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Abstract. The advantage of the conditional random ﬁeld (CRF) lies
in the construction of the discriminant model and eﬃcient parameter
optimization. In the topic of the classiﬁcation of three-dimensional point
cloud, the parameters of the CRF are usually learnt through Gradient Descent and Belief Propagation, in order to optimize the objective
energy function of the CRF. These optimization methods do not guarantee the highest global classiﬁcation accuracy with a high classiﬁcation accuracy on the smaller classes. In addition, diﬀerential features
of the point cloud are not suﬃciently utilized. In this paper, we use
the local geometric shape features to construct the CRF, including the
nearest neighbor tetrahedral volume, Gaussian curvature, the neighbourhood normal vector consistency and the neighbourhood minimum principal curvature direction consistency. We propose four discrete criteria for
CRF parameter optimization to design the explicit functions, and present
concrete solution procedures, in which Monte Carlo method and supervised learning method are employed to estimate the CRF parameters
iteratively. Experimental results show that our method can be applied
to the classiﬁcation of the scene of 3D point cloud with plants, especially
under the proposed second criterion that maximizing the accuracy with
interclass weights. It can be used to improve signiﬁcantly the classiﬁcation accuracy of small scale point sets when diﬀerent classes have great
disparity in number.
Keywords: Point cloud classiﬁcation · Feature extraction · Conditional
Random Field · Parameter optimization criterion · Confusion matrix

1

Introduction

Point cloud refers to a set of multiple vertices with coordinate information, and
the vertices position coordinates set sampled from the surface of 3D objects
is a typical type of this data. Besides the position coordinate information,
other auxiliary information can be attached to each vertex such as the color
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information (RGB) or the intensity information. The point cloud data can be
from scanning real scenes via terrestrial LiDAR [1] or the airborne 3D laser
scanner [2], or reconstructing from the photos based on visual methods [3,4].
With the increasing performance of three-dimensional laser scanners, cameras
and other hardware devices in recent years, the acquisition of point cloud data
from the objects become easier than ever before, which in turn to promote point
cloud analysis and process for widely applying in the industries of measurement,
aviation, architecture, gardens, urban planning, digital city, monitoring and etc.
Point cloud analysis and processing involves a variety of basic tasks, including
point cloud denoising, feature calculation, segmentation, key points and lines
recognition, object detection, surface reconstruction [5], registration and visualization, etc. The reconstruction based on the three-dimensional point cloud can
generate more realistic three-dimensional models, and bring a stronger sense of
immersion in the application of digital entertainment, education and so on.
The point cloud classiﬁcation is a hot topic of the current research with
the deepening needs of the applications. For example, through the analysis of
the scene point cloud data, the roads, vegetation, buildings, bridges, vehicles,
pedestrians and even windows can be identiﬁed. Compared with the imagebased target recognition methods, the point cloud data realistically records the
three-dimensional information of the objects in the scene, and we can get more
accurate parsing results of the scene, which is conducive to the scene semantic
analysis and reproduction.
As the basis for understanding the scene, point cloud classiﬁcation is a diﬃcult problem because of the huge data size, data noise, loss of partial information, and unknown geometric topology of data. Although a lot of related works
have been done, the accuracy of point cloud classiﬁcation is still to be further
improved. On the one hand, the existing point cloud feature description methods
don’t fully introduce the local discriminant information; on the other hand, the
existing point cloud classiﬁcation methods don’t combine the global geometric
information with the discriminant classiﬁcation methods eﬀectively.
We adopt the discriminant information based on the both local neighborhood
and global model, and improve the performance of point cloud classiﬁcation by
constructing new cloud point feature description methods and make a classiﬁcation. Speciﬁcally, the idea of nearest neighbor classiﬁcation is introduced into
the local neighborhoods of each vertex in the cloud data, and the local geometric
shape description method is constructed based on the nearest neighbor tetrahedron volume, the Gaussian curvature, and the pairwise potentials. Then the
Conditional Random Field (CRF) model for point cloud data is built and the
CRF parameter optimization criteria are designed to improve the classiﬁcation
performance. Experiments show that our discrete criteria for CRF parameter
optimization have a better eﬀect on improving the quality of the point cloud
classiﬁcation results, especially the proposed second criterion that based on the
maximization accuracy with interclass weights.
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Related Works

The related works mainly include three aspects: point cloud feature description,
point cloud classiﬁcation based on CRF, and point cloud classiﬁcation based on
pattern analysis.
2.1

