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Abstract
Point clouds have ability to express the spatial entities, however, the point clouds redundancy always involves
some uncertainties in computer recognition and model construction. Therefore, point clouds thinning is an indispensable step in point clouds model reconstruction and other applications. To overcome the shortcomings
of complex classification index and long time consuming in existing point clouds thinning algorithms, this
paper proposes a point clouds fast thinning algorithm. Specifically, the two-dimensional index is established in
plane linear array (x, y) for the scanned point clouds, and the thresholds of adjacent point distance difference
and height difference are employed to further delete or retain the selected sample point. Sequentially, the index
of sample point is traversed forwardly and backwardly until the process of point clouds thinning is completed.
The results suggest that the proposed new algorithm can be applied to different targets when the thresholds are
built in advance. Besides, the new method also performs superiority in time consuming, modelling accuracy
and feature retention by comparing with octree thinning algorithm.
Keywords
Fast Thinning Algorithm, Model Deviation, Point Clouds Thinning, Octree Thinning Algorithm, Thinning Rate,
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1. Introduction
Point clouds can be scanned directly from light detection and ranging (LIDAR) technique or obtained
indirectly through multiple view registration of images. At most previous studies, point clouds based on
LIDAR and images have been widely used in digital elevation model (DEM) generation, antiquities
protection, industrial collision detection and related domains [1-3]. In general, point clouds have ability
to express the spatial entities. Meanwhile, the acquisition of point clouds has advantages of real-time and
extensive. In terms of complex target modelling, the number of point clouds may reach ten-million level.
It not only has no substantial benefits for the expression of the target, but also brings some difficulties to
the computer recognition and storage. Accordingly, on the premise of ensuring the integrity and accuracy
of target features, it’s important to remove redundant points for three-dimensional (3D) reconstruction
and explicit expression. The purpose of point clouds thinning is to remove the large amount of redundant
points and retain the characteristics of points. Currently, there has been proposed many point clouds
thinning algorithms [4-6]. The core of point clouds thinning is how to build the spatial index efficiently
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based on the adjacent point information. In theory, the model with low degree of complexity has the
disadvantage of low thinning accuracy and the model with high degree of complexity usually involves
more computing times. As a result, a fast and accurate thinning algorithm is essential for small and
medium-sized users.
In order to solve above problems, this paper proposes a point clouds fast thinning algorithm. The twodimensional (2D) index is established for the plane linear array (x, y). Firstly, the distance difference
between adjacent sample points is taken as the validate condition. The distance difference threshold of
point clouds thinning is set to mark whether the selected sample point is deleted or retained. Sequentially,
the height difference of marked points is employed to further analysis. The height difference threshold is
set to investigate whether the height difference of marked points is larger than the height difference
threshold. After that, retaining the points less than the threshold and deleting the points greater than the
threshold. Finally, traversing all the index of sample points forwardly and backwardly, and completing
the point clouds thinning. Differ from the data density reduction (DDR) algorithm proposed by [7], our
algorithm can effectively detect the changes of sample points in horizontal and vertical directions.
Overall, our contributions can be summarized as follows:
- We propose a point clouds fast thinning algorithm, aiming to overcome the shortcomings of low
thinning accuracy and more computing time by previous algorithms, and it’s suitable for the small
and medium-sized users.
- Differ from previous algorithms, the proposed method has the advantage of simple 2D index, and
it bypasses complex process of index establishment and longer thinning time.
- In the validation of point clouds modelling, the proposed new algorithm has reached an accuracy
comparable level by comparing with octree-based region growing algorithm.
This paper is structured as follows. Section 2 discusses the related work. Section 3 presents the methodology and data. The following Section 4 gives the results. In Section 5, the results are discussed. And
the last section draws the conclusion of our research.

