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3D Point Clouds Data Super Resolution-Aided
LiDAR Odometry for Vehicular Positioning

in Urban Canyons
Jiang Yue, Weisong Wen , Jin Han , and Li-Ta Hsu

Abstract—LiDAR odometry algorithms are extensively studied
for vehicular positioning. However, achieving high-precision posi-
tioning using low-cost 16-channel LiDAR in urban canyons remains
a challenging problem due to the limited point cloud density from
low-cost LiDAR and excessive dynamic surrounding objects. To
fill this gap, this paper proposes enriching sparse 3D point clouds
to denser clouds via a novel deep learning-based superresolution
(SR) algorithm before its utilization in 3D LiDAR odometry. We
validate the effectiveness of the proposed method using the KITTI
dataset and a challenging dataset collected in an urban canyon
(with complex environmental structures and dynamic objects) of
Hong Kong. We conclude that significantly denser point clouds
are achieved with considerable accuracy. In addition, significantly
improved performance of 3D LiDAR odometry is obtained in the
evaluated dataset collected in an urban canyon of Hong Kong.

Index Terms—LiDAR, sparse point clouds, superresolution,
convolutional neural network, NDT, LiDAR odometry, vehicular
positioning.

I. INTRODUCTION

ACCURATE positioning is a fundamental part of the re-
alization of safety-critical autonomous driving vehicles

(ADVs) [1]. Light detection and ranging (LiDAR) is a popular
sensor for providing positioning at a high frequency by LiDAR
odometry [2] or map matching [3], [4]. Satisfactory accuracy
can be achieved using high-grade 3D LiDAR with 64 channels
(cost approximately $75000), which provides dense point clouds
of surroundings. Unfortunately, the lasting high price is one
of the major barriers that prevent its commercialization for
ADV. The cost-effective 16-channel LiDAR sensor (cost ap-
proximately $4000) can provide positioning accuracy similar to
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that of the 64-channel sensor in constrained areas with sufficient
environmental features [5]. Unfortunately, the performance is
significantly degraded in challenging areas [6], as only limited
and sparse point clouds are supplied by the low-cost LiDAR.
More importantly, excessive dynamic objects can significantly
distort point cloud registration [7], leading to numerous local
minimums.

The major principle of 3D LiDAR odometry is to accumu-
late the estimation of the relative motion between consecutive
frames of point clouds. Therefore, the performance of LiDAR
odometry relies heavily on the accuracy of point cloud registra-
tion. In recent decades, several point cloud registration methods
have been proposed, such as the generalized ICP [8], normal
distribution transform (NDT) [9], and LiDAR odometry and
mapping (LOAM) algorithms [10]. According to the extensive
comparison in [11], the NDT is more robust in the evaluated
scenarios due to the cell-based detailed modeling of point clouds
using the normal distribution. The LOAM algorithm proposes
extracting the edge and planar features for data association.
Outperforming performance can be obtained in scenarios with
abundant environmental features. However, the performance
cannot be guaranteed in sparse areas with limited environmental
features, especially when low-cost LiDAR is employed. Nu-
merous studies [12]–[14] have been conducted to improve the
performance of LiDAR odometry using low-cost 3D LiDAR
in urban canyons. The straightforward method to increase both
the accuracy and robustness of LiDAR odometry is to integrate
additional sensors. The work in [15] proposes to make use of
the inertial measurement unit (IMU) to provide pose prediction
and motion distortion compensation for point cloud registra-
tion. However, the bias corrections of IMU still rely on the
performance of point cloud registration. In other words, the
core of the system relies heavily on the accuracy of point cloud
registration. The work in [14] goes one step further, where the
16-channel LiDAR and IMU are tightly coupled via factor graph
optimization. Significantly improved performance is obtained
compared with the work in [15]. Unfortunately, only very limited
point clouds are supplied using the low-cost 16-channel LiDAR.
Moreover, the performance of tight integration relies heavily on
the accuracy of the IMU, which is determined by its price. In
short, the limited density of 3D point clouds is one of the major
challenges for improving the performance of LiDAR odometry
using low-cost 3D LiDAR in urban canyons.
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Instead of improving the performance of LiDAR odometry
via integration with additional sensors, the work in [16] proposes
a deep neural network (DNN)-based superresolution algorithm
to enrich sparse point clouds before its utilization in LiDAR
odometry. This is the first work that employs the SR of sparse
point clouds to improve the performance of 3D LiDAR odome-
try. However, only simulated data is validated. How the enriched
point clouds can work in real and dynamic urban canyon remains
an open question. Moreover, the performance of the applied
DNN for superresolution (SR) fails to explore the disconti-
nuity of the surrounding objects in the scene. As a result, its
performance can be significantly challenged in dynamic urban
scenarios. To fully make use of the discontinuity and improve
the performance of point cloud SR, many neural networks have
been studied and mainly validated using the KITTI dataset [17].
Point cloud data completion is well known as superresolution in
the field of computer vision [18]. Normally, there are two types
of sets: LiDAR input only [19] and LiDAR and image [20].
This superresolution started with filter research. It draws more
attention when deep learning-based methods are proposed [21],
[22]. A sparse convolution network that explicitly considers the
location of missing data is proposed to realize superresolution
at sparse depths, achieving a mean absolute error (MAE) of
approximately 0.54 meters [19]. The result is the baseline of
depth completion on the KITTI [17] depth dataset, and the input
is the depth only. The surface normal used as a new depth local
representation is proposed to predict the neighborhood pixel
depth, and it reduces the MAE of the result by 0.226 meters
[23]. Additionally, similar to the guided image filter, a pixel is
a weighted average of nearby pixels. The weights are inferred
from the image by the neuronal network and applied to sparse
depths for a highly dense depth map [24]. The results show
that it reduced the MAE by approximately 0.218 meters, which
currently ranks first in the KITTI leaderboard (by Dec 2019).
However, according to our findings in [25], the contribution
from the image for 3D point cloud SR is limited compared
with point cloud input only. Moreover, the SR based on the
fusion of image and point clouds relies heavily on accurate
spatial and temporary calibration. Moreover, panorama cameras
or multicamera combinations are needed when both the camera
and 3D LiDAR are used in SR, leading to additional costs.