Point Cloud Feature Description

The point cloud classiﬁcation is mainly dependent on the local features of each
vertex in the point cloud. The feature vector can be constructed by the 3D
shape contexts and the harmonic shape contexts for point cloud shape recognition methods with high dimension eigenvectors [6]. In order to reduce the
eigenvectors’ dimension, the histogram of the local point cloud feature [7,8] and
the surface feature histograms [9] can be used for analysis. The local features
of the point cloud that used to build the histograms can be points scatterness,
linearity and surfaceness [10]. In addition, normal vectors and the local ﬂatness degree can also be taken as the features for point cloud classiﬁcation [11].
Weinmann et al. [12] proposed a series of local shape features including the
k-nearest neighbor’s height diﬀerence, density, linearity, planarity, scattering,
omni-variance, anisotropy, eigen-entropy, sum of eigenvalues, change of curvature and two-dimensional projection features. Yang et al. [13] proposed using
local point cloud depth, density and deviation angles between normals to build
local feature descriptor for point cloud recognition. Plaza-Leiva et al. [14] gave a
general framework for supervised learning classiﬁers in which the support region
features are deﬁned by the voxels themselves.
2.2

Point Cloud Classification Based on CRF

The Conditional Random Field (CRF) is a probability graph model proposed
by Laﬀerty et al. [15], which can be used to segment or classify sequence data
and text. Then Kumar et al. [16] brought it in computer vision and constructed Discriminative Random Fields for region labeling and classiﬁcation
of natural images. Munoz et al. [17] proposed a 3D point cloud classiﬁcation
method based on Directional Associated Markov Network. Shapovalov et al. [2]
extended this method to Non-Associated Markov Networks to distinguish vegetation points, and in turn a high-order Markov network is built by Najaﬁ et al. [18].
Besides the position coordinates, echo amplitude, echo width and other property
values associated with the vertex can also be used for point cloud classiﬁcation.
Rutzinger et al. [19] used these information to identify the higher plants (trees
and shrubs) better. Niemeyer et al. [20] argued that the CRF is a generalization
of the Markov random ﬁeld, and using CRF is more suitable than the Markov
random ﬁeld. Husain et al. [21] classiﬁed the indoor point cloud by establishing a CRF. Wolf et al. [22] used the random forest classiﬁer to initialize the
unary potentials of the CRF and the parameters related to the pairwise potentials are deduced from the training set, in turn to accomplish indoor point cloud
classiﬁcation. Niemeyerar et al. [23] construct a 2-level CRF model for point
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cloud classiﬁcation, where the second layer can correct the initial classiﬁcation
error. Lang et al. [24] proposed an adaptive CRF model to achieve the outdoor
point cloud classiﬁcation. Ni et al. [25] use reﬂectance-based features, descriptorbased features, and the geometric features for Random Forests in order to classify
airborne laser scanning point clouds.
As a typical classiﬁcation method based on graph discrimination, the graph
structure of CRF makes connections between vertices in the point cloud data
through local neighbors, which in turn to provide a global discriminant learning
model for classiﬁcation. The core of the CRF lies in the construction of the
discriminant model and the eﬃcient parameters optimization. Existing methods
mainly use the idea of discriminant regression to construct the discriminant
model, which cannot make the best of the distribution of point cloud data.
In addition, they mainly use the descending method to solve the parameters,
making the result very sensitive to the initial value, gradient updating rate and
other factors, and the parameter optimization process is ineﬃcient.
2.3

Point Cloud Classification Based on Pattern Analysis

Besides the CRF model, pattern analysis can also be used for point cloud classiﬁcation. In recent years, most commonly used discriminant analysis methods in
the ﬁeld of pattern analysis and machine learning have been preliminarily transferred to apply in point cloud classiﬁcation tasks. Speciﬁcally, Wang et al. [26]
and Zhang et al. [27] used the Latent Dirichlet Allocation model for point cloud
classiﬁcation; Rodrguezcuenca et al. [28] used anomaly detection algorithm to
identify column objects; Deep Convolutional Neural Networks (DCNN) [29] and
spindle descriptors [30] were also proposed for point cloud classiﬁcation method.
Kang et al. [31] employed the geometric features from the point clouds with the
spectral features from the optical images to train an optimal Bayesian network
structure for classiﬁcation. Maligo et al. [32] proposed a two-layer classiﬁcation
model, with the ﬁrst layer that a GMM trained in an unsupervised manner and
the second layer that corresponds to a grouping of the intermediary classes into
ﬁnal classes. Li et al. [33] showed that the local geometric features of the nearest
neighbor tetrahedron volume, Gaussian curvature, point potential energy (neighbourhood normal vectors consistency and the neighbourhood minimum principal
curvature directions consistency) had a good eﬀect on point cloud classiﬁcation.
Based on the pattern analysis of these features, we construct our CRF to achieve
point cloud classiﬁcation and improves the classiﬁcation accuracy.

