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Implicit Point Function for LIDAR
Super-Resolution in Autonomous Driving

Minseong Park

Abstract—LiDAR super-resolution is a relatively new problem
in which we seek to fill in the blanks between measured points when
a low-resolution LiDAR is given, making a high-resolution LiDAR
or even a resolution-free LIDAR. Recently, several research works
have been reported regarding LiDAR super-resolution. However,
most of the works on LiDAR super-resolution have the drawback
that they first transform 3D LiDAR point cloud into 2D depth map
and upsample the LiDAR output by applying the image super-
resolution method, ignoring the 3D geometric information of the
point cloud obtained from a LiDAR. To solve the above problem,
we propose a new deep learning network named as implicit point
function (IPF). The basic idea of IPF is that when we are given
low-resolution point cloud and a query ray, we generate the 3D
target point embeddings on the query ray using on-the-ray posi-
tional embedding and local features, preserving the 3D geometric
information of the given point cloud. Then, we aggregate them into
one target point via the attention mechanism. IPF enables us to
learn continuous representation of 3D space from low-resolution
LiDAR and upsample a small number of layers to any number that
we want. Finally, our IPF is applied to large-scale synthetic dataset
and real dataset, and its validity is demonstrated by comparing
with the previous methods.

Index Terms—Autonomous vehicle navigation, deep learning for
visual perception, LiDAR.

1. INTRODUCTION

of mobile robotics and autonomous vehicles because it
outputs the relatively precise distance to the obstacles compared
with other sensors such as a camera. But the main drawback of
the LiDAR is that the output from the LiDAR is quite sparse. In
particular, the farther the distance is, the sparser the measured
data points are, making the perception using the LiDAR very
difficult when the obstacles are slightly far from the LiDAR.

l IDAR is receiving attention as a primary sensor in the field
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The evidence for this can be found in widely-used public LIDAR
datasets [1], [2], [3]. Understandably, the high-end LiDAR with
a large number of layers will mitigate the problem, but it will
increase the cost significantly. Thus, LiDAR upsampling and
super-resolution is receiving attention as the solution to the
problem.

Over the last few years, several research works have been
reported on the LiDAR super-resolution. Early works on LIDAR
super-resolution were motivated by image super-resolution. Ba-
sically, they employed convolution-deconvolution frameworks
and sought to learn an explicit function which directly maps a
given low-resolution image to target resolution image of RGB
(or depth) in image super-resolution [4], [5], [6], [7] (or Li-
DAR super-resolution [8], [9], [10]). However, these methods
have the disadvantage that since the resolution of the output
is fixed, new training is required when the target resolution is
changed.

Recently, implicit function methods are being reported regard-
ing the LiDAR super-resolution. The key difference between
explicit [8], [9], [10] and implicit function methods is that the
explicit function methods learn to predict the depth for the
query image, whereas the implicit function methods learn to
output not the depth but the component of the depth, which
will be combined with other component to make the final depth
prediction. As a pioneering work in image super-resolution,
Local Implicit Image Function (LIIF) [11] was reported to learn
local signal function from the query ray as the component
of the final RGB value prediction. It outputs the final RGB
value by applying the linear interpolation to the local RGB
values predicted from each neighboring coordinates. Motivated
by LIIF, Implicit LiDAR Network (ILN) [12] was reported as
a pioneering work in LiDAR super-resolution for upsampling
the LiDAR input. The key difference between them is that
LIIF learns the local signals and aggregate them using linear
interpolation, while ILN learns relative weight for measured
signals and blend them using the learned weights via nonlinear
interpolation. ILN showed almost the state-of-the-art (SOTA)
performance in LiDAR super-resolution.

Despite the recent success in ILN, we believe that there is still
a room that we can exploit in ILN to improve the performance.
Specifically, 1) even though the ILN combines the measured
points via nonlinear interpolation, the output is still weighted
average (=convex combination) of the measured points. Thus,
the output cannot be less than the minimum distance of the
measured points and cannot be greater than the maximum dis-
tance of the measurement points, reducing the ability to cope
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Fig. 1. Comparison between LIIF [11], ILN [12] and ours. * indicates the
output predicted by the network. (a) LIIF learns the local depths; (b) ILN
learns relative weights; (c¢) Our IPF learns 3D points and weights preserving
3D geometric information.

with the abrupt depth change. 2) The key characteristics of the
output of a LiDAR is the 3D geometric information of the point
cloud. However, ILN degenerates the 3D point cloud to 2D depth
map and upsamples the depth map in a 2D-specific manner, not
fully exploiting the 3D geometric relation between the measured
points and the query ray. Specifically, ILN does not directly force
the measured points to move to the 3D query ray but indirectly
estimates the depth of the query ray, not imposing the constraint
that the predicted point lies on the 3D query ray, as shown in the
Fig. 1.

