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Point Cloud Registration Based on Direct Deep
Features With Applications in Intelligent Vehicles

Liang Li , Member, IEEE, and Ming Yang , Member, IEEE

Abstract— Point cloud registration is widely used in the
research of intelligent vehicles, typical problems include map
matching, visual odometer, pose estimation, etc. This paper
proposes a deep learning-based registration method that can
input point clouds directly, thereby preventing information loss
of preprocessing needed by alternative deep-learning approaches.
Our network, named DPFNet (Direct Point Feature Net), gradu-
ally downsamples the point cloud and aggregates points around
determined reference points to formulate local features automat-
ically. This is facilitated by a novel convolution-like operator and
a novel loss function. The points in the point cloud are mapped
to a high dimensional embedding through the designed deep
neural network, where every embedding reflects the local feature
of a specific spatial area. Based on the embedding features,
correspondences between points can be estimated robustly and
the registration between the point clouds can be obtained using an
external geometric optimization algorithm. Experimental results
on open benchmarks validate the proposed method and show
that its performance is favourable over several baseline methods.
Specifically, we test the proposed algorithm on KITTI bench-
mark, which shows its potential in tasks of intelligent vehicles,
e.g., map matching, visual or LiDAR odometer.

Index Terms— Point set registration, deep learning, map
matching, pose estimation.

I. INTRODUCTION

POINT cloud registration is an important problem in a
large number of intelligent vehicles related applications,

e.g., mapping [1], localization [2], 3D object semantic segmen-
tation [3],. Given two point clouds P = {p1, p2, . . . , pn} and
Q = {q1, q2, . . . , qm}, where pi , qi ∈ R

d are d-dimensional
points, the task of rigid point cloud registration is to find the
optimal transformation T that minimizes the distance between
the point clouds �P − T (Q)�. Estimating the transformation
T requires (iteratively) establishing (soft) correspondences
between P and Q. Obtaining these correspondences can be
facilitated by computing and matching features, which contain
local geometric information of small patches around points in
the point clouds. This local geometric information of small
patches is more distinctive and robust for establishing point
set correspondences than the single point coordinates.
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An example is Fast Point Feature Histograms (FPFH) [4]
that encodes a point’s k-neighborhood geometrical properties
to incorporate the geometric structure of local regions. Signa-
ture of Histograms of OrienTation (SHOT) [5] considers both
signatures and histograms. Some other “hand-crafted” features
can be found in [6]–[8], etc. In the current era of deep learning,
the idea of learning features by deep neural networks from
training data, is shown to be promising. Some pioneering work
includes PPFNet [9], PPFFoldNet [10], 3DSmoothNet [11].
These methods first extract patches from input point clouds
and then preprocess these patches. For example, PPFNet
extracts Point Pair Features (PPF), 3DSmoothNet rasterizes
the patches into 3D voxel and computes smoothed density
values (SDV) with Gaussian kernels. The preprocessed patches
are fed into the neural network to get the embedding features
for every patch. Typically, to train the neural network, a triplet-
like loss function is used that minimizes distances between
corresponding features, and at the same time, maximizes that
of non-corresponding features.

In this paper, we propose a framework that is based on
deep neural networks and that extracts features from the point
cloud directly without the need for preprocessing. Assuming
that the dimension of the input point cloud is N × d , where
N is the number of points, and d is the dimension of every
point, and the output of the network is M × d �, where M < N
and d � > d , our network consists of two types of modules,
one type is the point selection module that downsamples
the points from N points to M points, while retaining the
overall geometric structure of the point cloud. The other type
of modules, is the feature computation module using deep
convolution-like neural networks that, step-by-step, brings the
computed features from a d to a d � dimensional embedding
space. Conceptually, these feature computation modules incor-
porate the information of points that are abandoned by the
selection modules into the embedding features. These two
types of modules proceed one by another to abstract the N ×d
point cloud into a M × d � set of high-dimensional features. All
features in the output can be seen as an embedding that incor-
porates information of a local region with the selected points at
their centers. Herein, only downsampling is considered, which
is inspired by the convolution and pooling operation on 2D
images. The size of the image becomes smaller from layer
to layer, while the dimension of every pixel becomes larger
in this process. And the receptive field becomes bigger and
bigger. Similarly in our case, the points become sparser, while
dimension of every point increases. This process makes the
feature region every point convey increases when the network
going deep. Regarding minimizing the costs of sensors, and
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only sparse point cloud is available, upsampling [12]–[14]
or inpainting [15], [16] is needed before feeding the point
cloud into the proposed network. In some cases, upsampling is
important to make the point cloud denser. While the quality of
upsampling or point cloud completion can affect the following
feature extraction and feature matching. In addition, for the
3D LiDAR such as Velodyne VLP-16 or above, we found the
density of the point cloud is appropriate for the matching task
(please see Section IV). Since upsampling the point cloud to
get a better feature extraction is not the focus of this paper,
we leave it our future work to test how different upsampling
strategies affect the feature extraction. To learn the optimal
features from training data, a Siamese network structure is
used together with a structure regulated loss function that
models the similarities of corresponding embeddings and the
dissimilarities of non-corresponding embeddings. In short, the
contributions of this paper are:

1. We propose a deep neural network approach that con-
sumes point clouds directly with no need for preprocess-
ing in terms of embedding calculations on local patches.
This avoids information loss typically caused by raster-
ization, histogram statistics, etc as used in alternative
methods.