3

Construction of CRF

In this paper, we use the position coordinate information of the point cloud to
construct the CRF in order to determine the classiﬁcation type of each vertex.
Let (xi , yi , zi ) denote position of the i-th vertex Pi in the point cloud, and
assume that the point cloud data can be divided into m class, denoted by L =
{l1 , l2 , · · · , lm } respectively. First, we need to extract the local shape features of
each vertex in the point cloud.
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Local Shape Features Extraction

The local shape features of the vertex are the basis of the point cloud classiﬁcation [33], and we mainly use the nearest neighbor tetrahedral volume, the
Gaussian curvature, and pairwise potentials as the local shape features for our
classiﬁcation.
Nearest neighbor tetrahedral volume. The nearest neighbor tetrahedral
volume Vi of vertex Pi describes the density and position relation of the nearest
neighbors, which can be calculated as and the mixed product of the three vectors
constructed by three the nearest neighbor P1i , P2i , P3i of the vertex Pi as follows:
Vi =

1 −−−→ −−−→ −−−→
(Pi P1i × Pi P2i ) · Pi P3i 
6

(1)

Gaussian curvature. The Gaussian curvature Ki reﬂects the bending degree of
the local surface where vertex Pi is located, and the value equals to the product
of two principal curvatures k1i and k2i , i.e., Ki = k1i k2i . The calculation of the
principal curvature for the vertex Pi in the point cloud can be approximately
calculated as in [34] based on the position information of the k nearest neighbor
vertices of Pi .
Pairwise potentials. Pairwise potentials reﬂect the relationship between neighborhood pairs, including the neighbourhood normal vectors consistency σi and
the neighbourhood minimum principal curvature directions consistency δi . The
consistency of the normal vectors between an arbitrary vertex Pi and its k nearest
neighbor {Pji , j = 1, 2, · · · , k} can be used directly for point cloud classiﬁcation.
The neighbourhood normals vector consistency σi can be denoted by the variance (θji ) of the cosine of the angles between the normal vector of Pi and normal
vector of its k nearest neighbourhood Pji where j = 1, 2, · · · , k).
1 k
Σ (θj − θi )2
(2)
k j=1 i
→
−
→
→
k
where θji = −
ni·−
n ji and θi = (Σj=1
θji )/k. Here d i is the normal vector of Pi ,
→
−
and n ji is the normal vector of Pji (j = 1, 2, · · · , k).
Similarly, we deﬁne the neighbourhood minimum principal curvature directions consistency δi as
σi =

δi =

1 k
Σ (τj − τ i )2
k j=1 i

(3)

→ →
−
−
→
−
k
where τj = d i · d ji (j = 1, 2, ..., k) and τi = (Σj=1
τji )/k. Here d i is the
→
−
minimum principal curvature direction of Pi , and d ji is the minimum principal
curvature direction of Pji (j = 1, 2, · · · , k).
According to the above equations, we can get the local shape features of
an arbitrary vertex Pi , i.e., the nearest neighbor tetrahedron volume, Gaussian
curvature, and pairwise potentials, and our CRF can be constructed based on
these features.
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CRF Objective Energy Function

Essentially, the CRF is an undirected graph, denoted as G = <V, E>, where
V is the vertices set in which every vertex Pi in the point cloud Ω is taken
as a vertex of the CRF, and E is the edge set. The user can specify an edge
between two points within a certain distance [21]. In our case, considering that
the distances between vertices in the point cloud may be non-uniform due to
the occlusion, this edge deﬁnition may lead to an unconnected graph G, which
makes the number of vertices in a subgraph is too small to determine its local
shape, even with many isolated points. Therefore, we use the k nearest neighbors
{Pji , j = 1, 2, · · · , k} of vertex Pi to deﬁne k edges correspondingly. Note that
for vertex Pi and vertex Pj , Pj may be one of Pi ’s k nearest neighbors, while
the reverse may be not true. For each vertex in the graph G, the corresponding
degree is no less than k. The typical value of k is 20 in our tests.
As CRF G has the Markov property, i.e., the local shape at any vertex Pi is
mainly determined by the Pi ’s nearest neighbor vertices Pji , we can construct
the objective energy function E(L, Ω; w) based on our extracted features with the
neighborhood volume Vi , the Gaussian curvature Ki , the point potential energy
(including the neighbourhood normal vectors consistency σi and the neighbourhood minimum principal curvature directions consistency δi ) as follows:
(l)

(l)