Conventionally, depth map enrichment has poor results on
the edges of objects [20], [26] due to the discontinuity between
objects. A similar phenomenon can also be found in [16].
Moreover, the discontinuity can be even more severe in urban
canyons with numerous dynamic objects. In short, using a DNN
to enrich the depth map is a promising solution to obtain a dense
depth map. However, the discontinuity of the objects inside the
point clouds is one of the major challenges for point cloud SR
in urban canyons.

Inspired by the work in [16] and our finding in [25], we go one
step further by proposing a novel DNN-based and LiDAR-only
SR algorithm, which fully explores the discontinuity between
objects inside 3D point clouds, to enrich sparse 3D point clouds
before their utilization in LiDAR odometry. Moreover, we bring
the SR of 3D point clouds to real applications and explore its
potential in a challenging urban canyon of Hong Kong. We first

analyzed the sparsity of the depth map and the performance
of edge detection with depth input, showing the feasibility
of LiDAR standalone-based point cloud SR. The depth maps
were acquired from the raw sparse point clouds based on the
calibration between the camera and LiDAR [17]. An efficient
residual factorized net (ERFNet) [27] was then employed to
segment the depth map, which explores the discontinuity of
the depth map. Moreover, the sparsity invariant CNN (SCNN)
[19] was employed to predict the dense depth map based on
a sparse depth map, which was projected from the raw sparse
point clouds. Then, the predicted dense depth was fused with
the segmentation outputs from ERFNet using a novel multilayer
convolutional neural network (MCNN) to refine the predicted
depth map. The dense point clouds were recovered from the
predicted depth map. Finally, the enriched point clouds were
employed to perform LiDAR odometry based on the normal
distribution transform (NDT). We believe that the proposed
method can have a positive impact on both the academic and
industrial fields of 3D LiDAR odometry using low-cost sensors.

The remainder of this paper is structured as follows. The
feasibility analysis of a single LiDAR-based SR is presented
in Section II. An overview of the proposed method is given
in Section III. Section IV presents the proposed methodology
before the experimental evaluation is presented in Section V.
Finally, conclusions and future work are drawn in Section VI.

II. FEASIBILITY STUDY OF SINGLE LIDAR-BASED

SUPER RESOLUTION

In this section, we analyze the sparsity of the depth map
and the performance of edge detection with depth input to
show the feasibility of LiDAR standalone-based depth map SR.
According to [25], the sparsity property is important for depth
data SR. If the data are sparse, there are many redundant data in
the depth map. As the 3D point clouds from LiDAR are sparse, it
is theoretically feasible to realize data enrichment with LiDAR
input only without image information. In contrast, if the data
are not sparse, then extra input should be needed to maintain
the reliability of the enrichment results. The following section
makes use of depth data compression as an example to show the
feasibility of depth map standalone-based SR.

In contrast to compressive sensing [28], we consider the
compression of the local information within the depth map.
Inspired by the image compression of JPEG (Joint Photographic
Experts Group) [29], the discrete cosine transform (DCT) [30]
algorithm is employed to compress the depth map under differ-
ent compression rates. The DCT transformation [31] is widely
employed in image, video, and speech coding because of its good
decorrelation and energy compaction properties. Fig. 1 shows
the flowchart of the implemented compression of depth data
using DCT. The input is the depth map, which includes dense
depth data. The depth map is first split into multiple blocks. Then,
DCT is performed for each block. The quantization process is
conducted before compression. Note that the depth map becomes
sparse after compression. To validate the feasibility of SR of
sparse point clouds, reverse DCT is performed to recover the
dense depth map, and the process is named SR.

Authorized licensed use limited to: Hong Kong Polytechnic University. Downloaded on March 11,2022 at 02:37:27 UTC from IEEE Xplore.  Restrictions apply. 



4100 IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 70, NO. 5, MAY 2021

Fig. 1. The baseline sequential flowchart to analyze the compression of the
depth using DCT.

More specifically, DCT in the two-dimensional image (8× 8
blocks) can be written as follows:
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where the function f(x, y) is the intensity of the given im-
age, x and y are pixel coordinates of the image, and x, y =
01, 2 . . . N − 1. The variable N is the scale of the block, F (u, v)
is the coefficient, and u, v = 01, 2 . . . N − 1 are indices. Since
we have the image in the form of cosine functions, it can be
compressed by reducing the accuracy of the coefficient. Subse-
quently, the small coefficients will exactly be zeros.

To evaluate the compressed results, the reverse DCT trans-
formation is employed to restore the compressed data, which is
written as follows:
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The quality of the restored result will be evaluated by the peak
signal-to-noise ratio (PSNR) and compressed rate (CR). The CR
is calculated by the following equation

CR =
‖f̃ (x, y) ‖l0
‖f (x, y) ‖l0 (3)

where f̃(x, y) is the restored result, f(x, y) is the ground truth
of the image, and ‖ ∗ ‖l0 is the l0 norm operator.

The DCT is utilized to predict the superresolution of the depth
map. We presented the well-known superresolution algorithm
SRCNN [32] on two standard benchmark datasets, Set5 [33] and
Set14 [34], and there are 14 images in total. Additionally, the
SSIMs of those images compressed by the DCT are presented in
Fig. 2. As can be seen in Fig. 2, the DCT results have a significant
correlation with the superresolution results.

The depth image from the Middlebury [35] stereo dataset is
employed to benchmark the sparsity of the depth image. One of

Fig. 2. The correlation of DCT compression and superresolution.

Fig. 3. The SR result using reverse DCT on the Middlebury dataset with
CR = 0.05 and MAE = 0.074 meters.

TABLE I
THE COMPRESSED RATE AND RECONSTRUCTED QUALITY

∗Compressed rate CR = 1 means there is no compress.

the depth maps is shown in Fig. 3. The left-side figure shows the
original depth map, where the horizontal and vertical directions
denote the pixel positions. The color denotes the depth of each
pixel. After applying the DCT and reverse DCT algorithms
(shown in Fig. 1) the result is shown on the right-hand side of
Fig. 3 with a high compression rate (CR) of 0.05. Interestingly,
the accuracy of SR of the depth map still reaches a high accuracy
with an MAE of 0.074 meters.