2. A structure regulated loss function is designed for effi-
cient and robust optimization. It assigns soft constraints
on corresponding and non-corresponding embeddings,
rather than using a dichotomous approach. Spatial cor-
relations are also modeled through this loss function.

3. We propose a novel sorted convolution operation to
capture geometric information of point clouds. Detailed
analysis and experiments are carried out to compare our
method with baseline algorithms.

The remaining of this paper is organized as follows.
In Section II, we discuss the state-of-the-art in relation to
our novel DPFNet approach. Section III, introduces the pro-
posed network and the intuition behind its design. Section IV
presents experimental results and cross validation on multiple
benchmark datasets, together with comparisons and abla-
tion studies. The conclusions of this study are provided in
Section V.

II. RELATED WORK

Point cloud registration algorithms can be classified
into four categories: 1) point-wise correspondence based,
2) point distribution based, 3) hand-crafted feature based, and
4) learned feature based.

A. Point-Wise Correspondence Based Registration

Point-to-point correspondences are established based on
the spatial distribution of the points (e.g., nearest neighbor
algorithm) first. Then, the sum of the distances between cor-
responding point pairs in terms of transformation is used as the
cost function. Optimization based on Singular Value Decom-
position (SVD) or quaternion computations obtain the optimal
transformation under this correspondence relation. Usually
these two procedures proceed in an iterative manner, i.e.,
establishing correspondence, optimization, transforming the

source point cloud with the optimal transformation, establish-
ing new correspondence, and so forth. The classical ICP algo-
rithm [17] and its variants [18], [19] follow this pipeline until
a convergence condition is satisfied. The trimmed ICP [20]
only considers a subset of the points that have the least
point-to-point distances, during each iteration. GO-ICP [18]
uses branch-and-bound to explore the optimal transformation
over the complete parameter space, to prevent convergence to
local minima. EM-ICP [21] models multiple matches that are
weighted by normalized Gaussians and optimizes the problem
with Expectation Maximization (EM), to make the registration
more robust to (outlier) noise. In general, methods based on
the ICP paradigm are known to be sensitive to initialization,
noise, and outliers. The point cloud registration problem can be
also modeled with filtering model, and use Kalman filter [22]
or particle filter [23] to solve it.

B. Point Distribution Based Registration

Rather than establishing point-to-point correspondences,
these types of methods try to fit a probabilistic distribution
with the assumption that points in the point clouds are sampled
from that distribution. Gaussian Mixture Model (GMM) is
the most common model to approximate the distribution,
where the mean of every Gaussian function is provided by
the point positions and the number of components in the
GMM is equal to the number of points. Coherent Point Drift
(CPD) [24], [25] models one point cloud as a GMM, and
its cost function is related to the probability that the other
point cloud is sampled from this GMM. GMM-L2 [26] models
both point clouds as GMMs and optimizes an L2 distance
between them. Other than GMM, there are alternative models
for distribution modeling, such as kernel correlation [27] and
mixture of t-distributions [28]. Furthermore, Normal Distri-
bution Transform (NDT) [29] is commonly used in the field
of robotics, due to its robustness and computational efficiency,
as it rasterizes point clouds into grids and computes a Gaussian
distribution for every grid. In general, distribution based
methods improve robustness to noise and outliers, as they
incorporate probabilistic models that intrinsically allow for soft
correspondences between point sets instead of hard point-to-
point correspondences.

C. Hand-Crafted Feature Based Registration

An alternative technique for robust point cloud registration,
is using features to establish point-to-point correspondences.
Features are formed by local regions or small patches and
reflect specific characters therein. FPFH [4] considers Euclid-
ean distances and angles between a reference point and its k
neighbors with their normals. TOLDI [6] concatenates three
orthogonal view features in a local reference framework.
RoPS [8] calculates central moments and entropy of neighbor-
ing points rotationally projected onto 2D planes. More types
of point features can be found in the survey paper [30], [31].

D. Learned Feature Based Registration

With the exploration of applying deep learning to 3D
data [32]–[35], registration based on deep learning methods
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are emerging rapidly. PPFNet [9] selects a number of local
patches from the point cloud, converts them to Point Pair
Features (PPF) and feeds PPF into PointNet, to get high-
dimensional embeddings using a N-tuple loss function to
model similarity. PPF-FoldNet [10] extends PPFNet using an
encoder-decoder framework to introduce rotation invariance
to the embedding. 3DFeat-Net [36] also uses PointNet as
backbone network, and assigns weights which are learned from
local patches. The very recent 3DSmoothNet [11] rasterizes
every local patch into 3D voxels, computes point density
of every voxel with a Gaussian kernel, and then it uses
L2-Net [37] with 3D convolutions, to learn features based on a
batch hard loss function. PointNetLK [38] does not select local
patches, it deals with the entire point cloud, and represents the
point cloud with a single feature vector. Then optimization of
the transformation is by comparing the two feature vectors
in an iterative manner like that of ICP. To the best of our
knowledge, all current learning based methods need to select
local patches or interest points in advance, thus they are not
end-to-end methods. Besides, most of current methods need to
convert point clouds into another type of representation before
feeding them into the deep neural networks. The above can
potentially lead to information loss and our approach aims to
solve this.

III. APPROACH

This section details our network architecture, convolution
module, and design of the loss function.