(l)

(l)

E(L, Ω; w) = w1 Vi + w2 Ki + w3 σi + w4 δi
(l)

(l)

(l)

(4)

(l)

Deﬁne w = {w1 , w2 , w3 , w4 }, and the optimal solution of w can be
obtained by maximizing the following conditional probability P (L|Ω, w) [21].
P (L|Ω, w) =

eE(L,Ω;w)
Σl∈L eE(L,Ω;w)

(5)

The optimization process of conditional fandom ﬁeld (CRF) parameter w can
be found in Sect. 3.4, and the ﬁnal optimized CRF parameter value is denoted
as w∗ .
3.3

Point Cloud Classification

For the given point cloud Ω and the CRF parameter w∗ , the vertex is classiﬁed
according to the maximum value of the calculated posterior probability [21].
L∗ = arg max P (L|Ω, w∗ )
l∈L

(6)

If both the vertices number n and the classiﬁcation number m are large, then
the number of CRF parameters will be larger, and the computational complexity will be higher. In this case, belief propagation algorithm can be used for
approximate calculation [35].
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Parameter Learning

Parameter optimization is the core to the CRF. For a given training set Ω0 and
the identity labels of each vertex L0 , the likelihood function can be constructed
by regularized log likelihood probability [21,36].
L(w) = λw2 − Σli ∈L0 ln P (li |Pi ; w)

(7)

And then we use the gradient method to get the optimal solution. The criterion for CRF parameter optimization in Eq. (7) is the maximum of the correct
classiﬁcation probability (the minimum of the likelihood function). However, the
classiﬁcation accuracy (i.e.,the number of correctly classiﬁed vertices) is usually
taken as the main criteria for evaluating the classiﬁcation methods, while minimizing the likelihood function does not necessarily lead to the maximum of classiﬁcation accuracy. Therefore, we propose a new parameter optimization criterion
to maximize the classiﬁcation accuracy ε(w), called the parameter optimization
criterion I, i.e.
(8)
w∗ = arg max ε(w)
The discrete calculation of this parameter optimization criterion is in the following form:
m

where

n

1
1 
ε(w) = N (w) =
Ψ (lj = l∗ )
n
n j=1 i=1

(9)

l∗ = arg max{P (l1 |Pi ; w), · · · , P (lm |Pi ; w)}

(10)

and the explicit function Ψ is:
∗

Ψ (li = l ) =



1, li = l∗
0, li = l∗

(11)

Our criterion I in Eq. (8) is a discrete optimization problem that is not suitable to solve by the gradient method, while Monte Carlo (MC) Method [37] can
be used for the parameter inference.
The problem of the parameter optimization criterion Eq. (7) that is commonly
used in the literature, is that the classiﬁcation accuracy is not guaranteed even
when the sum of the probability of correct classiﬁcation of the whole vertices is
the maximum. Our parameter optimization criterion I is the discrete optimization criterion based on the optimal classiﬁcation accuracy, and can obtain better classiﬁcation result. However, this criteria I (Eq. (8)) may lead to relatively
lower classiﬁcation accuracy of the small scale vertices set for the case that the
diﬀerent classes with great disparity in number. In view of this defect, we propose another parameter optimization criterion that maximizes the accuracy with
interclass weights, which is called the parameter optimization criterion II, i.e.,
w∗ = arg

max ε2 (w)

(12)
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Here, ε2 (w) is called interclass weighting accuracy, and denoted as

 n
m
1  1 
∗
ε2 (w) =
Ψ (lj = l )
m j=1 nj i=1

(13)

where nj is the number of vertices of the lj class for the training set, and l∗ is
calculated according to the Eq. (10). Compared with our criterion I (Eq. (8)), our
criterion II (Eq. (12)) pay more attention to the accuracies of diﬀerent classes
to balance the overall classiﬁcation accuracy.
3.5

Flowchart of Our Algorithm

Figure 1 shows the ﬂowchart of our algorithm, which mainly include two stages:
the training stage and the testing stage. The target of the training stage is to calculate the CRF parameters of objective energy function, in order to using in the
testing stage to acquire the classiﬁcation result. On the training stage, we construct CRF from the input training set of point cloud, extract the features, and
use one of our criteria to calculate the CRF parameters of the objective energy
function iteratively. Stopping iterations has two conditions: (1) The changing
of objective energy function value is less than the user-speciﬁed threshold; (2)
The number of iterations reaches a maximum value that the user sets, as we
have tested that when the iteration times is large enough, the improvement of
optimized result tends to be stable and has little eﬀect after each iteration.
When the iteration is stopped, the corresponding optimized parameters’ values
are recorded, and if not, we use Monte Carlo method to get a new group of
parameters for the next iteration. On the testing stage, we still ﬁrstly extract
the features, and then use those CRF parameters obtained from the training
stage to classify the testing set directly to generate the ﬁnal classiﬁcation result.