To show the feasibility of the depth map SR, we evaluated the
performance of the compression and reverse DCT on several
different range depth images via different compression rates in
the Middlebury dataset. The results are shown in Table I.

In Table I, the variable 1/CR is used for the reverse DCT, cor-
responding to the CR for DCT. The MAE denotes the accuracy
of reverse DCT. The “range” represents the maximum range of
the depth map collected using stereo cameras. We can see that
the depth image could be well compressed without significant
information loss. Therefore, we argue that sparse depth maps
have a high potential for recovering dense depth maps using
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Fig. 4. Edge of image (left image) and edge of depth image (right image). The
edges extracted from the image are very ambiguous, and it is difficult to provide
a useful target before LiDAR enrichment.

SR algorithms (e.g., reverse DCT) without relying on additional
information such as images. Therefore, we go one step further
in this paper. Instead of using the conventional reverse DCT, we
make use of the state-of-the-art SCNN [19] to recover the dense
3D point clouds from the sparse point clouds. Unfortunately, the
SCNN cannot cope with the discontinuity of the scene, which
limits the accuracy of the SR using the SCNN.

A general understanding of depth completion is that scenes
with semantically similar appearances should have similar depth
distributions [36]. The discontinuity of the scene usually occurs
between the edges of different objects. Therefore, detecting the
edge and producing a decent segmentation of objects can be
a promising solution to improve the SCNN standalone-based
SR. Segmentation of a scene with texture only (e.g., an image)
is an ill-posed problem. As a result, the exact edges cannot
be effectively detected. However, the depth map opens a new
window for edge detection in a scene. The edges of objects
are obtained after scene segmentation is effectively conducted;
however, they rely on extra priors to estimate accurate results.
Conversely, the depth map has a natural advantage for scene
segmentation compared with image-based segmentation.

To show this advantage, we extract the edges from the same
scene using both the colored image and depth map. The left side
of Fig. 4 shows the edge extraction of a colored image using the
Canny detector [37]. As can be seen, the extracted edges from
the image are ambiguous due to the color of the objects. Edge
extraction methods normally treat the surface as a continuous
problem. Therefore, it is difficult to effectively extract the edges
between different objects simply based on the colored image.
Fortunately, the right side of Fig. 4 shows significantly clearer
edge extraction results compared with the image-based method.
Instead of using the conventional edge detection method, this
paper makes use of ERFNet to segment the depth map to
obtain the discontinuity of the scene. Then, both the predicted
dense depth map from SCNN and the segmentation results from
ERFNet are fused via a proposed MCNN. To the best of the

author’s knowledge, this is the first work that effectively explores
the discontinuity of scenes for depth map SR by integrating both
the SCNN and ERFNet.

III. OVERVIEW OF THE PROPOSED METHOD

The overview of the proposed method is shown in Fig. 5. The
input of the system is the sparse point clouds from low-cost 3D
LiDAR. The depth maps are acquired from the raw sparse point
clouds. The SCNN is employed to predict the dense depth map
from a sparse map. To address the discontinuity of the input
depth map, ERFNet [27] is employed to perform the segmen-
tation of the depth map to extract edges of different objects.
Subsequently, a four convolutional layer branch is proposed to
smooth and integrate both the segmentation and the predicated
dense depth map result. The dense point clouds are recovered
from the predicted depth map. Finally, the enriched 3D point
clouds are utilized in 3D LiDAR odometry. The outputs of the
system include dense point clouds and pose estimation from 3D
LiDAR odometry.

In this paper, two open-source codes are employed to imple-
ment our algorithm. The PyTorch implementation of ENet is
employed as the framework of our algorithm implementation
[38]. Another open-source code employed in this paper is the
ERFNet model, which is reused here [39]. Furthermore, accord-
ing to [19], we implement the SCNN model in our network
architecture.

To better understand the proposed architecture, the pseu-
docode of the training is presented in algorithm 1. Each module
function of the implementation, including input and output, is
presented.

The major contributions of this paper are listed as follows:
1) This paper first analyses the sparsity and the performance

of edge detection of the depth data. Based on the analysis, a
novel SR framework is proposed to enrich the sparse point
clouds before its utilization in 3D LiDAR odometry. By
exploring the discontinuity of objects, we relax the draw-
back of [16]. Moreover, compared with our previous work
in [25], this paper eliminates the reliance on panorama
image information, which can lead to high cost. With the
help of the enriched point clouds, improved accuracy of
3D LiDAR odometry is obtained.

2) This paper extensively evaluates the effectiveness of the
proposed SR method using the KITTI dataset. Moreover,
it explores the potential of the proposed point cloud SR
in 3D LiDAR odometry using data collected in a dynamic
and complex urban canyon of Hong Kong.

IV. METHODOLOGY

A. Observation Matrix of SCNN

Regarding the employed SCNN, an observation mask is added
to render the filter output, which is invariant to the actual number
of observed inputs. The following figure shows the observation
matrix, called sparse convolution.

Due to the sparsity of the depth input, the feature input
involves many zero values. The traditional convolution layer
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Fig. 5. The framework of the proposed method. The inputs are the 3D point clouds from a low-cost LiDAR. The output is the dense 3D point clouds and the
pose estimation using LiDAR odometry.