To solve the problem in ILN, we propose a new deep learn-
ing network named Implicit Point Function (IPF). The com-
parison between previous works, LIIF and ILN, and our IPF
is summarized in Fig. 1. The key idea of IPF is that when
low-resolution LiDAR point cloud and a query ray are given,
we generate the target point embedding not in the 2D depth
image but on the query ray in the 3D space using on-the-ray
positional embedding and the local feature of each neighboring
measured point, as shown in Fig. 1(c). Then we compute the
relative weight for each target point embedding via attention
mechanism and aggregate the target point embeddings using the
computed weights. When we compute the weight for each target
embedding, we use Transformer [13], [14] and it is motivated
by ILN [12].

In this letter, we propose a novel implicit-based network for
LiDAR super-resolution, which is named as Implicit Point Func-
tion (IPF). The technical contributions of our IPF are twofold.
1) When low-resolution point cloud and a query ray are given,
we directly force the measured points to move onto the 3D
query and impose the constraint that the predicted point lies
on the 3D query ray, fully exploiting the geometric relationship
between the measured points and the query ray. 2) We also
propose on-the-ray positional embedding that enables IPF to
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capture global spatial context and the local geometric relation-
ship between the measured point and the query ray in a 3D-
specific manner. Using the above two technical contributions,
our IPF achieves state-of-the-art performance on the synthetic
large-scale CARLA dataset [12], [15] and the SemanticKITTI
dataset [16].

II. RELATED WORKS

In the field of upsampling or super-resolution, there are three
different yet similar tasks: (1) point cloud upsampling, (2) image
super-resolution, and (3) LiDAR super-resolution. To tackle
these tasks, there are two different solutions: (i) explicit methods
and (ii) implicit function methods.

1) Explicit methods: Explicit methods involve training a
network to generate virtual data that matches the given real
data. Regarding the application of explicit methods to image
super-resolution, several works have used convolutional neural
networks [4], [5], [6], [7], [17] to generate high-resolution
images.

Regarding the application of explicit methods to point cloud
upsampling, PU-Net [18] can be considered as a pioneering
work that directly upsamples low-resolution point clouds. Build-
ing on PU-Net, other works have employed explicit methods,
such as PU-GAN [19], PU-GCN [20], LiUpNet [21], and PU-
Dense [22], to upsample point clouds. PU-GAN [19] uses a
generative adversarial network, while PU-GCN [20] employs
a graph convolutional network and NodeShuffle module. Li-
UpNet [21] utilizes a transformer-based feature extractor and
density-invariant feature consistency loss, and whereas PU-
Dense [22] processes a diverse set of point clouds with variable
input size by employing a 3D multi-scale architecture using
sparse convolution.

Finally, regarding the application of explicit methods to Li-
DAR super-resolution, several works have been reported [8], [9],
[10], and they are motivated by image super-resolution because
the image SR methods can be applied to LiDAR SR by repre-
senting 3D LiDAR data on a 2D plane by replacing color or in-
tensity with depth. These works use convolution-deconvolution
frameworks to explicitly map low-resolution LiDAR data to
high-resolution LiDAR data. However, they have the limitation
of requiring retraining when the target resolution changes.

2) Implicit function methods: Implicit function methods in-
volve training a network to learn a function that represents the
sensor signals. Compared to explicit methods, the key advan-
tages of implicit function methods are their flexibility, com-
pressibility, and generality [23]. When applied to upsampling or
super-resolution, the network in implicit function methods can
be trained to learn the continuous representation of the input
data. Thus, once a network is trained, it enables upsampling to
any desired target resolution, including resolutions up to x30
or x40. In contrast, explicit function methods require separate
training for each target resolution, which can be less effective.
However, the drawback of implicit function methods is their
limited interpretability, as their trained results are difficult for
humans to understand.
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Overview. When a set of low-resolution LiDAR point cloud is given, an encoder in the left of the figure extracts a set of point embeddings. From the

set, four point embeddings Z’ = {[py; z,g]}f:1 which are closest to the given query ray are selected. The implicit target point encoding function takes the four

4

neighboring point embeddings Z’ = {[p¢;z¢]}7_; and the query ray as input, and returns target point embeddings Z* = {[p};z}]}4_; which lie on the query
ray. Finally, the target points are aggregated to one target points by target point aggregation function.