Fig. 1. Flowchart of our algorithm. The blue arrows guide the workﬂow of the training
stage, while the red arrows guide the workﬂow of the testing stage. (Color ﬁgure online)
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Experiments

All the experiments are done on a laptop computer, with an Intel Core
i7-4710MQ CPU@2.50 GHz processor and 4.0 G memory. Our algorithm is implemented in C/C++ language with OpenGL to classify outdoor point cloud data.
Usually outdoor point cloud data contain plants/vegetation information, so the
main goal of our experiments is to distinguish the plants/vegetation area from
the scene. We tested multiple point clouds sets with diﬀerent sizes, diﬀerent
sources, and diﬀerent complexities.
4.1

Classification of Terrestrial Lidar Scanning Point Cloud

Distinguishing the plants and the ground from the terrestrial LiDAR scanning
point cloud is vital to environmental analysis and geographical investigation.
A natural scene data opened by the French Nicolas Brodu point cloud classiﬁcation
work [38] is employed in our experiments, referred as Canupo point cloud data.

(a) The groundtruth of the classification.

(b) Classification result based on our criterion I.

(c) Classification result based on our criterion II.

Fig. 2. Ground and vegetation classiﬁcation result of Canupo point cloud. The data is
from http://nicolas.brodu.net/en/recherche/canupo/.
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The Canupo data is made up of the ground data and plants data, as shown in
Fig. 2(a), where the ground point cloud includes 40069 vertices and the plants point
cloud is made up of 4608 vertices. The white part in the scene is the missing point
cloud caused by occlusion. Figure 2(b) and (c) are the results of our methods, which
can separate ground and plants in general. In the ﬁgures, the blue vertices denote
the ground vertices that are wrongly classiﬁed as plants, while the red vertices
denote the plants vertices that are wrongly classiﬁed as the ground.
The total classiﬁcation accuracy based on our criterion I is 87.3%, and the
corresponding confusion matrix is shown in Table 1; the total classiﬁcation accuracy based on our criterion II is 84.58%, and the corresponding confusion matrix
is shown in Table 2. Both the classiﬁcation accuracies are close to each other.
Table 1. The confusion matrix of our classiﬁcation of Canupo point cloud based on
our criterion I.
Ground

Plants

Total

Ground 34598(86.35%) 5471(13.65%) 40069
Plants

203(4.41%)

4405(95.59%)

4608

Table 2. The confusion matrix of our classiﬁcation of Canupo point cloud based on
our criterion II.
Ground

Plants

Total

Ground 33293(83.09%) 6776(16.91%) 40069
Plants

4.2

114(02.47%) 4494(97.53%)

4608

Classification of Airborne LiDAR Scanning Point Cloud

Unlike terrestrial LiDAR scanner, the airborne LIDAR scanner has a larger scan
range, and the captured point clouds are primarily on the top of the objects. In
this section, an airborne scanning scene (abbreviated as GM LA point cloud data)
which comes from the Graphics and Media Lab (GML) at Lomonosov Moscow
State University in Russia is used for our classiﬁcation tests. The laboratory used
non-joint Markov network method [2] for point cloud classiﬁcation, accompanied
by an accurate result of the point cloud classiﬁcation. The GM LA point cloud
data contains 1, 002, 668 vertices, where the plants point cloud includes 539799
vertices and the remaining vertices number is 462869, as shown in Fig. 3(a).
For GM LA point cloud data, the total classiﬁcation accuracy based on our criterion I is 78.05% with the classiﬁcation result in Fig. 3(b), and the corresponding
confusion matrix is shown in Table 3; the total classiﬁcation accuracy based on our
criterion II is 78.58% with classiﬁcation result in Fig. 3(c), and the corresponding
confusion matrix is shown in Table 4. From our experiments, we can see that the
classiﬁcation accuracies based on our two criteria are almost same.
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(a) The groundtruth of the classification.

(b) Classification result based on our criterion I.

(c) Classification result based on our criterion II.