2. Related Work
For the research of point clouds thinning, there are several proposed algorithms. The enveloping box
method builds enveloping boxes by obtaining the spatial range of point clouds, aiming to subdivide small
enveloping boxes. After that replacing all points in the enveloping boxes with the barycenter points or
the points closest to the barycenter [8]. The spatial index of enveloping box method is so simple that the
feature points of targets are removed [9]. The random sampling method is to develop a multivariate
random function according to the features of point clouds, and generate a set of random numbers. The
core of mentioned method is to delete the points corresponding to these random numbers until the number
of point clouds meets the users’ requirements. However, the random sampling method often involves
randomness, which will greatly reduce the accuracy of point clouds representation [10]. The curvature
sampling method relies on the curvature threshold of point clouds, and it can retain the target local feature
points. However, the curvature sampling method usually spends long computing time in index establishment, which weakens the efficiency of point clouds processing [11,12]. The algorithm named octree for
point clouds thinning is to build root node and child nodes, aiming to thin the points in child nodes that
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closest to the mean of point normal vectors [13,14]. The accuracy of point clouds thinning by this method
is higher than other methods, but the main drawback of this method is involved more threshold inputs. In
addition, the computing times of octree method is large, which causing a high memory consumption.
Therefore, for small and medium-sized users, it’s necessary to choose a point clouds thinning algorithm
with small computing footprint, simple spatial index and accurate feature retention.
According to the above point clouds thinning algorithms, the optimal methods with different degree of
complexity are developed. In the research of [15], a global clustering point clouds thinning algorithm is
defined by gathering the subset of original points according to the specified thinning rate. Although the
number of points has achieved the specific level, the low accuracy of approximated point to model
distances is involved and long time to build the spatial index of point is inevitable. A new point clouds
thinning method is proposed by [16], the thinning process is completed by maintaining the position of
feature points and removing the selected points based on the range of target points. The new method can
obtain the points with high thinning rate, but it only works well for individual forms of point clouds.
Following the research of [17], a point clouds thinning algorithm based on the normal vectors is
conducted to retain the point clouds boundaries. The mentioned method adopts octree index to build the
spatial topology relationship, and the boundary points are retained using a simple and effective method.
The time complexity is involved in their study, although it performs a better thinning rate and accuracy
compared with previous work. The planar simplification and triangulation algorithm is developed by
Whelan et al. [18], which is capable of running in real-time while producing a segmentation faithful to
what would be achieved using a batch segmentation method. However, the simplicity of spatial index is
a blemish that they still need to further consider.
In general, the above statements of previous studies have pointed out three issues in the current point
clouds thinning algorithms. Firstly, the time complexity is usually involved in the complex structure of
point clouds, which involves more computing times than simple spatial index. Secondly, the feature of
point clouds boundaries are usually removed in the thinning process, it’s crucial to retain the feature
points for well expression. The last and most important is that a simple and accurate point clouds thinning
algorithm is always needed in different application fields for small and medium-sized users.

3. Methodology and Data
3.1 Fast Thinning Algorithm
In this study, considering the computing times and spatial complexity of point clouds thinning method,
a fast thinning algorithm with simple index and acceptable accuracy is proposed. The point clouds fast
thinning algorithm adopts the method of spatial index judgment. Since the initial point clouds spatial
index is well structured, the 2D index needs to be established for scanned point clouds plane (x, y). The
purpose of establishing 2D index is mainly to record the position of sample points in the 2D plane and
increase the position attributes of sample points. The point clouds are scanned in small horizontal (X)
steps and large vertical (Y) steps, which means the index spread over the sample points follows a serpentine pattern.
Besides, taking adjacent point clouds distance difference threshold (ds) and height difference threshold
(dh) as the conditions of the determination of valid point. Actually, ds and dh are joint conditions, only if
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these conditions are satisfied can we make a further judgment. After the judgment conditions are
executed, the operation of deleting and retaining sample points can be carried out. Finally, traversing all
the sample point index and completing the point clouds thinning. The flow of point clouds fast thinning
algorithm is shown in Fig. 1, where n is the number of point clouds. In theory, a forward traverse is
required for all sample points in the process of point clouds thinning, and the valid and invalid points can
be directly interpreted. However, a single traverse cannot guarantee all the remaining valid points exceed
the distance difference threshold and height difference threshold. Therefore, the backward traverse is
adopted after the forward traverse, which means the index traverses from n to 1.
Specially, the proposed point clouds fast thinning algorithm can be summarized as follows:
Step 1. Build the initial 2D plane index (x, y) for the scanned point clouds.
Step 2. Calculate the plane distances of neighbor points, and record corresponding height information.
Step 3. Set the plane distance difference threshold, and traverse forwardly to select the points under the
threshold.
Step 4. Set the height difference threshold, to further judge the selected points.
Step 5. Backward traverse, to find the valid points based on the forward traverse results.
Step 6. Update the point index, to retain the valid points.

Fig. 1. The flowchart of point clouds fast thinning algorithm.

(a)

(b)

(c)

Fig. 2. The 3D view of point clouds for (a) Stanford rabbit, (b) open-pit mine, and (c) residential area.
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3.2 Data
In order to validate the stability and efficiency of proposed algorithm, the point clouds datasets with
different feature and number are used in this paper. The Stanford rabbit has a small number of point
clouds and obvious curvature changes. The slope surface point clouds are located in an open-pit mine,
the number of which is huge and intervals are small. The residential area, including a large number of
point clouds and large intervals. The 3D view of these datasets are presented in Fig. 2. In this paper, the
platform of thinning is MATLAB and the computer is configured with Core i5 4G, which conforms to
the basic configuration requirements of small and medium-sized users. Besides, it also highlights the
superiority of our proposed fast thinning algorithm in low configuration.

