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All in all, it is observed that, in the cluster of low
values (Gi* < -1.65 or |z;| < -2.58 and p-value < 0.05),
93% of the points are ground points when the window
size of 100 m is used. Larger windows tend to decrease
this rate to 82.5% (for the 150-m window size) and
75.5% (for the 200-m window size). On the other hand,
in the cluster of high values (Gi* > +1.65 or |z;| < -2.58
and p-value < 0.05), a high portion of the points are non-
ground points: 99.9% for the window sizes of 200 m and
150 m, and 99.8% for the 100-m window size. Therefore
it is reasonable to conclude that the window size of 100
m outperforms the other choices and the corresponding
commission error is very small. However, it should be
noted that a substantial amount of points still do not
belong to either the low LMI clusters or the high LMI
clusters, hence the omission error can increase.

5 Discussion

The main aim of this research was to apply LMI and G*
to the lidar data classification and find one that
outperforms the other. The results, however, indicate that
the two algorithms are comparable to each other i.e. the
Gi*-based algorithm produces lower omission errors but
higher commission errors than the LMI-based does. In
addition, it is observed that most of the commission errors
in ground classification occurred in slope areas. This
problem is also reported by Meng et al. [20] that slant
areas are challenging for cluster-based classifiers.
Therefore, a slope-based algorithm is suggested to reduce
the commission errors.

It should be noted that the results of the proposed
algorithms depend on window sizes and neighbours per
lidar point (i.e. the lidar points within the given window
size). In that sense, the study area for this research is very
challenging because it contains high-rise buildings, large-
area buildings, complex scenes and slant areas. Therefore
the omission errors in ground classification were higher
than expected. This problem can be minor if an accurate
DEM can be generated from the classified ground points,
provided small commission errors. That is, the LMI-based
algorithm can be applied to the DEM generation, and then
the Gi*-based algorithm can be applied to the non-ground
classification.

It is noticed that the level of error is significantly
influenced by the method of calculation. For example,
point-wise error calculation decreases considerably when
compared to rasterisation-based calculation. Moreover, it
is shown that the low vegetation threshold for DEM
generation affects both Type I and Il errors [18]. Future
work is to determine an optimal threshold to lower the
level of omission and commission errors.

6 Concluding Remarks

It was shown in this paper that LMI and Gi* can be
used effectively as the automatic classifiers of lidar points
to ground and non-ground points. The test results from the

two algorithms exhibit that each has advantages and
disadvantages. The LMI-based algorithm provides lower-
level commission errors, and the Gi* based algorithm
produces lower-level omission errors. Therefore, the LMI-
based algorithm is suitable for the DEM generation, and
the Gi*-based algorithm is preferable for the feature
extraction.

As for ground classification, slant areas are identified
as the main source of the commission errors from both
classifiers, and of the omission errors from the LMI-based
classifier, regardless of the window sizes. However, the
slant areas do not cause significant commission errors in
non-ground classification. It is also observed that the
commission errors in non-ground classification are
dispersed, whereas the commission errors in ground
classification are clustered. In plain areas, the commission
errors occurred mainly on the boundaries of buildings and
vegetation. It is suggested that the proposed algorithms
with a moving window or an ad-hoc window size can
reduce such commission errors.
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