Regarding the application of implicit function methods to im-
age super-resolution, Local Implicit Image Function (LIIF) [11]
was reported as a pioneering work to learn local RGB function
as an implicit function. In LIIF, the 2D image was upsampled
regardless of the target resolution by learning a mapping from
the low-resolution image to the component of the target image,
rather than to the target image itself. Regarding the application
of implicit function methods to LIDAR super-resolution Implicit
LiDAR Network (ILN) [12] was reported as an implicit network.
ILN [12] was motivated by [11]. The basic idea of [11] was
to represent LiDAR data on a 2D plane by replacing color or
intensity with depth and to leverage the techniques developed
for “Image Super-Resolution” for up-sampling LiDAR data.
However, ILN has the weakness point that it does not fully use
the 3D geometric relation between the measured points and the
query ray, and that is the point that we will exploit in this letter.

III. IMPLICIT POINT FUNCTION
A. Overview

In this letter, our goal is to fill in the blank pointed by a query
ray r € R? (= the 3D geometry of r) based on a set of low-
resolution LiDAR point cloud P = {p; € R3}¥,. Here, the
query ray r is assumed to start from the origin of the LiDAR.
To achieve this goal, we propose a new deep learning network,
Implicit Point Function (IPF), which enables us to predict the
continuous representation of the given environment. The IPF is
a function that takes a set of point embeddings Z = {[p;; z;] €
R3+DPYN | and a query ray r as inputs, and returns a target point
p € R3 which lies on the query r as output, where z; € R? is
the point feature; p; € R? is the 3D position of z;; D is the
feature dimension; NV is the number of points. Therefore, the
IPF is defined as follows:

p=IPF(Z,r). (1)

As illustrated in Fig. 2, Our IPF is a composition of two
functions: 1) implicit target point encoding function fg and

2) target point aggregation function g¢. With these functions,
IPF = g4 o fo is reformulated as follows:

(o)) e

where Z’ C Z is a set which consists of four neighboring point
embeddings [p;; z:] around the query ray r. Details of these
functions, fg and gs, are described in Sections III-C and III-E,
respectively.

IPF(Z,r)=gs | |J
[pt;zi]ez’

B. Point Feature Encoding

We feed the set of low-resolution points P to a backbone
network to obtain the set of point embeddings Z. In this letter,
we utilize the same backbone network EDSR [7], which has been
previously employed in works such as [11] and [12], EDSR is
known for its utilization of simplified ResNet blocks achieved
by removing unnecessary batch normalization layers from the
ResNet blocks of SRResNet [5]. The reason for removing batch
normalization (BN) in EDSR is that 1) BN layers have the
potential to limit model flexibility by normalizing the features,
and 2) eliminating BN can reduce GPU consumption. It is worth
noting that other backbone networks, such as PointNet++ [24],
can also be used in this context.

C. Implicit Target Point Encoding Function

Different from the previous works [11], [12] which transform
point cloud P into 2D depth map and upsample the depth
image for each query, our network upsamples the LiDAR point
cloud using the 3D geometric relationship between point and
ray without projection onto the 2D image. Specifically, we
directly project the measured points onto the 3D query and and
impose the restriction that the predicted point lies on the 3D
query ray, fully leveraging the geometric relationship between
the measured points and the query ray. To realize the idea, we
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embedding p; is orthogonally projected onto a query ray r. Then the depth

offset &; is added to the orthogonal projection p¥ "°J and the feature offset Azy

is added to the point embedding feature z;.

design the implicit target point encoding function fg using a
deep learning network with a set of learnable parameters O.

When aquery ray r is given, we simply select four neighboring
point embeddings Z’ = {[p¢; z;]};_, around the query ray r as
in [11], [12]. Neighboring point embeddings Z’ are selected so
that pixel coordinates are closest to the query ray.