4. Results
Due to the initial point clouds intervals of three datasets are different, different distance and height
thresholds need to be applied to different targets. For the Stanford rabbit, the curvature changes
obviously. Meanwhile, the size of Stanford rabbit is small and point clouds are dense, so the distance
difference threshold is set at centimeter level and the magnitude of height difference threshold is less than
distance difference threshold. The curvature of open-pit mine point clouds are approximately 90° and the
overlap of elevation is high, so the height difference threshold need to consider this factor. The residential
point clouds are scanned from airborne LIDAR, the plane point interval is large and the distance
difference threshold should be increased. In addition, the quality of point clouds thinning is evaluated by
the visualization of point clouds, the retention of point clouds details and the thinning rate. The detail
information before and after point clouds thinning is shown in Table 1.
It can be learned from Table 1 that the number of point clouds changes significantly before and after
thinning, and the thinning rate of rabbit has reached 82%, while the residential area is only 55%. The
reason lies in the establishment of thinning threshold, that is, the setting of distance and height difference
thresholds will greatly affect the efficiency of point clouds thinning. Certainly, the setting of thresholds
is a reasonable judgment made by users based on their own point clouds information. In addition, it’s
easy to find the time of fast thinning algorithm proposed in this paper is short. For small and mediumsize users, the time of point clouds thinning within 1 second is completely acceptable.
Table 1. The detail information before and after point clouds thinning
Numbers of
original point
clouds

Threshold (m)

Numbers of
thinned point
clouds

Rate (%)

Time (s)

35,947

ds = 0.05, dh = 0.1

6,557

82

0.173

Mine

92,583

ds = 0.5, dh = 0.8

28,199

70

0.265

Residential area

683,204

ds = 1.5, dh = 0.5

308,865

55

0.448

Data
Rabbit

In general, the thinning rate can judge the efficiency of point clouds thinning, and the thinning time
has ability to describe the complexity of the algorithm. The most important thing is whether the thinned
point clouds have an influence on the later application. To further illustrated, the 3D view of point clouds
after thinning is shown in Fig. 3.
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From Fig. 3 we can find that the original contours of three datasets are retained, and the curvature
characteristics of original point clouds are well preserved. Due to the large number of point clouds in
residential areas, the point clouds after thinning is not obvious on the display of Stanford rabbits. It’s
more representative for open-pit mine, because the original point clouds are dense. The number of point
clouds in the part of few point clouds remains unchanged, which makes the characteristics of point clouds
be well preserved. Since the open-pit mine point clouds perform the best visualization and with large
enough area, we only adopt the open-pit mine point clouds as the test object for the comparison with
other algorithms.

(a)

(b)

(c)

Fig. 3. The 3D view of thinned point clouds of (a) Stanford rabbit, (b) open-pit mine and (c) residential area.

5. Discussion
5.1 Point Clouds Visualization
In order to test the stability of our proposed algorithm, the octree-based region growing algorithm is
adopted to compare with the fast thinning algorithm [6]. The octree-based region growing algorithm is
demonstrated to be a robust method with accurate thinning results, and this method is cited by many other
studies. It should be also emphasized that consider the scale and characteristics of original point clouds,
the open-pit mine is involved for the further analysis. Although the threshold setting of our proposed
algorithm is different from the contrast one, the height difference threshold of fast thinning method can
be approximately regarded as the height of closed minimum cube in octree-based region growing
algorithm. Thereafter, the size threshold of the minimum voxel used in octree method can be regarded as
the distance difference threshold of the fast thinning method. Therefore, following the above rules, we
have enough reasons to compare two different algorithms. Specifically, the octree-based region growing
algorithm taking the segmented nodes as index, but the principle of the segmented node is similar to that
of the sample points in the fast thinning algorithm. By means of the above threshold setting, the point
clouds of open-pit mine are thinned by our proposed method and octree-based region growing algorithm,
respectively. The comparison of point clouds thinning by above two algorithms are shown in Table 2.
Table 2. Comparisons of two thinning algorithms
Algorithm
Octree-based region growing
Fast thinning

Original
point clouds
numbers
92,583

Thinned
point clouds
numbers
34,083

92,583

37,923

Rate
(%)

Time
(s)

Operatio
n times

63

17.3

t ≤ 2*n

Memory
profiler
(%)
33

61

0.3

t ≤ 8*n

26
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From Table 2 we can learn that the fast thinning algorithm proposed in this paper is superior to the
octree-based region growing algorithm in thinning time. Meanwhile, the thinning rate of fast thinning
method is similar to octree-based region growing algorithm. The advantage in thinning time is mainly
reflected in the simple index and less computing times. In addition, the memory profiler of octree-based
region growing occupies 33%, and our proposed algorithm is 26%. This lies in the method of spatial
index established and the times of index traversed, this also demonstrates the simplicity of our fast
thinning algorithm. It can be seen that the advantage of octree-based region growing algorithm lies in the
construction of spatial index (see Fig. 4). In terms of visualization, octree-based region growing algorithm
has a more compact organization, while fast thinning algorithm behaves more chaotic than former. Point
clouds are ultimately used in model reconstruction and other applications, so we will further validate the
visualization of point clouds model.