A. Basics of the Network

In this paper, neural networks for point cloud registration
can be seen as a function F that converts a low-dimensional
point with its position to a high-dimensional embedding given
its surrounding points. We break this into several subroutines
that have a structure that is similar to convolutional neural
network layers used in image processing. Because of the
natural grid shape of images, the output of convolutional
calculation has also a strict grid shape. For point clouds, the
situation is much different, structure of the data is unordered
and not grid-based as that of 2D images, it is not possible to
apply convolutions in the same manner as in image processing.
Besides, the size of the point cloud will decrease very slowly
with the standard convolution. If we rasterize the point cloud
into 3D voxel, it may lose spatial and geometric information,
which is undesired. Due to this, we propose splitting the neural
network layers into two subroutines. This concept is shown in
equation (1):

F(P) = �L
i=1FENi (P) = �L

i=1FNi (DNi (P)) (1)

where the symbol �L
i=1 denotes applying an L-layered func-

tion, i.e., �L
i=1 fi (x) = fL( fL−1(. . . f1(x))). FENi is the i -th

layer in our network mainly consisting of a downsampling
routine DNi and a feature extraction and aggregation network
FNi . The process is illustrated in Fig. 1.

The ideal output is that every embedding feature represents
geometric information around specific points in the point
cloud. Therefore, it is important that we need to keep relevant

Fig. 1. An illustration of the downsampling operation in neural network.
Density of the points decreases layer to layer, while the spatial information
every point conveys increase. The larger size of the point, the higher dimension
(more information) the feature it is affiliated with. (a) Original point cloud
input to the neural network, where the number of points is N0 and the
dimension of every point is 3. (b) Point cloud after layer 1, compared with (a),
number of points is downsampled, i.e., N1 < N0, while features affiliated
to every point are enriched as they represent geometric features of their
neighboring region, denoted as blue markers with larger size, the original
points of (a) are still presented in gray. (c) Point cloud after layer 2, similar
operation with (b), output denoted as green markers with larger size, input
is from (b) denoted in blue. (d) The final output embeddings, every point
aggregates neighboring features.

geometric information when downsampling in every DNi .
Randomly downsampling may not result in a uniform point
distribution over the entire space, which is not desirable.
Some uniform downsampling algorithms such as voxel grid
downsampling or Farthest Point Sampling (FPS) could be
adopted here. We select FPS as the downsampling method in
this paper, as in [33]–[35], because it can return a specific
number of points, which is convenient for the following
processing steps. Assume there are Ni−1 points from the i −1-
th layer as set A, and the expected number of points after
downsampling is Ni with set B , DNi first randomly selects
a point from Ni−1 as the seed point. Now A has Ni−1 − 1
points, and B has one point. The second point is the point
from A whose distance is the largest to the seed point in B .
Then the distance of a point A to B is the minimal value of all
the distances to points in B . The third point is still the farthest
point in A to B . The sampling continues in this manner until
B has Ni points. Note that downsampling DN based on FPS
cannot identify where the features are rich and distinctive.
The ideal sampling strategy is that sampling with a higher
probability of the area that has higher potential to have good
features compared with that is less likely to have effective
features. Some advanced point selection algorithms [39] may
be more promising for this task, and we leave it our future
work to explore a better sampling strategy.

To deal with disorder of the input point cloud, PointNet [32],
PointNet++ [33] and PointSIFT [34] use a symmetric func-
tion(e.g., max-pooling), after which no matter what the input
order is, only the maximal value across all the points of
one feature layer will continue to the output. Different from
that, PointCNN [35] learns a permutation matrix from the
points’ positions, multiplies it with the feature map and then
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Fig. 2. An illustration of the novel convolutional operation using a sort function. The yellow point denotes the reference point, green points are the selected
neighbors within a threshold radius, and blue points are beyond that threshold. The neighboring points are sorted according to their own distance to the
reference point. Then convolution is conducted with all the neighboring points to obtain a new feature vector, denoted as a bigger yellow point that represents
information for the circled region. Note that blue points may become reference points or may be selected neighbors of other reference points. For clarifying,
we only focus on one specific reference point.

applies convolutional computation to the permutated feature
map. While for our task, max-pooling loses lots of spatial
information and learned permutation is a fuzzy or heuristic
manner which may be inefficient. Therefore, in this paper,
we utilize the spatial distribution of the points by sorting the
feature vectors according to their point’s Euclidean distance
to the reference point. Because spatial positions of points
play an important role when comparing similarity of two
patches, a weighted combination of features from near to far
in a neighboring domain reflect both distribution and shape
characteristics of the given patch.

The process of layer FNi in the network is mainly made up
of our novel sorted convolution operator F S

i that is provided
by:
F S

i

= FNS
i (Pi , Pi−1,Fi−1)

= Conv(Ki , Sort (FC(Group(Fi−1, Pi , Pi−1)), Pi , Pi−1))

