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Abstract— In this paper, we present a novel point generation
model, referred to as Pillar-based Point Generation Network
(PillarGen), which facilitates the transformation of point clouds
from one domain into another. PillarGen can produce synthetic
point clouds with enhanced density and quality based on the
provided input point clouds. The PillarGen model performs
the following three steps: 1) pillar encoding, 2) Occupied Pillar
Prediction (OPP), and 3) Pillar to Point Generation (PPG). The
input point clouds are encoded using a pillar grid structure to
generate pillar features. Then, OPP determines the active pillars
used for point generation and predicts the center of points and
the number of points to be generated for each active pillar. PPG
generates the synthetic points for each active pillar based on
the information provided by OPP. We evaluate the performance
of PillarGen using our proprietary radar dataset, focusing on
enhancing the density and quality of short-range radar data
using the long-range radar data as supervision. Our experi-
ments demonstrate that PillarGen outperforms traditional point
upsampling methods in quantitative and qualitative measures.
We also confirm that when PillarGen is incorporated into bird’s
eye view object detection, a significant improvement in detection
accuracy is achieved.

I. INTRODUCTION

In the field of robotics and autonomous driving, point
cloud data acquired by ranging sensors such as LiDAR and
radar are commonly used for 3D perception tasks. In general,
the characteristics and distribution of point clouds vary based
on sensor specifications and settings. For example, the sen-
sor’s quality and cost influence the density and intensity of
point clouds, which in turn impacts perception performance.
Hence, there may be situations where point clouds with
specific characteristics need to be synthetically transformed
into ones with different attributes. Specifically, using two
sets of point cloud data, a model can be trained to generate
synthetic point clouds that have the attributes of the target
point clouds given the source point clouds available.

This point generation task demonstrates its benefits when
improving the quality of point clouds obtained from low-
cost radar sensors, aiming to achieve performance levels
comparable to those of high-resolution radar systems. Fig.
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Fig. 1. Radar Point Cloud Data Comparison. Left: Sample from short-
range radar. Right: Sample from long-range radar. The color of the points
represents the radar cross-section (RCS) values, with lower values closer
to blue and higher values closer to red, and the green boxes indicate the
ground truth boxes.

1 shows two point clouds gathered from two different radar
sensors, both representing the same scene. The right figure
is long-range radar data which has a limited field of view
but high density and intensity with minimal errors in the
azimuth direction. The left figure is short-range radar data,
which has poor azimuth resolution and is noisy. Notably, the
short-range radar is more cost-effective than its long-range
counterpart. Hence, it would be desirable to generate point
clouds that mimic the attributes of a long-range radar.

In this study, we aim to develop an effective point gen-
eration network that can transform point clouds from one
domain to another. A primary challenge of this task is that
the model should generate realistic point clouds that align
closely with the true distribution of the target data while
preserving the correspondence with the source point clouds.
Similar challenges have been extensively explored in the field
of generative image modeling [5], [11], [50] and language
translation [2], [21], [32]. However, the translation of point
cloud data between domains still needs to be explored.

To date, various point generation models have been pro-
posed to synthesize realistic point cloud data, such as [41],
[48], [51]. However, these approaches mainly focus on
producing point cloud data within a single domain and lack
the capability to generate target data based on source data
conditionally. Another line of research relevant to our work
is the point upsampling task, which aims to generate point
clouds with increased density [15], [16], [19], [26], [27],
[44], [45]. While these models successfully produced high-
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density point clouds, they were mostly tailored for LiDAR
point clouds capturing a single object in indoor settings.
Our interest, however, is to deal with more complex scenes
and noisy point clouds commonly obtained from real-world
robotics and autonomous driving scenes. Point completion
methods were proposed to augment incomplete 3D point
cloud data to find a more complete representation of objects
or scenes [23], [39], [43], [46], [47]. However, these methods
were tailored for refining object feature details in local
regions rather than generating a complete set of point clouds.

In this paper, we propose a novel point generation model
referred to as Pillar-based Point Generation Network (Pil-
larGen). Our empirical study indicates that existing point
upsampling methods struggle to accurately capture complex
scenes within entire point clouds, failing to generate realistic
point clouds in the target domain. This issue arises because
many upsampling methods generate points by expanding
feature vectors extracted from input points, leading to results
closely mirroring the input domain. In contrast, PillarGen
identifies specific regions for point generation and creates
points within these areas, thereby enabling diverse and
realistic point cloud generation across distinct domains.

