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Abstract. Nowadays, depth data has an important role in many ap-
plications. The sensors which can capture depth data became essential
parts of autonomous vehicles. These sensors record a huge amount of 3D
data (point clouds with x, y, and z coordinates). Furthermore, for many
point cloud processing applications, it is important to calculate feature
vectors that aim at describing the neighborhood of each point. Usually,
a feature vector has high dimensionality, and storing it in a database is a
difficult task. One of the most common operations on feature descriptors
is the nearest neighbor search. However, earlier works show that nearest
neighbor search with spatial index structures in high dimensions could
be outperformed by sequential scan. In this work, we investigate how
dimensionality reduction on 3D feature descriptors affects the descrip-
tiveness.
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1 Introduction

One important sub-area of point cloud processing is registration, where the task
is to align two point clouds to each other, i.e., to make a transformation which
moves one point cloud to another in such a way as to minimize the distance
between identical parts of the surfaces defined by the clouds. For larger point
clouds, feature-based registration methods are the most common [5]. These pro-
cesses have the following steps: (1) detect the keypoints to select such points
for which the neighborhood is distinguishable from the rest of the point cloud,
(2) compute the feature vectors to create descriptors that represent the geo-
metric properties of the neighborhoods, (3) determine the correspondences to
match the key points of two point clouds based on the distance between their
feature vectors, (4) compute the transformation based on the previous step. The
feature descriptors mentioned in the second step are usually elements of a high-
dimensional vector space which are needed to store in a database due to various
data management and data analysis tasks.

Suppose that we examine sequences of data distributions where the dimen-
sionality increases along the sequences. For example, such a sequence can consist
of uniform distibutions of different dimensions. Beyer et al. showed in their clas-
sic paper [1] that it is true for a wide range of the aforementioned sequences
of data distributions that the distances of a query point from the nearest and
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the farthest neighbors tend to be equal as the number of dimensions increases.
In these cases, the concept of the nearest neighbor becomes meaningless in a
data distribution with sufficiently high-dimensionality. However, even if the di-
mensionality is not so high, it can still occur that the indexing techniques are
outperformed by sequential scan. They also point out that there are situations
in which high-dimensional data vectors spread in a subset of the space such that
their intrinsic dimensionality is significantly lower than the original dimension-
ality of the data space. (Intrinsic dimensionality is the minimum number for
attributes needed to describe data [2] at least with a good approximation.) In
these cases, the nearest neighbor queries and indexing may make sense. Further
works addressed different data distributions with different dimensions and an-
alyzed the performance of indexing techniques such as R-trees for the nearest
neighbor search (e.g. [15], [7]). For example, if the data set has the self-similar
property, then the performance depends on the intrinsic (“fractal”) dimension-
ality of it [7]. As Samet writes in his book [13, Chapter 4], one of the reasons
is the intrinsic dimensionality of a data set why dimension reduction techniques
are used for it before storing in a database. Another reason mentioned in this
book is that the possible number of child nodes decreases at a given page ca-
pacity as the dimensionality increases for some disk-based search trees (e.g. the
R-trees) because, for example, the space requirement for the representation of
a minimum bounding box also depends on the dimensionality. However, if the
number of child nodes decreases, the height of the search tree increases, leading
to a decrease in performance. Because of the above, on one hand, we apply Prin-
cipal Component Analysis (PCA) on the feature descriptor data; on the other
hand, we modify the internal parameters of the feature descriptors to reduce the
dimensionality. We examine how their performance changes.

Based on Guo et al. [4], one of the most important attributes of a feature
descriptor is descriptiveness, which shows the capability to encapsulate the infor-
mation of the underlying surface. There are existing works in which the authors
compared 3D point feature descriptors. Guo et al. compute precision and re-
call values based on point pair correspondences, obtained from nearest neighbor
searches [14] [4]. Usually, these papers compare feature descriptors using only
their default number of dimensions. Prakhya [10] compares the descriptiveness of
feature descriptors, using PCA to reduce the dimensionality of the descriptors.
They use RRR metric to measure descriptiveness, which is slightly different from
the previously mentioned methods [14].

2 Method

In this work we investigate three well-known 3D point feature descriptors: Point
Feature Histogram (PFH) [11], Fast Point Feature Histogram (FPFH) [12] and
Spin Image (SI) [6]. Their default dimensions are 125, 33 and 153, respectively.
Each feature descriptor has a parameter that can define the resulting number of
bins. In the case of PFH, it is the number (n) of subdivisions on each axis, and the
resulting number of dimensions is n3. For FPFH the number of subdivisions also
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defines the number of dimensions, but the bins on each axis are concatenated.
The resulting number of dimensions is n % 3. For SI the parameter which defines
the length of the descriptor is image_width. The resulting number of dimensions
is (image-width + 1) * (2 x image_width + 1). More information can be found
in the cited articles. We reduce the dimensionality of feature descriptors in two
ways: 1) modify their internal parameters, and 2) perform PCA on a computed
feature with its original dimensionality.