Algorithm 1: Training and Testing of the Point Cloud
Superresolution Model.
Input:
Training data: ground truthYTR(high-resolution point cloud),
inputXTR(low-resolution point cloud);
test data: ground truthYTE(high-resolution point cloud),
inputXTE(low-resolution point cloud)
Output:
The trained LiDAR superresolution model M; the predicated
high-resolution results ˜YTE from input test dataXTE

Initialization:
• Initial the training model of point cloud superresolution
• TR← split the training data (XTR, YTE) into equal parts of K
• Set the parameters of the deep network, N is the number of
epoch

Steps:
1: for each epoch i = 1, 2, . . . , N do
2: each sample L(i) in the XTR fitted in the sparsity invariant
CNN (SCNN) and the ERFNet at the same time
3: Output of the SCNN, ˜HL(i), predicated high-resolution
result of Li

3: Output of the ERFNet, ˜SL(i), predicated segmentation of Li;

each pixel of the Li will be labeled one class in ˜SL(i)

4: Apply Hadamard product between ˜SL(i) and ˜HL(i), having
˜HSL(i). These three matrixes have the same scale

5: Feed the˜HSL(i) into smooth fusion branch, having the final

predicated high-resolution result ˜YL(i)

→ Calculate the loss of ˜YL(i)

→ Back Propagation
→ Update the weight

6: Fit the training model Mi

7: Model Mi evaluation of the test dataset XTE and YTE

8: If Mi is the best model, M = Mi

9: end for
10: Output evaluation results ˜YTE of model M on the input
XTE

cannot effectively cope with these unexpected zero values. In
contrast to the traditional convolution kernel, the applied sparse

Fig. 6. The observation matrix [19] of the input sparse depth data, which keeps
each convolutional layer weight as the input point only. The feature means the
depth input. Mask consists of ‘0’ and ‘1’, and it would be 1 if the depth is
valid; otherwise, it is ‘0’.� denotes elementwise multiplication, and � denotes
convolution.

convolution operation is as follows:

fu,v (x,o) =

∑k
i,j=−k ou+i,v+jxu+i,v+jwi,j∑k

i,j=−k ou+i,v+j + ε
+ b (4)

where ou+i,v+j is the pixel in the observed matrix, and the kernel
size is 2k + 1. xu+i,v+j is the pixel in the depth map, and wi,j

is the weight to be trained.
As mentioned earlier, the segmentation of the scene is im-

portant for depth map superresolution, especially for improving
the quality of the results around the edges of the targets. In
this paper, we employed a 2D convolution network, ERFNet
[27], to segment the targets in the scene. Taking advantage of
ERFNet, the sparse depth map could lead to effective scene
segmentation, which is utilized to improve the superresolution
of the point cloud. To effectively fuse the information from both
ERFNet and SCNN, a smooth branch is proposed (as shown in
Fig. 5) to integrate the scene segmentation results. The network
architecture is mainly constructed by four conventional kernels,
which are inspired by the VGG16 [40]. Rectified linear units
(ReLUs) are used as activation functions. This branch attempts
to extract the local feature to upsample the sparse depth map.
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TABLE II
THE NETWORK OF SMOOTH FUSION LAYER

Fig. 7. The training loss of MAE and RMSE in the KITTI dataset.

B. Loss Function for the Proposed SR Network

The L2-norm (L2) is employed as the loss function to maintain
the smoothness of the result. However, the L1-norm (L1) is
robust at disparity discontinuities and has low sensitivity to
outliers or noise [41]. Therefore, we make use of both the L1
and L2 loss functions, which is shown as follows:

L =
∑
i∈P

(‖Dgt
i −Di‖2 + λ‖Dgt

i −Di‖1
)

(5)

where λ is the regularization parameter, which is given as 0.004
in this paper.

As we know, the KITTI dataset has transferred the point cloud
data into 16-bit Int to save as an image. The proposed network
architecture processes the input of the point cloud as an image,
including the SCNN and ERFNet branches. For evaluation, in the
implementation of our algorithm, the data are transferred back to
distance (unit, meter) by dividing 256. This would significantly
improve the imbalance between the L2-norm and L1-norm in
the loss function. In this paper, we try to compensate for the
unbalanced loss by multiplying the efficiency (1/256) by the
regularization parameter.

C. The Smooth Fusion Using an MCNN

The image segmentation algorithms, such as ERFNet, assign
pixels from one class with the same label number. The different
label numbers would help the predicted depth of the SCNN
distinguish different objects in the scene. It would improve the
predicted depth results sensing ability on the discontinuity of
the point cloud. However, it would cause an unexpected basis.
The smooth fusion branch is proposed to correct the unexpected
basis. The smooth fusion consists of four convolution layers,
specifically, as shown in Table II.

ERFNet follows an encoder-decoder architecture similar to
most segmentation learning methods. The encoder in ERFNet
consists of residual blocks and downsampling blocks. The
downsampling reduces the spatial resolution and pixel precision
[27]. It works well for image segmentation, but it will cause
unexpected error based on depth superresolution.

Compared with the MCNN included in our implementation,
the algorithm without the MCNN will have less accuracy in both
MAE and RMSE loss. The smooth fusion between depth from
SCNN and segmentation predicted by ERFNet is necessary. This
conclusion can be inferred from the test results, which can be
found in Table IV.

D. LiDAR Odometry Based on Normal Distribution
Transform (NDT)

The principle of LiDAR odometry [10] is to track the motion
differences between two successive frames of 3D point clouds
by matching the two frames (called a reference and an input
point cloud in this paper). The matching process is also called
point cloud registration. The objective of point cloud registration
is to obtain the optimal transformation matrix to match or align
the reference and input point clouds.

Typically, the objective function of the iterative closest point
(ICP) [42], which is a well-known solution for point cloud
registration, can be expressed as follows [42]:

C
(
R̂, T̂

)
= argmin

N∑
i=1

||(Rpi +T)− qi||2 (6)

where N indicates the number of points in one scan p, and a R
and T indicate the rotation and translation matrix, respectively, to
transform the input point cloud (p) into the reference point cloud
(q). The objective function C(R̂, T̂) indicates the error of the
transformation. One of the main drawbacks of this method is that
ICP can easily enter the local minimum problem. The normal
distribution transform [43] (NDT) is a state-of-art method to
align two consecutive scans with the modeling of points based
on a Gaussian distribution. The NDT innovatively divides the
point cloud’s space into cells. Each cell is continuously modeled
by a Gaussian distribution. In this case, the discrete point clouds
are transformed into successive continuous functions. In this
paper, NDT is employed as the point cloud registration method
for LiDAR odometry. Assume that the transformation between
two consecutive frames of point clouds can be expressed as
T = [ tx ty tz φx φy φz ]

T . ti indicates the translation in the x-,
y-, and z-axes, respectively. φx represents the orientation angle
of the roll, pitch, and yaw angles, respectively. The steps of
estimating the relative pose between the reference and the input
point clouds are as follows:

1) Fetch all the points xi = 1...n contained in a 3D cell [44].
Calculate the geometry mean q = 1

n

∑
i xi.