(2)

where Conv and FC denote convolutional and fully-connected
layers respectively, and Ki is the convolution kernel. The
function Group groups the feature vectors within a given
radius, as done in PointNet++ [33], the function Sort sorts
the feature map based on the Euclidean distance between the
points and their reference points. Assume that the dimension of
F S

i is Ni ×Ci , where Ni denotes the number of points of the i-
th layer, and Ci is channel of every point’s feature. The output
of function Group(Fi−1, Pi , Pi−1) is Ni × Mi × Ci−1, which
means we find Mi neighboring points for every downsampled
point. Given the spatial coordinate of a query point in Pi ,
the function Group finds all points (in Pi−1) that are within
a radius to the query point. And we set Mi the same value
for every point in Pi . If there are more than Mi points, just
select the first Mi points with smallest distance. If there are
less than Mi points, duplicate the query point itself to until
getting Mi points. Then the FC lifts each neighboring points
to C �

i−1 channels with kernel size 1×1, which yields the output
of FC with Ni × Mi × C �

i−1. So, the FC operation only
operates every point’s own feature. Function Sort perturbs
orders of the neighboring points for every reference point,
the output dimension remains Ni × Mi × C �

i−1. Finally we
adopt the convolution to the feature map, the kernel size of the
convolution is Mi × C �

i−1, the channel number is Ci , which
means the output dimension of i-th layer is Ni × Ci . The

Conv is the general convolutional operation same as 2D image
processing. An illustration of this concept is shown in Fig. 2.
Besides the output of the sorted convolution F S

i , we also apply
a symmetric function to the input feature map. Rather than
max-pooling, we choose weighted average as the function.
The weight are the normalized distances between the point
and its reference point, resulting in FW

i . To generate FW
i , the

function group is first adopted to select Mi points in Pi−1
for every point in Pi . Then, using the FC to lift the feature
channels. And every point is assigned a weight which is based
on the normalized distance. Finally, the FC function lift the
feature channels to Ci to yield FW

i . The final output is again a
weighted average of the output of the sorted convolution F S

i
and the output of the symmetric function FW

i , i.e. the final
output of layer i is Fi = αF S

i +βFW
i . The complete computa-

tion of the network’s layers is provided in Algorithm 1, where
in line 3, W (Pi , Pi−1) is the normalized weight function,

W jk = exp(−�p jk
i −p j

i �)∑M
k=1 exp(−�p jk

i −p j
i �) . We sum the feature map in the

sampling axis, i.e., dimension of FC(Group(Fi−1, Pi , Pi−1))
is Ni × Mi × C �

i−1, dimension of FW
i is Ni × Ci . Finally,

we use PointSIFT [34] to incorporate neighboring features
further, it could also be seen as a part of the feature aggregation
module. Given the input point set with size Ni ×Ci , the output
size of PointSIFT is still the same as Ni × Ci , but assigns a
new Ci -dimensional feature to every point. Inspired by the 2D
descriptor SIFT [40], PointSIFT models various orientations
and is invariant to scale. Please refer to [34] for a detailed
description of the method.

B. Network Architecture

Two parallel networks with sharing parameters (i.e.,
Siamese network) are used to extract features of the two input
point cloud respectively. Every network consists of the same
downsampling and feature aggregation modules, and they
proceed one by another. In this way, the point clouds become
gradually sparser, layer after layer, while the dimension of
features affiliated to each point becomes higher and higher,
as the space they represent becomes larger. An illustration of
the entire network is shown in Fig. 3. The structure is also
presented in Algorithm 2.

The number of points in every layer Ni and the number of
channels Ci are hyper-parameters that could be tuned by the
user. Setting Ni too small may make the final embeddings



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

LI AND YANG: POINT CLOUD REGISTRATION BASED ON DIRECT DEEP FEATURES 5

Algorithm 1: Feature Extraction Network (FEN)

Input: P0, F0 � Input point cloud and initial feature (if have)
Output: PL , FL � Downsampled point cloud and its feature vectors

1 while i in L do
2 Pi = DNi (Pi−1, Ni ) � Downsample point cloud using FPS to Ni points
3 F S

i = FNS
i (Pi , Pi−1,Fi−1) � Extract feature as equation (2)

4 FW
i = FC(

∑
(W (Pi , Pi−1) × FC(Group(Fi−1, Pi , Pi−1)))) � Weighted average feature

5 Fi = αF S
i + βFW

i � Combine two features
6 Fi = Point SI FT (Fi ) � Use PointSIFT to merge features further
7 end

Fig. 3. The proposed network architecture of DPFNet. Every FEN layer mainly consists of two modules: 1) DNi for downsampling by FPS and 2) FNi
for feature extraction by lifting feature channels incorporating surrounding points. There are four parts in feature extraction: a Fully-connected layer (FCN)
denoted by yellow, a sort function denoted by pink, a Convolutional layer (CNN), a weighted average combination denoted by dark pink, and PointSIFT
denoted by green. The layers also contain the typical final ReLU activation function and a batch normalization layer, which are not shown here. The training
and testing utilize the same network architecture except that there is ground truth of the transformation between the two point clouds for supervising in the
training phase.

Algorithm 2: Direct Point Feature Network (DPFNet)

Input: P0, FP
0 , Q0, FQ

0 � Input point clouds and their initial features

Output: PL , F P
L , QL , FQ

L , loss � Downsampled point clouds, their features, loss
1 PL ,F P

L = F E N(P0, FP
0 ) � Feature extraction using Algorithm 1

2 QL ,FQ
L = F E N(Q0, FQ

0 ) � Feature extraction with sharing parameters

3 loss = L OSS(PL ,F P
L , QL ,FQ

L ) � Compute loss

4 Return: PL , F P
L , QL , FQ

L

lose structure information. Setting Ci too small may make the
embedding not capture information in local regions precisely.
While setting both too large, would generate redundant
information and may cause overfitting. In this paper, we use
5 layers (L = 5) and the number of points in every layer is
[N1, N2, N3, N4, N5] = [50000, 30000, 10000, 4096, 1024]
and the number of channels in every layer is
[C1, C2, C3, C4, C5] = [16, 32, 64, 128, 256].