Fig. 3. Ground and vegetation classiﬁcation result of GM LA point cloud The data is
from http://graphics.cs.msu.ru/en/node/922.
Table 3. The confusion matrix of our classiﬁcation of GM LA point cloud based on
our criterion I.
Ground
Ground 416068(89.89%)
Plants

Plants

Total

46801(10.11%) 462869

173309(32.11%) 366490(67.89%) 539799

Table 4. The confusion matrix of our classiﬁcation of GM LA point cloud based on
our criterion II.
Ground
Ground 412396(89.10%)
Plants

Plants

Total

50473(10.90%) 462869

164299(30.44%) 375500(69.56%) 539799

For the comparison on the testing set, we take another piece of point cloud
data (abbreviated as GM LB point cloud data) from the Graphics and Media
Lab (GML) at Lomonosov Moscow State University, and divide GM LB into
GM LB training point cloud data and GM LB testing point cloud data. The
GM LB training point cloud data includes 1544660 vertices, in which 1389385
vertices represent the ground, 155275 vertices are plants as shown in Fig. 4(a),
and the GM LB testing point cloud data consists of 1160717 points, in which
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1032766 vertices are the ground part accounting for 88.98%, and 127951 vertices
are plants accounting for 11.02% as shown in Fig. 4(a). Please note that both
the training point cloud data and the testing point cloud data include 3 blocks
with 2 obvious blanks between them.

(a) The groundtruth of GM LB training point cloud data.

(b) The groundtruth of GM LB testing point cloud data.

(c) Classification of GM LB testing point cloud data based on our criterion I.

(d) Classification of GM LB testing point cloud data based on our criterion II.

Fig. 4. Classiﬁcation result of ground and plants in GM LB point cloud data. The data
is from http://graphics.cs.msu.ru/en/node/922.

According to our criterion I (Eq. (8)), the classiﬁcation result of GM LB
testing point cloud data after parameters optimization is shown in Fig. 4(c) with
the classiﬁcation accuracy of 94.16%. Although the classiﬁcation accuracy is
relatively high, the classiﬁcation for plants point cloud is very bad seen from the
corresponding confusion matrix (Table 5): many vertices belonging to the plants
are wrongly classiﬁed as the ground, which are shown as the red dots in Fig. 4(c).
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Table 5. The confusion matrix of our classiﬁcation of GM LB testing point cloud data
based on our criterion I.
Ground

Plants

Ground 1015321(98.31%) 17445(1.69%)
Plants

50398(39.39%) 77553(60.61%)

Total
1032766
127951

By using our criterion II (Eq. (12)) to evaluate the parameters for the GM LB
testing point cloud data, the result is shown in Fig. 4(d). The total classiﬁcation
accuracy is 78.1%, which is lower compared to the result based on our criterion I
(Eq. (8)). However, the classiﬁcation accuracy for plants is increased from 60.61%
to 94.41%, with the classiﬁcation accuracy for the ground preserving at an acceptable rate 76.09% as shown in Table 6.
Table 6. The confusion matrix of our classiﬁcation of GM LB testing point cloud data
based on our criterion II.
Ground

Plants

Total

Ground 785858(76.09%) 246908(23.91%) 1032766
Plants

4.3

7152(5.59%)

120799(94.41%)

127951

Classification for Branches and Leaves of Tree Point Cloud

Another kind of experiments is to distinguish the branches and leaves from the
tree point cloud collected by ourselves. The tree point cloud is scanned from a
pine tree, denoted as P ine1 which consists of 487, 555 points with 27, 763(5.7%)
branches vertices and 459, 792(94.3%) leaf vertices as shown in Fig. 5. We choose
part vertices from the P ine1 for training to obtain CRF parameters.
The classiﬁcation results are shown in Fig. 6. The top row is the classiﬁcation
result based on our criteria I (Eq. (8)) with the classiﬁcation accuracy of 86.79%,
and the bottom row is the classiﬁcation result based on our criterion II (Eq. (12))
with the classiﬁcation accuracy of 71.79%. By comparing the confusion matrix
Tables 7 and 8 corresponding the classiﬁcation results based on our two criteria
respectively, we can see that the classiﬁcation accuracy for the branches is much
lower based on our criterion I. For the classiﬁcation result based on our II, the
classiﬁcation accuracy for both branches and leaves are good with a slight loss
on the overall classiﬁcation accuracy compared to using our criterion I. This
means the classiﬁcation method based on the our criteria II can better balance
classiﬁcation the accuracy between the various classes and more stable to achieve
a satisﬁed classiﬁcation result.
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Fig. 5. Point cloud P ine1.

