, Y., Gong, P., Biging, G.S.: Model-Based Conifer Canopy Surface Reconstruction 
from Photographic Imagery: Overcoming the Occlusion, Foreshortening, and Edge 
Effects. Photogrammetric Engineering and Remote Sensing. 69 (2003) 249-258. 

5. Popescu, S.C., Wynee, R.H., Nelson, R.F.: Measuring Individual Tree Crown Diameter 
with Lidar and Assessing Its Influence on Estimating Forest Volume and Biomass. 
Canadian Journal of Remote Sensing. 29 (2003) 564–577. 

6. Yu, X., Hyyppä, J., Kaartinen, H., Maltamo, M.: Automatic Detection of Harvested Tees 
and Determination of Forest Growth using Airborne Laser Scanning. Remote Sensing of 
Environment. 90 (2004) 451-462. 



 The Generation of 3D Tree Models by the Integration of Multi-sensor Data 43 

7. Suárez, J.C., Ontiveros, C., Smith, S., Snape, S.: Use Of Airborne Lidar and Aerial 
Photography in the Estimation of Individual Tree Height in Forestry. Computer and 
Geosciences, 31 (2005) 253-262. 

8. Persson, A., Holmgren, J., Soderman, U.: Detecting and Measuring Individual Trees using 
an Airborne Laser Scanner. Photogrametry Engineering and Remote Sensing. 68 (2002) 
925-932.  

9. Popescu, S.C., Wynne, R..H.: Seeing the Trees in the Forest: Using LIDAR and 
Multispectral Data Fusion with Local Filtering and Variable Window Size for Estimating 
Tree Height. Photogrametry Engineering and Remote Sensing. 70 (2004) 589-604. 

10. Niederöst, M.: Automated Update of Building Information in Maps using Medium-Scale 
Imagery (1:15,000). In: Baltsavias, E., Gruen, A., van Gool. L. (eds.): Automatic 
Extraction of Man-Made Objects from Aerial and Space Images. 3 (2001) 161-170. 

11. Definiens: eCoginition User’s Guide. (2004) 79-81. 
12. Luc V., Soille, P.: Watersheds in digital spaces: An efficient algorithm based on 

immersion simulations. IEEE Transactions on Pattern Analysis and Machine Intelligence. 
13 (1991) 583-598. 

13. Dunbar M.D., Moskal, L.M., Jakubauskas, M.E.: 3D Visualization for the Analysis of 
Forest Cover Change. Geocarto International. 19 (2004) 103-112. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.01667
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 2.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /SyntheticBoldness 1.000000
  /Description <<
    /DEU ()
    /ENU ()
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.000 842.000]
>> setpagedevice