C. Loss Function

The aim is to draw the corresponding feature vectors to each
other as near as possible while drive the non-corresponding

feature vectors as far as possible from each other. PPFNet [9]
and 3DSmoothNet [11] etc. use a triplet-based loss function.
They divide the patches into anchor, positive, and negative
groups, penalize distance between anchors and positive sam-
ples while maximizing distance between anchors and negative
samples. As they sample patches from the overlapping parts
of two point clouds, one patch could find its corresponding
patch in the other point cloud according to the Euclidean
distance, and all the rest are negative patches. While for our
case, we sample the whole point cloud, which means patches
from the independent parts may not have its positive sample in
the other point cloud. Besides, one point in the output down-
sampled point may not have the exact corresponding point in
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the other output point cloud, but it may have corresponding
point near it. Thus, a hard constraints on the patch pairs is not
suitable for our network.

We therefore design a novel structure-aware loss function
to deal with the incompatibility of current loss functions.
According to the spatial distribution, we classify points into
three categories: potential positive, intervening, and negative.
For a given point pi

L in PL , we divide the space of QL
into three regions based on their distances to pi

L . Points
within threshold po are selected to be potential positive points
and are denoted as Qpo

L , points beyond threshold ne are
deemed to be negative points and are denoted as Qne

L , points
between po and ne maybe relevant to the reference points
pi

L with some probability or maybe negative and we define
this region as intervening, denoted as Qin

L . Thus we have
QL = Qpo

L

⋃
Qin

L

⋃
Qne

L , which means every point has one
label. Based on the model above, we define loss function as
equation (3):

loss =
N∑

i=1

max((

Npo∑
j=1

W po
i j � FQ(po)

L(i j ) − F P
L(i) �

−
Nne∑
k=1

W ne
ik � FQ(ne)

L(ik) − F P
L(i) �) + margin, 0)) (3)

where the weights W po
i j = exp(−�q po

L( j)−pi
L�)

Npo∑
j=1

exp(−�q po
L( j)−pi

L�)
and W ne

ik = 1
Nne

,

q po
L( j ) and qne

L(k) are the j -th positive point and k-th negative
point for pi

L respectively, the same symbolism also holds
for the feature vector FQ(po)

L( j ) and FQ(ne)
L(k) , margin is the

margin value and we set it to 0.5 in this paper. We minimize
feature differences between reference points and their potential
positive points with weights based on distance. Simultane-
ously, we also maximize it between reference points and their
negative points also with weights. We leave the intervening
points as a kind of uncertainty margin and do not penalize on
it. For sparse point cloud, determining the value of po and
ne is tricky, and it can affect the performance of the network.
However, in this paper, we mainly consider dense point cloud,
which is available in many cases of intelligent vehicles. Then,
setting them in a reasonable range will not influence the output
of the network obviously based on both empirical analysis
and experimental results. For point cloud obtained by 3D
LiDAR, the points are sparse at long ranges, then according to
equation (3), they do not have positive patches, which means
they are just excluded from the corresponding calculation.
For different types of datasets, e.g., indoor and outdoor, the
densities are different. Fine-tuning the parameters can affect
the registration results. For the indoor dataset we set po as
0.1m, and ne as 0.5m. For the outdoor dataset, we set po as
0.3m and ne as 1.0m. In training, since the ground truth of
point cloud transformation is available, we can apply it to one
point cloud. And then the corresponding positive and negative
patches are known. Thus, the loss can be calculated based
on it.

D. RANSAC Based Registration

Assume that outputs of the network are PL =
{p1

L, p2
L, . . . , pn

L} with its embedding F P
L =

{ f P
L(1), f P

L(2), . . . , f P
L(n)}, and QL = {q1

L, q2
L, . . . , qn

L}
with its embedding FQ

L = { f Q
L(1), f Q

L(2), . . . , f Q
L(n)},

we could get correspondence of PL in QL by finding
the nearest embedding in F P

L of every embedding
in FQ

L . For convenience, we assume correspondence
of qi

L is pi
L , and the points are placed in terms of

the embedding distance in an ascending manner, i.e.,
� f P

L(1) − f Q
L(1) �≤� f P

L(2) − f Q
L(2) �≤ . . . ≤� f P

L(n) − f Q
L(n) �.

Then we abandon the pairs that are not correspondent
obviously, i.e., their embedding distances are larger
than a threshold. Then we could get two smaller sets
P�

L = {p1
L, p2

L, . . . , pm
L } and Q�

L = {q1
L, q2

L , . . . , qm
L }, where

m < n. We select four points in each sets in order, i.e., the
selection of first iteration would be {p1

L, p2
L, p3

L, p4
L} and

{q1
L, q2

L, q3
L , q4

L}. For each of the pair, we have the equation:⎡
⎢⎣

r1 r2 r3

r4 r5 r6

r7 r8 r9

⎤
⎥⎦

⎡
⎢⎣

pi
L1

pi
L2

pi
L3

⎤
⎥⎦ +

⎡
⎣t1

t2
t3

⎤
⎦ =

⎡
⎢⎣

qi
L1

qi
L2

qi
L3

⎤
⎥⎦ (4)

where i = 1, 2, 3, 4,

⎡
⎣r1 r2 r3

r4 r5 r6
r7 r8 r9

⎤
⎦ = R is the rotation matrix,

⎡
⎣t1

t2
t3

⎤
⎦ = t is the translation vector. We could get solution

by solving these four equations combinedly. Next step is to
check if the obtained rotation matrix is close to a strict rotation
matrix. If so, applying the obtained transformation to all the
correspondence pairs. If distance between two corresponding
points after transformation is with a threshold, it is treated
as an inlier, otherwise it is an outlier. Then new four points,
e.g., {p1

L, p2
L , p3

L, p5
L} and {q1

L, q2
L , q3

L, q5
L} are selected for

next iteration. This procedure iterates until the convergence
condition is reached, e.g., number of inliers is larger than a
presented value.