Calculate the covariance matrix

Σ =
1
n

∑
i

(xi − q)(xi − q)T (7)

2) The matching score is modeled as:

f (p) =
∑
i

exp

(
− (xi

′ − qi)
TΣi

−1 (xi
′ − qi)

2

)
(8)

where xi indicates the points in the current frame of scan
p. xi

′
denotes the point in the previous scan mapped from

the current frame usingT.qi andΣi indicate the mean and
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Fig. 8. Evaluated scene of point cloud SR from the KITTI dataset [17].

Fig. 9. Experimental vehicle and the evaluated scene of the dataset collected
in Hong Kong.

the covariance of the corresponding normal distribution to
point xi

′
in the NDT of the previous scan.

3) Update the pose using the quasi-Newton method based on
the objective function to minimize the score, f(p).

With all the points in one frame of point clouds being modeled
as cells, the objective of the optimization for NDT is to match
current cells into the previous cells with the highest probability.
The optimization function f(p) can be found in [43]. There-
fore, T can be estimated by optimization. Finally, the LiDAR
odometry is derived by accumulating the motion (T) between
frames.

V. EXPERIMENTAL EVALUATION

A. Experimental Setup

To verify the effectiveness of the proposed method, both
the open-sourced KITTI dataset [17] and real data collected in
dynamic urban canyons of Hong Kong are evaluated. KITTI
provides an edited dataset that is specifically provided for depth
map SR algorithm evaluation with limited dynamic objects.
Moreover, the road structures are similar, which is more friendly
for SR algorithms. The environment scene is shown in Fig. 8,
which mainly involves static environmental structures.

The evaluated scene from an urban canyon of Hong Kong is
shown in Fig. 9, which involves complex road structures (narrow
and broad streets, which can be seen in Fig. 9(b)) and numerous
dynamic objects (car, high-rising double-decker bus, which can
be seen in Fig. 9(c)), leading to considerable challenges to the
proposed SR algorithms. Moreover, dynamic objects can also

challenge the performance of 3D LiDAR odometry. It can be
of interest to determine how the proposed SR algorithm works
in this kind of challenging scene. During the experiments, a 3D
LiDAR sensor (Velodyne HDL 32E) was employed to collect
raw 3D point clouds at a frequency of 10 Hz. In addition, the No-
vAtel SPAN-CPT, a dual-frequency GNSS (GPS, GLONASS,
and Beidou) RTK/INS (fiber-optic gyroscopes, FOG) integrated
in navigation system, was used to provide the ground truth of
3D LiDAR odometry-based positioning. The gyro bias in-run
stability of the FOG is 1 degree per hour, and its random walk
is 0.067 degrees per hour. The baseline between the rover and
GNSS base stations is less than 7 km. All the data were collected
and synchronized using the robot operation system (ROS) [45].
The coordinate systems between all the sensors were calibrated
before the experiment.

Regarding the performance evaluation of 3D point cloud
enrichment, this paper follows KITTI, where both mean absolute
error (MAE) and root mean squared error (RMSE) metrics are
employed. Regarding the evaluation of 3D LiDAR odometry,
we make use of the popular EVO [46] toolkit to calculate the
relative pose error (RPE). Of note, both translation and rotation
are evaluated via EVO. As the dataset from KITTI for SR is
not continuous, 3D LiDAR odometry cannot be implemented
accordingly. Therefore, we only evaluated the performance of
3D LiDAR odometry using the dataset collected in Hong Kong.

B. Dataset for Training and Testing

Two 2080Ti GPUs were used for training and testing based
on PyTorch [47]. We evaluate our framework by computing the
loss on all pixels corresponding to the ground truth.

Regarding the dataset from KITTI, 85898 frames of point
clouds were selected for training, which is from 64 channels of
LiDAR data. One thousand frames of point clouds are selected as
the testing dataset. The ground truth of the SR is the dense point
clouds, which accumulate 10 times 64 channels of the LiDAR
data. Thus, we try to obtain denser point clouds based on 64
channel clouds using our proposed SR algorithm.

Regarding the dataset collected in Hong Kong, 4000 frames
of point clouds were selected for training, which were downsam-
pled from 32 channels of LiDAR data to simulate the 16 channels
of LiDAR. Based on the manual book Velodyne HDL-32E
[49], each laser channel is fixed at a particular elevation angle
relative to the horizontal plane of the sensor. In this paper, we
calculate the HEA of each laser channel with 32 different HEAs.
Every other HEA is selected, forming 16 simulated channels of
LiDAR. Approximately 600 frames of point clouds are selected
as the testing dataset. Thus, we try to obtain 32 channel point
clouds based on 16 channel point clouds using our proposed SR
algorithm.

The applied parameters during the training are shown in
Table III. The same learning rate decay of 0.01 is selected in
both the KITTI and Hong Kong datasets.

C. Evaluation Using the KITTI Dataset

1) Evaluation of Data Enrichment: Table IV Shows the Re-
sults of the Proposed 3D Point Cloud SR Based on the Evaluated
KITTI dataset. An MAE of 0.68 Meters Is Obtained Based on
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TABLE III
THE APPLIED PARAMETERS IN THIS PAPER

TABLE IV
PERFORMANCE COMPARISON OF THE PROPOSED SR ALGORITHM AND

EXISTING ALGORITHMS USING THE KITTI DATASET

SCNN (see Second Row of Table IV). With the Help of the
Proposed Method, Which Explores the Discontinuity of Objects,
Both MAE and RMSE Decrease By Almost Two-Fold (see Sixth
Row of Table IV). The Significantly Improved Accuracy Shows
the Effectiveness of the Proposed Point Cloud SR method. The
Proposed Method Outperforms Both the Lu [49] and the Self-
Supervised [26] Methods Based on the Validated KITTI dataset.
Moreover, We Obtain Similar Performance Compared with the
Recently Proposed Local Net [50]. In Short, the Proposed SR
Method Achieves Considerable Performance, Even Compared
with the Existing State-Of-The-Art Methods.