Followed Guo et al. [4], to evaluate the descriptiveness of feature descriptors
we use the Precision-recall curve (PRC). According to them, the PRC is more
suitable for evaluating 3D point descriptors than widely used ROC. Creating
a PRC consists of the following steps. We select sample_num points from both
clouds as keypoints, with uniform sampling. It is important to note that there
are many keypoint detectors, which are designed to detect keypoints that are
highly distinctive (unique), repeatable, and stable [9]. With using keypoint de-
tection algorithms instead of randomly selected keypoints, the descriptiveness
evaluation of the feature descriptors results may vary. We think that by using
randomly selected keypoints we avoid any bias. We compute the feature de-
scriptors for the selected keypoints (when we use PCA, we compute the feature
descriptor for all point in all point cloud, to obtain the dimensionality reduction
transformation). To compute the feature descriptors we need to set a radius that
defines the neighborhood of a point. As the radius increases the computational
time increases too. We used the same radius with each feature descriptor. In the
next step, we build a k-d tree to find the nearest neighbors of the features of the
selected keypoints from the two clouds. We use the nearest neighbor distance
ratio to decide if a point-pair considered is a match [8]. If the ratio between
a feature’s nearest and second nearest neighbor is less than a threshold 7, we
consider the feature and its first neighbor a match. We use the dataset’s ground
truth transformations to decide if a match is really correct or not. If the two
points are closer than a given e threshold after the transformation, it is counted
as a correct match. Finally, we compute the precision and recall of the matches.
To generate the PCR we increase the threshold 7 from 0.5 to 1 with 0.1 steps. It
starts from 0.5 because there are only a small number of feature pairs that sat-
isfy the condition that the difference between the point and its nearest neighbor
and the point and its second neighbor is at least twice as much. In the case of
real-world data, outlier points like this are usually considered as noise. The AUC
denotes the area under the Precision-recall curve, which shows how descriptive
is a feature descriptor, using different 7 values to filter the matches, in a very
compact way.

3 Evaluation

To evaluate the feature descriptors with different number of dimensions we used
the 7-Scenes RGB-D dataset [3]. The dataset consists of point cloud fragments,
with approx. 250000 points in each cloud. Before the evaluation, we performed
the following preprocessing steps on the point clouds. 1) We downsampled the
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Fig. 1: Left: Precision-recall curve of 3 feature descriptor: FPFH, PFH, SI. Right:
Precision-recall curve of FPFH and PFH. Both features were reduced to 9 di-
mensions.

point cloud using a voxel grid filter with 0.01 voxel leaf size for faster processing
time. The filter reduced the number of points in each cloud fragment to approx.
100000 points. 2) We filtered out the outlier points using a radius-based filtering
method: a point was removed if it did not have 10 neighbors in a 0.04 radius.
This step removed approx. 100 points from each fragment at most. 3) Finally, we
estimated the normal vectors at each point, because it is needed to compute the
feature descriptors. For normal estimation we used 0.04 as radius. The runtimes
of computing feature descriptors are different from each other and it depends
on the feature radius. In this work, we do not investigate computational times.
For every feature descriptor, we used the same radius (0.06). For evaluation, we
worked on 10 overlapping point cloud fragment pairs. The sample_num was 5000.
Because of the randomness of keypoint selection, every point cloud fragment pair
was evaluated 10 times. The PRC and AUC values on the figures show aggregated
results.

First, we evaluated the feature descriptors with their original number of
dimensions. Figure 1 (left) shows the PRC of three feature descriptor: FPFH,
PFH, SI. Based on our evaluation the Spin Image descriptor is significantly worse
than the other two. Note that ST has the most number of dimensions. The FPFH
has a higher AUC than PFH, but the difference between the two descriptors is
decreasing as the value of 7 increases. Because the Spin Image descriptor has
significantly smaller AUC value, we decided to investigate the dimensionality
reduction on PFH and FPFH only.

Figure 2 shows the AUC values of FPFH and PFH descriptors with a varying
number of dimensions. The left columns denote dimension reduction with pa-
rameters of the descriptors. The right columns denote the dimension reduction
with PCA. We used PCA on the feature descriptor with its original dimension.
Therefore the first column has only one value. In the case of FPFH we could
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Fig. 2: Area Under Curve (AUC) of FPFH (left) and PFH (right) feature descrip-
tors with different dimensions. The left columns denote the descriptors with re-
duced dimensionality using their internal parameters. The right columns denote
dimensionality reduction using PCA.

compute the descriptor with many different dimensions: 33, 27, 15, 12, 9, and 6.
Figure 2 (left) shows that from 15 dimensions FPFH-PCA gives better results.
The difference between the AUC values becomes significant from 12 dimensions.
If we need the use less than 15 dimensions for the FPFH, the PCA reduction
is a better choice. Note that PCA computation adds time to the total runtime
of computing and storing descriptors. Therefore, if the speed of runtime is crit-
ical, we should consider using FPFH without PCA with 15 dimensions despite
FPFH-PCA is slightly better in this case also. With the parameters of PFH,
we could only compute the feature descriptor with 3 different dimensions: 125,
27, and 8. In Figure 2 (right), we want to highlight that the original descriptor
with 125 dimensions has almost the same AUC value as the FPFH-PCA with
27 dimensions. The reason is, that for an ordinary point a PFH descriptor with
125 dimensions contains many zero values. In the case of PFH the PCA versions
give significantly better results with 27 dimensions already. On Figure 1 (right)
we computed both descriptors with 9 dimensions. This figure is very similar to
Figure 1 (left). Based on our evaluation the FPFH-PCA gives better results than
PFH-PCA with every number of dimensions.

4 Conclusion

Storing and indexing feature descriptors are difficult problems, especially when
nearest neighbor searches are important. The biggest challenge is to handle de-
scriptors with a high number of dimensions. In this work, we investigated how
the descriptiveness of feature descriptors changes when we reduce their dimen-
sionality. We reduced the dimensionality in two ways: modifying the descriptor’s
internal parameters and apply PCA dimension reduction technique. Based on
our evaluation it is better to reduce the dimensionality with PCA, and FPFH is
the more descriptive even with a low number of dimensions.
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