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Table 6
Intensity ranges for DSPM generation
Objects Intensity ranges
Roofs 0,417-0,420 and 0,440-0,444
Asphalt road 0,369-0,395
Trees/bushes 0,282-0,368 and 0,396-0,416
Grass 0,421-0,493

In a detailed study fragment of the point cloud 83,424 points were used.
A processed subset of this ALS point cloud is shown in Figure 3. Given the ALS
dataset was processed in two ways. In the first way, only classification was
performed. In the secondary, point cloud was optimized and then classified. In
both cases, the intensity ranges shown in Table 6 were applied.

Fig. 3. Fragment of ALS point cloud 83424 points (a), TIN model (b)

Variant 1

ALS point cloud classification was conducted using the previously men-
tioned ranges of intensity. Obtained results of classification are shown in
Figure 4.

The figures indicate that not all the points were correctly classified for the
corresponding types of objects. This can be seen especially for the group “roofs’
(Fig. 4b), where beside roof points, there are a lot of points representing trees
and bushes. The group “grass’ (Fig. 4a) includes the majority of points. For the
group “asphalt road’ (Fig. 4c) the road was classified correctly, but like in the
group “roofs’, there also points appear representing trees. As is seen, intensity
for the trees has a wide ranges and therefore appeared in all separate groups.



156 Wioleta Btaszczak-Bgk, Anna Sobieraj

Fig. 4. Variant 1: a - grass, b — asphalt road, ¢ - roofs, d — trees/bushes

This resulted from the fact that the measurement was performed when
there were leaves on trees. Diversity of leaf color and leaf variable angle
relative to the incident laser beam led to the wide range of intensity for trees.

Variant 2

The size of the dataset was reduced using the optimization algorithm.
During the reduction, it was assumed that the width of the strip equals
2 m and the area of a tolerance triangle is 0.02 m2. This allowed a reduction to
43,715 points.
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Fig. 5. Original and optimized fragment of ALS point cloud

Optimized dataset were then classified.
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Fig. 6. Variant 2: a — grass, b — asphalt road, ¢ - roofs, d — trees/bushes
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Figure 6 shows the spatial distribution of the optimized dataset of the point
cloud. The effect of optimization can be seen for all groups. The reduction in
the number of points is most visible in the groups as asphalt road and roofs. As
in Variant 1 classification after the optimization does not give good final
results. Manual classification is still needed.

Result analysis

Analyzing the presented results, it is clear that Variant 2, which corre-
sponds to the classification performed on the optimized dataset, allows achiev-
ing similar results as in Variant 1. In both cases, asphalt road and grass were
well separated. For trees/bushes and the roofs the same mistakes can be
observed in both Variants. However, there is no doubt, that a smaller number
of points resulting from the optimization process certainly would have an
impact on the processing time. Results obtained for the two variants are
presented in Table 7.

Table 7
Number of points in groups

Number of points used for generation

Objects DSPMv1 DSPMv2
Roofs 9,891 4,729
Asphalt road 6,102 2,896
Trees/bushes 18,545 10,613
Grass 45,212 20,174

z 83,424 43,715
Others 3,674 10,032

Number of points for Digital Models generation in Variant 2 is about 50%
less than in Variant 1.
Spatial models generation
Digital Spatial Point Model generation
On the basis of the sets of points from Variant 1 and Variant 2 (Table 7)

digital spatial point models were generated. They represent the intensity
distribution in the study area. DSPMv1 and DSPMv2 shown in Figure 7.
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Fig. 7. Digital Spatial Point Models: « — DSPMv1, b - DSPMv2

Analyzing the two point models, similar point distributions can be ob-
served. The DSPMv2 is more readable due to the reduced number of points.
Such models may be useful in the detailed classification, because the observer
sees colors that indicates a particular object and also receives information
about the height of a point.

Digital Terrain Model generation

Digital Terrain Models were generated from two object groups: grass and
asphalt road. Due to the fact that these objects were separated only on the
basis of the intensity of the reflection and as previously mentioned, some of
these points were misclassified, it was decided to include an additional
parameter: the height of the point. Two new subsets of points for Variant 1
and Variant 2 were obtained: a subset of data points showing the terrain
generated from the original and then the optimized datasets. Separated
subsets became the basis for generating DTMv1 and DTMv2 (Figure 8).