IV. EXPERIMENTS

In the experiments, we compare our DPFNet to the very
recent state-of-the-art 3DSMoothNet, which has shown to
outperform many other learning-based approaches, and also
the very recent end-to-end deep learning-based method Point-
NetLK. And we also compare the proposed method with
other common non-learning baselines methods. For all feature-
based methods, we use default Random Sampling Consensus
(RANSAC), to obtain the transformation from the estimated
correspondences. All our experiments run on an Intel Core i7
PC with 16GB RAM and a TITAN XP GPU.

A. Results of Point Cloud Registration

1) Datasets: We perform the experiments on two datasets:
3DMatch1 [41] and KITTI2 [42]. The former is an indoor

1http://3dmatch.cs.princeton.edu/
2http://www.cvlibs.net/datasets/kitti/
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TABLE I

REGISTRATION RECALL AND ERROR OF DIFFERENT METHODS ON 3DMATCH DATASET

dataset and the latter is an outdoor dataset. To facilitate fair
comparison between all methods (and to facilitate training
with mini-batch), all input point clouds are normalized to
contain 50,000 points, by random upsampling or downsam-
pling. For real applications, the upsampling or downsampling
is not a necessary procedure. Moreover, for the matching
task, it is not the denser the point cloud is, the better the
result will be. For many SLAM or localization algorithm, they
downsample the point cloud first before matching or feature
extraction [43], [44].

2) Metrics: In previous work considering learning based
methods for matching point clouds [10], [11], the authors
presented matching recall as a metric for the network’s perfor-
mance. However, the standard used seems relatively loose, i.e.,
if 5% of the patch pairs of a point cloud are correctly matched,
it counts as a success to the recall. We focus more on the point
cloud registration task but not only on point feature matching,
the precision and robustness of the registration are reported in
this study, as they are important metrics for registration. The
registration recall is defined as:

R = 1

M

M∑
i=1

�(

6∏
j=1

�(� Ti j − T∗
i j �) ≤ τ j ) (5)

where M is the total number of point cloud pairs that could
be matched, T and T∗ are the estimated and ground truth
transformation parameters respectively, each of them has six
values, i.e., rotation and translation along x , y and z axis,
τ j is the j -th threshold. The thresholds are set according to
τ = [0.10, 0.10, 0.10, 0.20, 0.20, 0.20]. Registration precision
is defined as the average error over all six degrees of freedom
of the estimated registrations over all point cloud pairs that
pass the threshold τ (lower is better).

3) Comparison to State-of-the-Art: Quantitative results on
different 3DMatch scenes are provided in Table I. In this
paper, we select four types of methods to compare with,
each of which is a reference method in its own category, i.e.,
ICP [17] in point-wise registration, CPD [25] in distribution
based registration, FPFH [4] in handcrafted feature based reg-
istration, and the state-of-the-art method 3DSmoothNet [11],
PointNetLK [38] in learning based registration. For fairness of
comparison, we assume that we do not have prior knowledge
about the registration, thus randomly sampling 1024 points
for the 3DSmoothNet. From Table I, we can see that our
proposed DPFNet outperforms all the other four methods in
terms of recall. For precision though, the proposed method is
not the best, but the differences are marginal. This indicates

Fig. 4. Recall curve of different methods, x-axis is error threshold with
X × [0.05, 0.05, 0.05, 0.10, 0.10, 0.10], where X = 0, 1, 2, . . . , 20.

that if matching is successful, the precision of the estimated
transformation is also successful. Recall curves of all methods
under various thresholds are shown in Fig. 4, from which we
can see that DPFNet performs best under all thresholds. The
PointNetLK performs much worse than the other two deep
learning-based methods, this is because the generalization of
PointNetLK is not good. If the training data and testing data
are not the same model, its performance degenerates largely.
Moreover, since we do not have classification labels for the
3DMatch dataset, a pre-training is not adopted here. An illus-
tration of typical registration results by various methods are
shown in Fig. 5.

To demonstrate the generalizability, we also test on the
KITTI dataset, while the networks are trained on the 3DMatch
dataset. These two datasets are very different, as the 3DMatch
dataset is collected indoor and the KITTI dataset is collected
outdoor for autonomous driving applications. The goal is to
verify the network’s invariance to the specifics of the scene
on which it has been trained. Results are provided in Table II
and it can be observed that the performance of our approach
degrades but is still comparable to that of some non-learning
based methods, which are invariant to scene specifics by
design. However, the performance of 3DSmoothNet, the state-
of-the-art in learning-based approaches, collapses completely.
The result on 3DMatch and KITTI show that our DPFNet
is an important step towards accurate, robust, and generally
applicable network-based point cloud registration. To further
verify the potential application of the proposed algorithm for
the self-driving task, we plan to build a new dataset which has
the point cloud generated by the Velodyne VLP-16 LiDAR and
ground-truth pose by RTK-GPS. We leave it our future work
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Fig. 5. An illustration of registration results by different methods. The first row is an example for which both 3DSmoothNet and DPFNet match the point
clouds successfully. In the second row, only DFPNet matches the point clouds successfully.