The goal of the implicit target point encoding function fg is
to generate the four target point embedding Z* = {[p}; z;]}{;
on the query ray r from the neighboring point embedding Z’' =
{[p+; z¢|}}_, and to capture 3D spatial context in the point cloud
P. A target point embedding To this end, we define the implicit
target point encoding function fg : R30 x R3 s R3+P2:

{pf] ~ fo <M ,r> , 3)
Zy Zy

which takes each neighboring point embedding [p¢; z:] and the
query ray r as input, and returns the corresponding target point
embedding [p;;z;] as output. As shown in Fig. 3, the implicit
target point encoding function fg is realized by:

{A‘S;J — MLP (F (I;Z’r)] IG) : )

p; = p!"” +4r, (5)

Z: = Z + AZt, (6)
where 8, € R is the depth offset on the query ray r from p?”*’;
Az; € RP is the feature offset; I' is the on-the-ray positional
encoding function, which encodes the information about the
relative position of each neighboring point p; and a query ray r;
pl"% € R3 is the orthogonal projection point p; onto the ray r.
The on-the-ray positional encoding function will be explained
in the next subsection.

D. On-the-Ray Positional Encoding Function

The local geometric relationships among four neighboring
points p; on the ray r should be encoded into a target point
embedding [pj;z;] to perform super-resolution. To this end,
we define the on-the-ray positional encoding function I' : R? x
R3 — R!8L that takes one of the four neighboring points p;
and r as input and returns the on-the-ray positional embedding
as output, using high frequency positional encoding function
v : R3 = R [25] which maps input to a higher dimension
space, where L is a hyper parameter and L = 10 in this letter.
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dimension space, and then concatenated.

are mapped by ~y to a higher

The on-the-ray positional encoding function I is defined by

7 (r)
Pper) = | 7 (pF”) | er®, 7
g (Pt -p{"” )
proj

where p, "~ is the orthogonal projection of a neighboring point
p: onto the query ray r by

pi = (p¢ 1)T. ®)
The on-the-ray positional encoding function I" is depicted in
Fig. 4. The three vectors, query ray r, projection p;’ *’, and
rejection p; — pt’’, include the geometric information to cap-
ture the 3D relation among the ray and the neighboring point
embedding [p¢; z;]. The query ray r provides directional guide
for super-resolution; the projection p{”*’ provides coarse infor-
mation about the location of neighboring points on the ray r;
and the rejection p; — pY”* provides fine information between
the query ray and the neighboring point. By combining the
information from the three vectors (=r,p!"”,p; — pt" ), we
can capture the 3D geometric relationship between the query ray

and each neighboring points in 3D space.

E. Target Point Aggregation Function

Given a set of target point embeddings each of which is ob-
tained from the corresponding neighboring point, we aggregate
the target point embeddings to determine the final target point. To
achieve this goal, we define the target point aggregation function
go : R&*GHD) , R3:

pP=gs(27), )

which takes the set of generated target point embeddings Z* =
{[p;;2;]};_, as input and returns the final target point p as
output. The target point aggregation function is a composition
of the weight prediction via attention mechanism (ATT) and the
target point pooling. Then, the target aggregation function g is
reformulated as follows:

{w;}iy = ATT(2"),

b = pooling ({uw;}{_, {pi}iy).

(10)

(1)
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1) Weight Prediction via Attention Mechanism: Since each
target point embedding [p;; z;] obtained from the original em-
bedding [p;;z:] only captures the limited local information
about the target prediction, we have to aggregate the four target
point embeddings to get reliable target prediction. Understand-
ably, we have to focus on (or attend to) a certain target point
embedding rather than the remaining three embeddings. To this
end, we apply the self-attention mechanism to select a target
point embedding [p;; z;] that we have to focus on, or to predict
the weights of the target points. The self-attention is realized
using a Transformer [13], [14] to compute the weight of each
target point embedding [p;; z;] and it is similar to [12]. The only
difference from [12] is that the on-the-ray positional embedding
is used to capture the 3D information between the four target
point embeddings. Combining the local structure obtained from
four target point embeddings enable us to use enriched spatial
context about local regions and to make final prediction.

2) Target Point Pooling: Given a set of predicted weights
{w}}}_, and the corresponding set of target points {p; }?_;, we
apply to get the final prediction

Z w; Py

Here, it should be noted that unlike ILN in which the prediction
is limited to the interval defined by the minimim and maximum
values of {p;}7_,, the range of values produced by our IPF is
not constrained by the minimum and maximum distances to the
measured points. The reason is that p; = p}"*’ + §;r and the
offset parameter ¢; is computed from the MLP.