To present the performance of the proposed SR algorithm in
detail, we compare the accuracies of point cloud SR between
different distance ranges. The distance is between the point
cloud and the center of the 3D LiDAR. An MAE of 0.095
meters is obtained regarding the point clouds between 0∼10
meters relative to the center of 3D LiDAR, with an RMSE of
0.291 meters. Both MAE and RMSE slightly increase to 0.149
and 0.485 meters for the point clouds between 0∼20 meters,
respectively. Interestingly, we can find that decent performance
is obtained regarding point clouds between 0∼20 meters, which
are suitable for indoor perception or SLAM applications. There-
fore, we believe that the application of the proposed SR method
in indoor mobile robotic applications is also an area of interest
to explore.

Fig. 10 shows a selected frame of the depth map from the
validated KITTI dataset. Fig. 10(a) shows the input 64 channel
depth map. Note that the point clouds are already projected
into the depth map in the KITTI dataset. With the help of the
proposed SR algorithm, the density is significantly enhanced,
which can be seen in Fig. 10(b) (MAE: 0.310 meters). Fig. 10(c)
shows that the depth map only includes the point clouds with
ranges between 0∼20 meters (MAE: 0.260 meters). Moreover,
the number of points is increased by two-fold from 19622 (see

Fig. 10(a)) to 62010 (see Fig. 10(b)). To show the details of
the SR, Fig. 11 shows the amplified area corresponding to the
selected areas of Fig. 10. We can see that the proposed SR
(Fig. 11(b)) obtains similar details compared with the ground
truth depth map (Fig. 11(d)). The significantly enhanced detail
again shows the effectiveness of the proposed algorithm.

2) Error Distribution of the SR Point Clouds: Regarding
the original point clouds provided by 3D LiDAR (e.g., HDL
32E), the accuracy is bounded at −0.2 to +0.2 meters [48],
and the error distribution can be modeled using Gaussian noise.
However, as Table IV shows, the RMSE can still reach 1.073
meters even when using the proposed SR method. This inspired
us to determine how the point cloud errors are distributed, which
is significant for the sensor integration of LiDAR with other
sensors, such as inertial measurement units (IMUs). Fig. 12
shows the histogram of the errors corresponding to Fig. 10(b).
The left bound of the error reaches -33.6 meters, which is
significantly larger than the original accuracy (−0.2 to +0.2
meters). Moreover, the right bound reaches 8.07 meters, which
is caused by outliers. As a result, the unexpected outliers lead
to the long-tail phenomenon, which can be seen in Fig. 12.
Therefore, it is difficult to use a single Gaussian noise to model
it. Interestingly, recent work in [51] proposed using the Gaussian
mixture model (GMM) to describe the non-Gaussian distribu-
tion. Inspired by their work, we employ the GMM, denoted by
the blue curve in Fig. 12, to describe the error of the point clouds.
We find that 3 components can effectively fit the histogram. The
table in Fig. 12 shows the parameters (mean, standard deviation,
and weightings). We can see that the first Gaussian component
with a mean of approximately zero only makes up 77.74% of
the GMM. The rest of the GMM is contributed by the other two
Gaussian components that describe the long-tail phenomenon.
In short, we conclude that it is difficult to use a conventional
Gaussian distribution to describe the error distribution of point
clouds after applying SR. The GMM is a promising solution
to effectively model point clouds after SR, especially in sensor
fusion.

D. Evaluation in the Dynamic Urban Canyon of Hong Kong

Instead of relying on the KITTI dataset, this section tests a
challenging dataset (the whole length is approximately 2.01 km)
collected from an urban canyon of Hong Kong to validate the
proposed SR method. In addition, as the collected dataset is
continuous, which is different from the evaluated KITTI dataset
in Section C, we also present the performance analysis of 3D
LiDAR odometry before and after applying the depth map SR.

1) Evaluation of Data Enrichment: Since the performance
evaluation of SR on our Hong Kong dataset is not available based
on previously mentioned methods [26], [49], [50], we only eval-
uate the performance of our proposed SR method in this paper.
Moreover, we open-source our evaluated Hong Kong dataset
by linking it (https://www.polyu-ipn-lab.com/download) to the
benchmark with other researchers.

Table V shows the results of the point cloud SR. An MAE
of 0.472 meters is obtained using the proposed method, which
is slightly larger than the MAE (0.306 meters) in the evaluated
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Fig. 10. (a) The 64 channels input from the KITTI dataset; (b) SR result; (c) SR result with point clouds limited between 0∼20 meters; (d) the ground truth of
dense point clouds from the KITTI dataset; (e) the SR dense result, from which the results of (b) and (c) are acquired; (e) the related camera image, it is not used
in the training or test, as a reference of the dense result only. The point is colored according to the depth, and the color scale is shown on the right of the figure.

Fig. 11. The details of the selected areas corresponding to the blue dashed
rectangles in Fig. 10.

Fig. 12. The error distribution of the point clouds after applying the proposed
SR method in the KITTI dataset. The x-axis denotes the error range. The y-axis
denotes the number of counts.

TABLE V
PERFORMANCE OF DATA ENRICHMENT USING THE HONG KONG DATASET

KITTI dataset. This phenomenon is due to the more complex
environmental structures shown in Fig. 9. Regarding the point
clouds within 0∼5 meters, the MAE decreases to only 0.117
meters with an RMSE of 0.362 meters. Both the MAE and
RMSE increase gradually with increasing distance. Interest-
ingly, an MAE of 0.255 meters is obtained regarding the point
clouds within 0∼20 meters with an RMSE of 1.147 meters. We
believe that this kind of accuracy is still a promising solution for
indoor applications. In short, the proposed depth map SR method
obtains good accuracy even in the evaluated challenging dataset
collected in urban canyons.