TABLE II

REGISTRATION RECALL AND ERROR OF DIFFERENT METHODS ON KITTI DATASET

TABLE III

REGISTRATION RESULTS THAT ARE TRAINED AND TESTED

BOTH ON KITTI DATASET

to give more results that the proposed method used as the data
association algorithm for the LiDAR-based SLAM.

To further investigate how the proposed method and base-
lines perform on the outdoor dataset, which is especially
important for intelligent vehicles related applications, we also
train the networks using KITTI dataset. We split 80% of every
sequence for training, and the remaining 20% for testing. The
results are presented in Table III. As the training only affects
deep learning related methods, we only report 3DSmoothNet,
PointNetLK and DPFNet in Table III. For results of the
non-learning methods, please see Table II. Compared with
the results in Table II, there is an significant improvement
for the learning-based methods when training and testing using
the same type of data. Moreover, the proposed method DPFNet
performs the best for all the sequences in terms of recall. The
results here is also consistent with that tested on the indoor
dataset presented in Table I.

Another important metric for point cloud registration, espe-
cially for autonomous driving, is the robustness to initial guess.

TABLE IV

REGISTRATION RESULTS WITH RESPECT TO INITIAL GUESS

One of the benefits of the proposed method is that it is not
affected by initial guess. Even if the point cloud rotates or
translates a lot, the feature of every patch does not change as
long as the shape does not deform. As indicated in [25], the
translational error in initial guess is relatively easy to solve by
aligning the center, etc. However, the robustness to poor initial
guess in rotation is still an open problem. Due to this, we only
investigate the performance of various methods with respect to
rotational initial guess in this paper. We test all the methods on
KITTI dataset which is more relevant to autonomous driving.
We select 100 point cloud pairs from the testing set randomly,
and rotate one of the point cloud (source) from 0◦, 15◦, until to
180◦. Then, match the rotated source to the unchanged target
point cloud. The results are presented in Table IV. Here we
show the percentage of successful registration, and the define
of successful registration is the same as equation (5). From
the results, we can see that the learning-based methods are
barely affected by the rotation. While the successful rate of
ICP decreases gradually until no error within the given bound.
CPD is more robust than ICP but is still significantly affected
after the error of initial guess is beyond 60◦. The hand-crafted
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Fig. 6. Error histogram of different methods.

feature FPFH is relatively stable but the successful rate of
it is not as good as 3DSmoothNet or DPFNet. Moreover,
we highlight the proposed method DPFNet performs the best
except the original case among all the methods.

B. Registration Error Distribution

We present registration error distributions of different meth-
ods on 3DMatch dataset with the form of histogram shown in
Fig. 6. From the figure, we can see that FPFH, 3DSmoothNet
and DPFNet perform better than ICP and CPD. Especially
DPFNet, most of its errors concentrate in small domain, which
indicates its robustness for point set registration.

We present more registration results on 3DMatch dataset
(Fig. 8) and KITTI dataset (Fig. 9). In Fig. 8, the first four
rows display examples of successful registration, from which
we can see that good performance of the proposed method
even in some complex situations. The last two rows of Fig. 8
show some failure examples. For failure cases, the overlapping
part of input point clouds are too small or features in the
overlapping part are not remarkable (e.g., plane) and it is hard
for the network to extract distinguished features. In Fig. 9, the
first five rows also show examples of successful registration.
We can see that the proposed method is able to register point
clouds of common roads, intersections, etc. The last two rows
show failure examples on KITTI dataset. One reason of failure
is that there is no good feature in these point clouds, of which
most parts are road surface without buildings, facilities around
it. Another reason is that these data are coarse and noisy.

C. Feature Distribution

We visualize embeddings learned by 3DSmoothNet and
DPFNet using t-SNE [45] in Fig. 7. Here, we randomly pick

Fig. 7. T-SNE visualization of features extracted by (a) 3DSmoothNet and
(b) DPFNet. Features of matched point clouds are denoted in blue and green,
features of non-matched point cloud are denoted in orange color.

two point clouds that can be matched and one point cloud that
does not match them in the kitchen scene of 3DMatch dataset.
In the figure, embeddings of matched point clouds are denoted
in blue and green, embeddings of non-matched point cloud
are denoted in orange. The ideal representation would be that
most parts of blue and green dots are near to each other as
they share common parts of the scene and they do have their
own unique parts. Most of the orange dots do not match the
blue and green as they represent different scenes while some
of the embeddings may represent similar spatial structures.
From Fig. 7 (b), we can see that most blue dots have their
own corresponding dots in the green set in terms of Euclidean
distance, and the orange dots which move far from the two
are not close to both of them. Besides, embeddings in one
point cloud are also distinguished, which could reflect different
spatial structures. From Fig. 7 (a), we can see that embed-
dings extracted by 3DSmoothNet are cluttered. By comparing
Fig. 7 (a) and Fig. 7 (b), we can also see that embeddings
extracted by 3DSmoothNet are not as distinguished as the
embeddings extracted by DPFNet. Distributions of them are
disordered in the space. Thus, in terms of Fig. 7, feature
distribution of DPFNet outperforms that of 3DSmoothNet.