12)

F. Loss

We aim at minimizing the error between predicted and
ground-truth depth while ensuring that fine details are preserved,
and the network remains robust to small outliers. To achieve this
goal, IPF is trained in a supervised way using the L1 loss given
by

M
L=>"|pi-ri—d, (13)
i=1

where i is the index of query ray; M is the number of query
rays used in training; dft is the ground-truth depth of query
ray r;. In our letter, we chose to use L1 loss instead of L2 loss
due to its robustness to outliers and lower sensitivity to high
differences between predicted and actual values. If L2 loss is
used, it will “square” the effect of high differences between
predicted and actual values, thereby significantly being affected
by some outliers.

IV. EXPERIMENTS

A. Experimental Setting

1) Dataset: To validate our IPF, we use CARLA dataset
as a benchmark dataset. The CARLA dataset contains eight
scenarios recorded on urban roads by previous research [12].
Six scenarios (Town 01 - 06) are used for training and the
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remaining two scenarios (Town 07 and 10) are used for testing.
Thus, we can say that the training and test sets are completely
distinct and different from each other, except that both are
captured on urban roads. The total numbers of scenes for train
set and test set are 22,244 and 2,847, respectively. The LiDAR
specification is that vertical Field of View (FoV)is —15° ~ 15°;
horizontal FoV is 0° ~ 360°; maximum distance is 80 m. To
check the continuous representation and test the scalability of
the competing methods, we train the networks to upsample 16 x
1024 to only one resolution 128 x 2048 but test the networks to
upsample 16 x 1024 to three different resolutions: 64 x 1024,
128 x 2048, and 256 x 4096. The testing environment with a
target resolution equal to or lower than the trained resolutions are
called in-distribution (64 x 1024, 128 x 2048), and the testing
environment with higher resolutions is called out-of-distribution
(256 x 4096).

2) Evaluation Metric: We use the same evaluation metrics
with the previous work [12]. For the 2D representation, we
measure Mean Absolute Error (MAE) in the form of 2D depth
map. For the 3D representation, we measure the Intersection of
Union (IoU), Precision (Prec.), Recall (Rec.), and F1-Score (F1)
in the form of voxel scene with a voxel size of 0.1 m.

B. Experimental Results

1) Quantitative Comparison Results: Our IPF is compared
with LiDAR-SR [9], bilinear interpolation, LIIF [11], and
ILN [12]. Since LiDAR-SR is an explicit function method, it
directly learns the depth for each resolution and thus, it is trained
separately for each resolution using the GT images. On the other
hand, LIIF, ILN and IPF are implicit function frameworks, and
they are trained only on 128 x 2048. We also compared our
network with bilinear interpolation as a baseline.

Our IPF is compared with the previous works for both in-
distribution and out-of-distributions in Table I. The results of
LiDAR-SR, LIIF-LE, and ILN are taken from [12]. Addition-
ally, we also trained the LIIF without LE (Local Ensemble).
For both in-distribution (64 x 1024, 128 x 2048) and out-
of-distribution test (256 x 4096) IPF achieves state-of-the-art
results in almost all metrics and scales. In particular, IPF signif-
icantly outperforms all the previous methods in all 3D related
metrics such as IoU, Precision, Recall, and F1-Score. Only in
MAE for target resolution 256 x 4096, LIIF is slightly better
than ours.

2) Qualitative Comparison Results: Fig. 5 shows the com-
parison of qualitative results on CARLA dataset. We marked
the area that we have to focus on using magenta boxes. In the
first and second rows, our IPF shows better results in detailed
representation compared to other methods. Specifically, since
ILN only blends the depth values of neighboring pixels, it cannot
cope with the case in which the GT depth is not represented by
the weighted sum (=convex combination) of the depth values
of four neighboring points. For example, please see the ground
point under the vehicle in first row or the empty space at the
bottom of the structure in second row. On the other hand, our
IPF recovers them better than ILN by capturing spatial context.
In the third row, it is shown that our IPF is more robust to noise
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Qualitative comparison results. We marked the area that we have to focus on using magenta boxes. Compared to other methods, our IPF shows better

results in detailed representation, robustness to noise and reliability of ground point prediction.