118
Z [m]

Fig. 8. Digital Terrain Models: « - DTMvl, b — DTMv2
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Additionally, a digital model DTMv3 was generated. It was adopted as the
reference model to evaluate the accuracy of obtained two models DTMv1 and
DTMv2. DTMv3 was built on the basis of the data obtained after filtration of
the original dataset. The most popular method of filtration, the active method
TIN model (AXELSSON 2000), was applied here.
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Fig. 9. DTMv3

The three generated DTMs were subjected to statistical comparison. In
comparing DTMvl, DTMv2 and DTMv3, the following parameters were
applied (OKSANEN, SARJAKOSKI 2005, HEJMANOWSKA et al. 2008):

a) mean error:
z (Zmea.n - Zi)2
mo = \/ 1)

k-1

where:

Zmean — Mean height calculated from two datasets used for DTMs generation,
z; 1=1,2., k) — height of point in data from measurement,

k- number of points in dataset;

b) range R = Zyax — Zmin, Where zy.x — maximum height and z,;, — minimum
height;
¢) mean height difference (systematic error):

()
k

Ahean = (2)
where:
T= T 0r Tp
= ZNMTvz - ZNMTvl, T2 = ZNMTvz - ZNMTv1
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d) root mean square error (RMSE), describes absolute height accuracy of
DTM:

Ti (p)?
RMSE = k 3)
where:
P = p1 0T P2

pl =10 - Ahmean, ,02 = Tg — Ah/mean;

e) coefficient of determination (measure of model fitness):

Z?= Z vo T Zmean 2
DZ — : 1 ( NMT )2 (4)
2i:1 (ZNMTvl - mean)

and

k _ 2
2 _— Zl=1 (ZNMTvz Zmean) (5)

%
Tic1 (Znwrv, = Zmean)?

A summary of the calculated parameters for assessing the accuracy of the
generated DTMs are presented in Table 8.

Table 8
Assessment of DTM
Parameters for
assessing DTMyv3 reference DTMvl DTMv2
the accuracy

mo 4,655 m 4,675 m 4,662 m
R 21,988 m 21,295 m 21,992 m
Ahmean - 0,026 m -0,019 m
RMSE - 0,299 m 0,168 m

D? - 0,991 0,997

The mean error and range for the reference model and the model from
Variant 2 have similar values, indicating that the interpolated height of GRID
points are comparable. For Variant 1 the mean error is about 2 cm larger, and
range is about 70 cm smaller in comparison to the reference model. However,
assessment based on such measures does not enable to compare models from
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two variants. For such purpose the RMSE and the coefficient of determination
were used. Variant 2 achieves better values. RMSE error is about 13 ¢m lesser,
and D? is more close to unity. By analyzing obtained values it can be stated that
the model generated from the optimized dataset DTMv2 has a better fit for the
reference model than the DTMv1.

Conclusions

In this study the results of the classification were presented. The classifica-
tion criterion was the intensity of the reflected signal. In addition, the
optimization process was analyzed as factor changing the size of original
datasets. From analyses the following general conclusions can be draw:

— The intensity parameter is not sufficient for the proper distribution of the
point cloud to a object group and cannot be the only parameter taken into
account in the classification,

— Optimization streamlines the process of classification and generating
DSPM and DTM, improves readability of DSPM, does not cause loss of
important information.

Specific conclusion can be drawn as follows:

— The intensity assigns for the trees and bushes appears in all selected
ranges, in both variants,

— Generated Digital Spatial Models illustrate the point distribution of the
intensity parameter for each class of object. Such models may be useful in
filtering and classification and in analyzing the propriety of these processes,

- Optimization resulted in a reduction of about 50% of point cloud, but this
did not affect the correctness of the classification,

— Digital terrain model generated from an optimized dataset better fits to
the reference model which is DTM generated form dataset filtered by means of
active TIN model method.

ALS point cloud processing is time and work consuming process, mainly
because of the size of dataset. Therefore conducting optimization before such
processes is reasonable. Optimization has an impact on efficiency of DTM
generated from ALS point cloud.

Translated by ANNA SOBIERAJ
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