Here we also report the recall in terms of correspondence as
that in 3DSmoothNet [11]. Recall of correspondence is defined
as following equation:

Rc = 1

|P |
|P |∑
p=1

�

([
1

m p

m p∑
i=1

� (� pi − T (qi ) �2< τ1)

]
> τ2

)

(6)
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TABLE V

ABLATION STUDY OF DPFNET ON 3DMATCH IN TERMS OF LOSS FUNCTION AND STRUCTURE CONVOLUTION

Fig. 8. Some registration results by DPFNet on 3DMatch dataset.

where |P | is the number of point set pairs to be matched, m p

is the number of corresponding point pairs after trimming of
p-th matched point set pair as that defined in Section III-D.
Following [10], [11], the threshold in this paper is set as τ1 =
0.1m, τ2 = 0.05. Results are shown in Table VI, where we
just report the results for FPFH [4], SHOT [5], 3DMatch [41],
CGF [46], PPFNet [9], PPF-FoldNet [10], 3DsmoothNet [11]
as that in [11] and add the results of the proposed DPFNet.
Though the result of our method is not as good as 3DMatchNet
but is better than other methods, the gap between DPFNet and
3DSmoothNet is not that large.

D. Computation Time

The average computation time of different methods on
3DMatch dataset is presented in Table VII. ICP is the fastest
among all the five methods with 0.33s on average for one
registration. CPD is the slowest with 2386.25s for one regis-
tration averagely, which is much slower than other methods.
This is partly due to its high runtime complexity of GMM
modeling and coherent optimization. The computational time

Fig. 9. Some registration results by DPFNet on KITTI dataset. The first to
third column are the input point clouds, the matching by ground-truth pose,
and matching by the proposed method respectively.

of PointNetLK is much bigger than that of ICP, but much
smaller than that of CPD. It is similar to the FPFH method,
both are several seconds. For the other two learning-based
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TABLE VI

COMPARISON OF RECALL OF CORRESPONDENCE WITH THE POINT CLOUD FEATURE EXTRACTION METHODS ON 3DMATCH DATASET.
HERE, ‘O’ DENOTES ORIGINAL DATASET, ‘R’ DENOTES ROTATED DATASET

TABLE VII

AVERAGE COMPUTATION TIME OF DIFFERENT METHODS ON 3DMATCH DATASET. FE DENOTES FEATURE EXTRACTION

methods, we present computation time in different procedures
for a better clarification. 3DSmoothNet-based registration con-
sists of three parts: local reference frame transformation and
smoothed density value voxelization (we denote them by
LRF + SDV) which is pre-processing procedure for learning,
feature extraction (FE) procedure and finally RANSAC based
registration. From the table we can see that pre-processing
consumes much of time (72.8%) of one registration. DPFNet-
based registration consists of two parts: feature extraction and
RANSAC based registration. Our method do not need pre-
process, one registration needs 1.23s in total compared with
that of 8.04s of 3DSmoothNet. The computational time of
the proposed method (1.23s) cannot fulfill demand for tasks
that need to be in real time. However, it still makes sense to
improve efficiency in lots of offline tasks such as HD-map
generation for autonomous driving, or tasks do not need to
be real-time such as loop closure detection in SLAM. We use
the proposed method as map matching algorithm, where the
map is pre-built based on RTK-GPS. It is processed offline
to better evaluate accuracy of the proposed method. Error of
localization is within 0.36m in a 3km run.

E. Ablation Study

For a better understanding of the effects that the pro-
posed network modules have on the overall network per-
formance, we test performance with or without including
a specific module. First, we test the effect of our novel
structure-aware loss function. We present registration recall in
three circumstances: 1) a triplet-loss with one corresponding
example in the batch and all the other non-corresponding,
2) batch hard (BH) loss function [11] with one corresponding
example and one hardest non-corresponding example, and
3) our proposed structure-based loss function. The results are
presented in Table V and it can be observed that the proposed
structure-aware loss function plays an important role, as not
using it degrades recall by nearly 10%. We also test effects
of our novel sorted CNN and the structure weighted pooling.
We test performance of the network under four situations:
1) only with sorted CNN, 2) only with structure weighted
pooling, 3) with both of them, and 4) only with max-pooling.
The results in Table V clearly show that the combination
of sorted CNN and weighted pooling has significant impact

on registration, especially the sorted CNN, without which
registration almost fails totally. These ablation experiments
demonstrate the relevance of the proposed novel point cloud
processing methods that form the backbone of our DPFNet
approach.

V. CONCLUSION

We presented a direct deep learning-based point cloud
registration method: DPFNet. Experimental results on indoor
and outdoor benchmark datasets demonstrate that DPFNet
outperforms existing learning-based methods in terms of recall
and generalizability to unseen data. Ablation studies show
that the key to the success of DPFNet are its structure-aware
loss function, to deal with the loose point pairs brought by
FPS point sampling, and its sorted convolution operator, that
prevents having to sample patches in the point cloud before
feeding it into the network. Both allow putting the point cloud
directly into the network and thereby lower the risk of loosing
important information in pre-processing steps, as done by
alternative methods. For future work, we aim to improve on the
FPS point sampling method by automatically learning to select
salient points that are stable across different point clouds.
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