TABLE I
LIDAR SUPER-RESOLUTION RESULTS ON CARLA DATASET. BOLD AND
UNDERLINED INDICATE BEST AND SECOND-BEST PERFORMANCE FOR EACH
METRIC, RESPECTIVELY. *CONVOLUTION-DECONVOLUTION FRAMEWORK
THAT IS TRAINED WITH TARGET RESOLUTION GROUND TRUTH

Method | MAE [m]l  IoUf  Prec.t Rec.t F17
Target resolution: 64x 1024
LiDAR-SR [9]* 1.560 0.233 0370 0377 0.373
Bilinear 2.372 0.202 0322 0328 0.325
LIIF [11] 1.531 0.262  0.407 0413 0410
LIIF-LE [11] 1.558 0.258  0.403  0.409  0.406
ILN [12] 1.536 0329 0483 0486 0.484
Ours 1.527 0346 0505  0.506 0.505
Target resolution: 128 x2048
LiDAR-SR [9]* 1.746 0.161  0.262 02838  0.274
Bilinear 2.591 0.165 0.268 0287  0.277
LIIF [11] 1.689 0.248 0384  0.403 0.393
LIIF-LE [11] 1.714 0.236 0372 0388  0.379
ILN [12] 1.690 0331 0483 0498 0.491
Ours 1.676 0374 0533  0.541 0.537
Target resolution: 256 <4096
LiDAR-SR [9]* 1.753 0.127 0207 0245 0.224
Bilinear 2.646 0.163  0.256 0303  0.277
LIIF [11] 1.737 0213 0329 0370 0.348
LIIF-LE [11] 1.923 0.158  0.221 0356  0.272
ILN [12] 1.763 0.232 0353 0396 0.373
Ours 1.758 0246 0386  0.398  0.392

at the boundary of the occluded area than other methods. In the
fourth row, IPF predicts the ground points more reliably than
other methods, even when the low-resolution input point cloud
has only a few points. This result shows that IPF has strength in
capturing 3D spatial context over the previous methods.

3) Qualitative Results on Different Target Resolutions: Fig.6
shows the qualitative results on the scalability of the competing
networks. This figure demonstrates that IPF shows the robust
upsampling results even when the target resolution changes.
From the figure, it can be seen that IPF successfully recover

TABLE I
LIDAR SUPER-RESOLUTION RESULTS ON SEMANTICKITTI DATASET. BOLD
AND UNDERLINED INDICATE BEST AND SECOND-BEST PERFORMANCE FOR
EACH METRIC, RESPECTIVELY. ALL METHODS WERE TESTED BY QUERYING
ALL RAYS WHOSE GEOMETRY WAS OBSERVED

Method \ MAE [m]] IoUtT  Prec.t Rec.t F11
Bilinear 2.463 0.123 0207 0.225 0.216
LIIF [11] 1.941 0.136  0.234  0.240 0.237
LIIF-LE [11] 2.152 0.093 0.135 0.221  0.168
ILN [12] 2.040 0.146 0.254 0.247 0.251
Ours 1.897 0.146 0.261 0.241 0.251

the geometry of missing points from the low-resolution to high-
resolution in both in-distribution and out-of-distribution tests.

C. Real Application

What really matters is the application to the real-world
problem. Thus, we applied all the competing methods to Se-
manticKITTI [16] validation set (08). Specifically, we first
down-sampled the point cloud from Velodyne HDL-64E and
generated a 16 x 1024 depth map. Then, we trained all the
competing models on the CARLA dataset during 400 epochs
and tested them for SemanticKITTI by predicting the depth of
all the rays whose measurements are available.

As in the CARLA dataset, in the SemanticKITTI dataset,
IPF achieved state-of-the-art performance compared to previous
methods. This implies that our proposed 3D-specific approach
works with real dataset as well as synthetic dataset. The quan-
titative results are summarized in Table II and the qualitative
result is illustrated in Fig. 7

V. IMPLEMENTATION DETAILS & ABLATION STUDIES

This section is provided in a supplementary file due to the
page limit. The supplementary file is available at https://github.
com/MSP922/IPF
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Fig. 6.
tests.
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Input (16 X 1024) Result (64 x 2048)

Fig. 7. Qualitative result on SemanticKITTI validation set. The input is 16
x 1024 depth map down-sampled from GT point cloud (64 L). Our IPF works
with real dataset as well as synthetic dataset without training on real dataset.

VI. CONCLUSION

In this letter, we have proposed a novel implicit function
for representing continuous 3D space and upsampling low-
resolution LiDAR point cloud. Our function is a composition
of two functions: implicit target point encoding function de-
fined on the point embedding and the query ray and target
point aggregation function for generated target points. We also
propose a on-the-ray positional embedding for capturing global
spatial context and local geometric relationship between the
neighboring point and the query ray. Because of the limitation
that there is no sensor that can measure continuous space the
real world, our approach is only trained on synthetic dataset, but
it can be extended to real world scenario.
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