Fig. 6. The classiﬁcation results of poind cloud P ine1. The top row (a–e) shows the
classiﬁcation results based on our criterion I (Eq. (8)), and the bottom row (f–j) shows
the classiﬁcation results based on our criterion II (Eq. (12)). From the left to right
in each row, the subgraphs are correct branches point cloud, branches point cloud
that wrongly classiﬁed as leaves, leaves point cloud that wrongly classiﬁed as branches,
correct leaves point cloud, and the result combining the four previous subgraphs respectively.
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Table 7. The confusion matrix of our classiﬁcation for branches and leaves of P ine1
based on our criterion I (Eq. (8)).
Branches
Branches
Leaves

424(1.53%)

Leaves
27339(98.47%)

Total
27763

37066(8.06%) 422726(91.94%) 459792

Table 8. The confusion matrix of our classiﬁcation for branches and leaves of P ine1
based on our criterion II (Eq. (12)).
Branches
Branches
Leaves

4.4

Leaves

25098(90.40%)

2665(9.60%)

Total
27763

134898(29.34%) 324894(70.66%) 459792

Performance Analysis

Computational complexity analysis. In order to quickly and accurately
extract the features based on k nearest neighbors of each vertex, we use the
Kd-tree [39] for data organization, and calculate the normal vectors and the
main curvature directions by the method [34]. The complexity of constructing
Kd-tree is O(n), and the complexity of the k nearest neighbors query is
O(log(n)), leading to the complexity of the normal vectors calculation and main
curvature directions calculation are both O(nlog(n)). In the training stage, the
iterations for parameter learning is related to the convergence rate of the Monte
Carlo algorithm in the data classiﬁcation, and each iteration is O(1). In the testing stage, the complexity of the feature extraction is the same with the training
stage, and the classiﬁcation process is O(1) level, making the whole algorithm is
linear logarithm O(nlog(n)).
The relationship between the iteration and the accuracy. We uses the
Canupo and GM LA point clouds data to illustrate the relationship between the
iteration and the accuracy. The size of these two poind clouds are quite diﬀerent,
but in the process of obtaining the optimal CRF parameters during the training
stage, we ﬁnd that both the numbers of iterations to achieve the best accuracy
are close to each other. As shown in Fig. 7, when the number of iterations reaches
100, both the accuracies increasing rates become slow.
4.5

Comparison with Other Works

One of the recent works in point cloud classiﬁcation is based on the probability mixture method [33]. We test this probability mixing method to classify
the GM LB point cloud data, and the result is shown in Fig. 8 with he confusion matrix shown in Table 9. Comparing Fig. 8 to Fig. 4(c) and (d), we can see
that all classiﬁcation eﬀects are very well. Calculated from Table 9, the total
classiﬁcation accuracy of [33] is 97.29%, which is slightly higher than both the
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Fig. 7. The relationship between the iteration and the accuracy in the training stage.

Fig. 8. GM LB point cloud classiﬁcation results based on [33].

classiﬁcation accuracies based on our criterion I and criterion II (94.16% and
78.11% respectively). Compare Table 9) with Table 5, we can ﬁnd that the classiﬁcation accuracies for both the ground and plants based on probability mixture
method [33] are slightly higher than the method based on our criterion I.
Table 9. The confusion matrix of GM LB point cloud classiﬁcation results based
on [33].
Ground
Ground 1032248(99.95%)
Plants

Plants
518(0.05%)

30957(24.19%) 96994(75.81%)

Total
1032766
127951

However, comparing the confusion matrix Table 9 with Table 6, we can see
that classiﬁcation accuracy for plants on GM LB point cloud based on [33] is
signiﬁcantly inferior to the method based on our criterion II. The main reason is
that the vertices number of plants is much smaller than the vertices number of the
ground, and most of the methods such as [33] are based on the idea of maximizing
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the total accuracy, which makes them a priority to the classiﬁcation accuracy of
larger subclass and ignore the classiﬁcation accuracy of smaller subclass. Based
on our criterion II), we can classify small scale class better in the point cloud
with great disparity in number between diﬀerent classes.

5

Discussion of Criteria Design

Our criterion I and criterion II are designed according to the idea of maximizing
the classiﬁcation accuracy and maximizing accuracy with interclass weights. In
fact, we can also design other criteria for classiﬁcation. For example, in order to
classify the data point cloud into two classes, we can design the criterion of maximizing the ﬁrst class classiﬁcation accuracy (denoted as parameter optimization
criterion III) or the criterion of maximizing the second class classiﬁcation accuracy (denoted as parameter optimization criterion IV ) as follows.
Parameter optimization criterion III:
 n

1 
∗
∗
Ψ (l = 1)
(14)
w = arg max
n1 i=1
Parameter optimization criterion IV :
∗

w = arg

1
max
n2



n



∗

Ψ (l = 2)