Fig. 13 shows a few selected frames of the point clouds from
the Hong Kong dataset. Fig. 13(a) shows the input 16 channel
point clouds. Note that the 16 channel point clouds are strictly
and homogeneously extracted from the 32 channel point clouds
based on the geometric distribution of the rings. Thus, one ring
is extracted for 16 channel point clouds from every two rings
from 32 channel point clouds. With the help of the proposed
SR algorithm, the density is significantly enhanced, which can
be seen in Fig. 13(b) (MAE: 0.325 meters). Fig. 13(c) shows
the point clouds that only include the point clouds with ranges
between 0∼20 meters (MAE: 0.178 meters). Moreover, the
number of points is increased by almost two-fold from 31014
(see Fig. 13(a)) to 60285 (see Fig. 13(b)).
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Fig. 13. (a) The 16 channels input from the Hong Kong dataset; (b) SR result; (c) SR result with point clouds limited between 0∼20 meters; (d) the ground truth
of dense point clouds from the 32-channel point clouds. The point is colored by its depth from the sensor, and the color scale is shown on the right of the figure. A
more detailed video can be found at link (https://www.youtube.com/watch?v=a-hUjiu4Byw).

Fig. 14. The details of the selected areas corresponding to the blue dashed
rectangles in Fig. 13.

To show the details of the SR based on the Hong Kong
dataset, Fig. 14 shows the amplified area corresponding to the
selected areas of Fig. 13. The selected area denotes the part of a
building surface. We can see that the proposed SR (Fig. 14(a))
obtains similar details compared with the ground truth depth
map (Fig. 14(d)). The significantly enhanced detail again shows
the effectiveness of the proposed method. The video of the SR
of the evaluated Hong Kong dataset can be found at the link.

2) Error Distribution of the SR Point Clouds: Similarly, the
error distribution of the point clouds in Fig. 13(b) is also pre-
sented in Fig. 15. The left bound of the error reaches -56.83
meters, which is significantly larger than the original accuracy
(−0.2 to +0.2 meters). Moreover, the right bound reaches 23.74
meters, which is caused by outliers. As a result, the unexpected
outliers lead to a similar long-tail phenomenon, which can be

Fig. 15. The error distribution of the point clouds after applying the proposed
SR method in the Hong Kong dataset. The x-axis denotes the error range. The
y-axis denotes the number of counts.

seen in Fig. 15. An interesting finding is that both the KITTI
and Hong Kong datasets introduce larger left bounds. Thus, the
proposed SR method tends to underestimate the distance of point
clouds. However, the reason behind this phenomenon is still an
open question that will be explored in our future work.

The table in Fig. 12 shows the parameters (mean, standard
deviation, and weightings). We can see that the first Gaussian
component with a mean of approximately zero only makes up
51.45% of the GMM, which is significantly smaller than the
one (77.74%) in the evaluated KITTI dataset. Thus, it is even
harder to describe the error distribution of the Hong Kong dataset
using only one Gaussian component. The rest of the GMM is
contributed by the other two Gaussian components that describe
the long-tail phenomenon. In short, we conclude that the error of
point clouds from the Hong Kong dataset after applying SR leads
to a severe long-tail phenomenon. The GMM is a promising
solution to effectively model the potential error.
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Fig. 16. The trajectory of the evaluated Hong Kong dataset. The red part is
employed to train the SR method in Fig. 5. The blue part is utilized for both SR
validation and LiDAR odometry evaluation.

TABLE VI
PERFORMANCE COMPARISON OF ODOMETRY USING 3D POINT CLOUDS WITH

DIFFERENT DENSITIES

Fig. 17. The positioning errors of the tested methods in the Hong Kong
dataset. The red and green curves denote the positioning errors of 16- and
32-channel point cloud-based odometry, respectively. The blue curve represents
the odometry result using the enriched 3D point clouds.

3) Evaluation of Odometry Based on Enriched 3D Point
Clouds: In this section, we evaluate the potential of the enriched
point clouds in 3D LiDAR odometry. Fig. 16 shows the trajectory
for training (red curve) of the SR algorithm and validation (blue)
purpose. Three different 3D LiDAR-based odometry methods
are evaluated: (1) 16 channel point clouds, (2) enriched point
clouds using the proposed SR method, and (3) 32 channel point
clouds.

Fig. 18. The generated point cloud map based on (a) 16-channel point clouds,
(b) SR-aided point clouds, and (c) 32-channel point clouds. The color is deter-
mined by the height value of the point cloud.

Fig. 19. The trajectories of the tested methods in the Hong Kong dataset. The
red and green curves denote the trajectories of 16- and 32-channel point cloud-
based odometry, respectively. The blue curve represents the LiDAR odometry
result using the enriched 3D point clouds. The black curve represents the ground
truth trajectory.

Table VI Shows the Performance of the Odometry evalu-
ation. A Mean Error of 2.09 Meters Is Obtained Using the
16-channel Point Clouds with a Maximum Error of 8.12 meters.
This Phenomenon Is Mainly Caused By the Limited Density
of Point Clouds, Leading to the Local Minimum Problem in
NDT-based LiDAR odometry. Fig. 17 Shows the Positioning
Error Throughout the test. The X-Axis Denotes the Frame Index
of the Point clouds. The Y-Axis Represents the Positioning error.
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Fig. 20. The top panel shows the point clouds at epoch C annotated in Fig. 16 from the (a) input 16 channel, (b) SR-aided, and (c) 32 channel. The bottom panel
shows the scene captured from Google Earth.

We Can See That the Error Reaches More Than 5 Meters After
Frame 330. With the Help of the Proposed SR Method, the Mean
Error Significantly Decreases to 0.33 Meters with a Maximum
Error of 0.93 meters. Moreover, the STD Is Only 0.23 meters.

The fourth column of Table VI shows the accuracy of the 3D
LiDAR based on the original 32-channel point clouds. We can
see that we obtain similar accuracy compared with the original
32-channel point cloud-based 3D LiDAR odometry.