(a)

(b)

Fig. 4. Point clouds visualization by (a) octree-based region growing algorithm and (b) our proposed fast
thinning algorithm.

5.2 Model Visualization
In order to avoid the subjectivities in point clouds visualization, we model the two kinds of thinned
point clouds, respectively. The cubic method with interpolation function is adopted for point clouds
modelling [19,20]. The visualization of modelled point clouds by above two algorithms are presented in
Fig. 5. There is no significant difference in the point clouds model and the contour of entire target. Although
the point clouds visualization in Fig. 4 is different, the model reconstruction result is basically similar.

(a)

(b)

Fig. 5. The point clouds model construction using thinned point clouds by (a) octree algorithm (b) our
proposed algorithm.
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The above comparison is presented in a 2D view, and it’s difficult to observe the detail changes in local
contours. Consequently, we extract the contours of thinned point clouds, which is shown in Fig. 6. The
contours are defined by x and y coordinates, and points with the same elevation are connected into a
curve. That means contours have advantage in the expression of variations in different height layers. The
contours variation in high region is basically identical, and there is a small deviation in the central region.
The bottom contours produced by fast thinning algorithm is smoother than octree algorithm, and octree
algorithm has obvious turbulence and low divergence. The main difference lies in the existence of holes
at the bottom of open-pit mine in fast thinning algorithm, which causes the area become smoothed when
contours are established. The reason can be interpreted by the difference of initial setting in distance and
height difference thresholds.

(a)

(b)

Fig. 6. The point clouds contours interpolation of 3D open-pit mine using thinned point clouds by (a)
octree algorithm and (b) our proposed algorithm.

5.3 Points to Model Deviation
The above comparisons of point clouds and corresponding model belong to qualitative analysis, and
the deviation of point clouds to model is used as the quantitative analysis method for the comparison of
two algorithms. The initial model adopted to overlay analysis is built by the original point clouds, which
is not thinned. At the same time, the cubic interpolation is still adopted to model construction. The thinned
point clouds are overlaid to the model, the interval and weight of deviation distance are taken as the
indicators for quantitative comparison. This method can directly determine the influence of point clouds
thinning algorithm on model construction, because the cubic interpolation applied to two thinned point
clouds has never changed. Therefore, if a local point is lost, the interpolation algorithm will automatically
match another point to draw a triangle. This may indirectly affect the shape of the entire model [21].
The deviation interval and weight of point clouds to model superimposed by two algorithms are
presented in Fig. 7. It is not difficult to find that the deviation interval in point clouds to model is mainly
distributed at -1.5 mm to 1.5 mm. When the deviation is 1.5 mm, two kinds of weights are located at 3%
to 5%. When the deviation is 1.0 mm, these two weights are occupied at 40% to 42%. And when the
deviation is 1.0 mm, the weights are located at 38% to 40%. When the deviation is 1.5 mm, both two
weights are located at 3% to 5%. Through the superposition analysis of point clouds to model, we
conclude that although the fast thinning algorithm is slightly different from the octree algorithm in point
clouds and model visualization, these differences are not significant to affect the quality of model
construction. As a result, the above validation further illustrates the robust of our proposed algorithm.
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(a)

(b)

Fig. 7. The point clouds to model deviation of 3D open-pit mine using thinned point clouds by (a) octree
algorithm and (b) our proposed algorithm.

6. Conclusions
This paper proposes a point clouds fast thinning algorithm, to overcome the shortcomings of complex
classification index and long-time consuming in existing point clouds thinning algorithms. Compared
with the octree-based region growing algorithm, our proposed algorithm has disadvantages in the visualization of point clouds and model. However, we obtain certain advantages in the thinning and modeling
time, and the thinning rate has reached a level of octree-based region growing algorithm. The algorithm
used in this paper illustrates the rapidity and stability of point clouds thinning, which would be useful for
small and medium-sized users.
The algorithm proposed in this paper is similar to most existing algorithms, which always needs to set
the thresholds in advance. In theory, the threshold problem is unavoidable in current point clouds thinning
domain, because the users need to thin their point clouds in their different applications. Therefore, our
future work will focus the threshold reduction. Besides, we will consider the application of our proposed
algorithm, it will be useful for the fast feature extraction, fast model construction and related aspects.
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