(15)

i=1

where the l∗ is calculated as Eq. (10) both in criterion III and criterion IV .
We use two experiments to compare the classiﬁcation eﬀects of our four
parameter optimization criteria. The ﬁrst experiment uses another pine tree,
denoted as P ine2 as shown in Fig. 9. The scanned point cloud P ine2 includes
269366 vertices, and the manual segmentation results are 20654 branches vertices
and 248712 leaves vertices shown in Fig. 10. The corresponding classiﬁcation
accuracies for four criteria are shown in Table 10, where our ﬁrst three criteria

Fig. 9. The manual classiﬁcation result (groundtruth) of point cloud P ine2.
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Fig. 10. The classiﬁcation results of point cloud P ine2 based on our four criteria, each
row corresponding one criterion and from top to bottom are criterion I, II, III, and
IV respectively. From the left to right in each row, the subgraphs are correct branches
point cloud, branches point cloud that wrongly classiﬁed as leaves, leaves point cloud
that wrongly classiﬁed as branches, correct leaves point cloud, and the result combining
the four previous subgraphs in sequence.

can classify the branches better, and the criterion IV can classify leaves with
best accuracy (79.61%).
Another experiment is on the multiple pines point cloud, denoted as F orest
with the scan data shown in Fig. 11. F orest consists of 556, 308 vertices with
manual segmentation of 151473 tree branches vertices and 414835 leaves vertices.
The classiﬁcation results based on our four criteria are shown in Fig. 12, and the
corresponding classiﬁcation accuracies are shown in Table 11, where the results
are similar to the experiment on P ine2, that is, the ﬁrst three criteria can extract
the branches is better, and the criterion IV can classify the leaves with best
accuracy (86.63%).
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Table 10. The comparison of four confusion matrices corresponding the classiﬁcation
results of P ine2 based on our four criteria.
P ine2

Classify branches Classify branches Classify leaves
as branches
as leaves
as branches

Classify leaves
as leaves

Criterion I

66.77%

33.23%

33.23%

66.77%

Criterion II

93.20%

6.80%

34.37%

65.63%

1.45%

51.16%

48.84%

97.81%

20.39%

79.61%

Criterion III 98.55%
Criterion IV

2.19%

Table 11. The comparison of four confusion matrices corresponding the classiﬁcation
results of F orest based on our four criteria.
F orest

Classify branches Classify branches Classify leaves
as branches
as leaves
as branches

Classify leaves
as leaves

Criterion I

76.35%

Criterion II

84.12%

23.65%

33.72%

66.28%

15.88%

38.44%

61.56%

Criterion III 93.45%

6.55%

56.95%

43.05%

Criterion IV

95.93%

13.37%

86.63%

4.07%

Fig. 11. The manual classiﬁcation result(groundtruth) of point cloud F orest.

From these two experiments, we can see that our criterion I and criterion
II are comparable in the overall classiﬁcation eﬀect, while criterion II can
balance the classiﬁcation accuracies between diﬀerent classes. Criterion
uppercaseiv has the best eﬀect on the separation of the leaves, but the classiﬁcation of the branches is not very well; on the contrary, our criterion III can
distinguish the branches better, but the classiﬁcation of the leaves is less than
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Fig. 12. The classiﬁcation results of point cloud F orest based on our four criteria, each
row corresponding one criterion and from top to bottom are criterion I, II, III, and
IV respectively. From the left to right in each row, the subgraphs are correct branches
point cloud, branches point cloud that wrongly classiﬁed as leaves, leaves point cloud
that wrongly classiﬁed as branches, correct leaves point cloud, and the result combining
the four previous subgraphs in sequence.

our criterion I and criterion II. When focusing on the extraction of a special
class, criterion III and criterion IV can be taken as supplement control methods, and in common case, our criterion I and criterion II can satisfy our needs
better.

6

Conclusion

In this paper, we have proposed new parameter optimization criteria in order to
overcome the problem of current methods that maximizing the correct classiﬁcation probability cannot guarantee the high classiﬁcation accuracy. For the point
cloud data, when the vertices numbers belong two classes of the point cloud data
are not very diﬀerent, our criterion I and criterion II can achieve better classiﬁcation eﬀects than previous methods; when diﬀerent classes sets have great
disparity in number, our criterion II can balance the accuracies between classes,
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and make the recognition of the class with small vertices number achieve better
classiﬁcation accuracy. Our criterion III and criterion IV can be used as supplement control methods for better classiﬁcation on some special classes. Since
all the parameter optimization criteria are discrete, the Monte Carlo method
can be used for the parameter optimization process. Our algorithm is simple
with the convergence of the algorithm a little slow. The eﬃcient solution of our
discrete parameter optimization problem could be an important direction in the
follow-up studies.
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