Fig. 18 shows the generated point cloud map based on the
three listed LiDAR odometry methods. The map generated by
16 channels is significantly smaller due to the erroneous pose
estimation caused by the local minimum. The trajectories of
the three methods are shown in Fig. 19. To show the details
of the reasons leading to a local minimum of NDT-based point
cloud registration, we present the point clouds at epoch A as
in Fig. 19. We can see from the bottom panel that there are
numerous repetitive objects, such as small flower nurseries and
trees. The repetitive scene is one of the major factors leading
to the unexpected local minimum phenomenon. Thus, it is
difficult for the point cloud registration method to find the global
optimum when there are numerous repetitive scenes. Moreover,
we can see from the top panel of Fig. 20(a) that the point cloud
from 16 channels is very sparse, leading to the more severe
local minimum phenomenon. With the help of the proposed SR
method, the density of point clouds is significantly enhanced (see
Fig. 20(b)). As a result, more details of objects are recovered in
the generated point cloud map accordingly. In short, we conclude
the following:

1) Although the accuracy of the point clouds after applying
SR reaches 0.472 meters (see Table V), we still achieve
similar accuracy in 3D LiDAR odometry in the evaluated
Hong Kong dataset compared with the 32-channel dataset.
Moreover, the denser point cloud map is generated with
the help of the proposed SR method, which can be seen in
Fig. 18.

TABLE VII
PERFORMANCE COMPARISON OF ODOMETRY BASED ON ICP [54] USING 3D

POINT CLOUDS WITH DIFFERENT DENSITIES

2) We do not argue that our method can achieve similar
performance compared with the 32-channel method in
all scenarios. However, the proposed method can signif-
icantly improve the performance of 16-channel LiDAR-
based odometry in sparse scenarios (e.g., Fig. 19) with
limited or repetitive environmental structures.

4) Discussions: To show the generalization capabilities of
the proposed method, we present the performance of the LiDAR
odometry the other two typical point cloud registration methods,
the generalized iterative closest point (G-ICP) [8], [10], and the
iterative closest point (ICP) method [5], [52]. The trajectories
of the LiDAR odometry using the G-ICP method are shown in
Fig. 21, which is similar to Fig. 19. The positioning error of
the G-ICP is shown in Table VII. We can see that a similar im-
provement is also obtained for G-ICP-based LiDAR odometry,
with the mean error decreasing from 0.35 m (16-channel 3D
point clouds) to 0.27 meters (SR-aided 3D point clouds). This
improvement can also be seen from the trajectories shown in
Fig. 21. Moreover, we obtain similar accuracy after applying the
proposed enriched point clouds compared with the 32 channel
point cloud-based LiDAR odometry.

Fig. 22 shows the trajectories of the LiDAR odometry us-
ing ICP, which is similar to Fig. 19. Interestingly, all three
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Fig. 21. The trajectories of LiDAR odometry based on G-ICP using the Hong
Kong dataset. The red and green curves denote the trajectories of 16- and 32-
channel point cloud-based odometry, respectively. The blue curve represents the
LiDAR odometry result using the enriched 3D point clouds. The black curve
represents the ground truth trajectory.

Fig. 22. The trajectories of LiDAR odometry based on ICP using the Hong
Kong dataset. The red and green curves denote the trajectories of 16- and 32-
channel point cloud-based odometry, respectively. The blue curve represents the
LiDAR odometry result using the enriched 3D point clouds. The black curve
represents the ground truth trajectory.

trajectories are significantly shorter than the ground truth tra-
jectory (black curve), leading to a large mean error. Interest-
ingly, although the mean error is large, we find that the LiDAR
odometry based on the proposed enriched point clouds deviates
dramatically from the ground truth trajectory, which is even
worse than the other two methods (green and red curves). This
phenomenon occurs because ICP directly estimates the trans-
formation between two frames of point clouds using the point
distance, which relies heavily on the initial guess of the trans-
formation. Otherwise, it can easily get into a local minimum.

After enriching the point clouds using the proposed SR method,
the local minimum issues can be even more severe. A similar
phenomenon was also witnessed in [54]. Instead of simply esti-
mating the transformation between two frames of point clouds
using the point distance, the G-ICP and NDT methods make use
of the Gaussian model to describe the geometric distribution
of the point clouds. Moreover, the G-ICP and NDT are less
sensitive to the initial guess due to the point description using
the Gaussian model compared with the ICP. With the help of
the proposed superresolution method, more details (see Fig. 13)
are recovered, leading to a better geometric distribution. As a
result, improved accuracy is obtained in G-ICP- and NDT-based
LiDAR odometry tests.

VI. CONCLUSION AND FUTURE WORK

Achieving accurate positioning in urban canyons using a
low-cost 16-channel 3D LiDAR sensor is still a challenging
problem due to the sparsity of supplied 3D point clouds. This
article opens a new window for improving the performance of
3D LiDAR odometry in urban canyons by proposing to enrich
sparse 3D point clouds to a denser one via a novel deep learning-
based superresolution (SR) algorithm before its utilization in
3D LiDAR odometry. In contrast to SCNN, this paper relaxes
the drawbacks of the work in [16], which fails to explicitly
explore the discontinuity of 3D point clouds. Moreover, this
paper eliminates the reliance on the camera compared with our
previous work [25]. Regarding the performance of point cloud
SR, we deliver considerable accuracy, even compared with the
state-of-the-art methods [26], [49], [50]. The results show that
exploring the discontinuity of 3D point clouds can effectively
improve the accuracy of SR. Moreover, the performance of
3D LiDAR odometry is significantly improved in the evaluated
Hong Kong dataset with the help of the enriched 3D point clouds.
The improved results show the effectiveness of the proposed
method.

With the significantly enhanced point cloud density, the capa-
bility of environmental description can be improved accordingly.
We will explore the potential of the enriched 3D point clouds in
detecting [55], [56] or correcting [57] global navigation satellite
system (GNSS) outlier measurements in the future. We will
explore the potential of the integration of the enriched 3D point
clouds with other sensors, such as IMU and GNSS. Moreover,
the study of the proposed SR method in indoor applications will
also be performed, which we believe can be a promising research
direction.
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