PillarGen performs the following three steps: 1) pillar
encoding, 2) Occupied Pillar Prediction (OPP), and 3) Pillar
to Point Generation (PPG). Initially, raw radar points are
transformed into pillar features through the pillar encoding
[14]. Then, 2D convolutional layers are employed to capture
relationships between spatially adjacent pillars. Next, for
each pillar grid, synthetic points are generated through OPP
and PPG modules. OPP first identifies active pillars used to
generate synthetic points selectively. Concurrently, it predicts
both the average attributes and the number K’ of points to be
generated for each pillar. Next, PPG produces K’ synthetic
points for active pillars, adjusting their positions around a
predicted center to determine final coordinates. Furthermore,
for each synthetic point, PPG samples features from adjacent
pillars using bilinear interpolation and predicts radar cross
section (RCS) and velocity offsets additionally.

We evaluate our PillarGen on our proprietary radar
datasets sourced from two distinct types of radars: two short-
range radars and one long-range radar, all gathered on public
roads. We trained PillarGen to enhance the density and
quality of short-range radar data using the supervision of
long-range radar data. Accounting for the unique attributes
of radar, we introduce two evaluation metrics for our task:
Radar-specific Chamfer Distance (RCD) and Radar-specific
Hausdorff Distance (RHD). Our findings reveal that Pil-
larGen can successfully synthesize radar point clouds whose
distributions is close to that of the long-range radar data. The
quality of data produced by PillarGen surpasses that of other
point sampling methods. In addition, when the data generated
by PillarGen is used for bird’s eye view object detection, the
detection accuracy is significantly improved compared to the
case where PillarGen is not employed.

II. RELATED WORK

As various deep learning architectures for encoding point
clouds, including PointNet [24], PointNet++ [25], PointCNN
[17], and DGCNN [37], emerged, several models for gener-
ating synthetic point clouds have also been proposed. Point
generation networks were designed to learn the distribution
of point cloud data and produce synthetic point clouds with
distributions closely resembling real data [1], [7], [8], [10],
[20], [30], [31], [34], [42], [S1]. These methods employed
deep generative models such as generative adversarial net-
works (GANSs) [1], [8], [30], [34], variational autoencoders
(VAEs) [7], [10], flow-based methods [31], [42], and diffu-
sion methods [20], [29] to generate synthetic point clouds.

Point cloud completion methods generate and fill in miss-
ing parts of point clouds. They primarily concentrate on
accurately reconstructing a subset of point clouds based on
semantic information inferred from the input point clouds.
Point cloud completion methods can be categorized into two
approaches: voxel-based methods [6], [22], [36] and point-
based methods [33], [38], [39]. The voxel-based methods
obtain a fixed-size 3D feature map by converting unordered
points via voxelization, which is then processed using 3D
CNNs or differential gridding layers to complete the point
cloud [9], [40]. Point-based methods leverage point encoding
methods such as PointNet [24], PointNet++ [25], or attention
layers [35] to generate features, which are then utilized
within an encoder-decoder framework to complete the point
cloud [4], [46], [47], [49].

Point cloud upsampling methods increase the resolution
of input point clouds by interpolating data in 3D space.
These methods generate points based on inherent attributes
of input point clouds, such as shape information and priors
on smoothness. Some work [15], [26], [28], [44], [45] extract
features using diverse point encoding methods and generate
synthetic points by expansion modules like multi-step up-
sampling or node shuffle. In contrast, other approaches [16],
[19], [27] initially produce a coarse point cloud, which is
then refined to reduce the positional error of the points.

Both point cloud completion and upsampling methods
generate additional points that conform to the distribution
of the input point clouds. However, our challenge with
PillarGen can be more demanding than these tasks because
PillarGen aims to transform point clouds from one domain
to another, where the distribution in the source domain may
not necessarily align with that in the target domain. In this
study, our study particularly focuses on scenarios where the
quality of point clouds in the source domain is inferior to
that in the target domain.

ITI. PROPOSED PILLARGEN
In this section, we present the details of the proposed
PillarGen. Fig. 2 depicts the overall structure of PillarGen.
A. Pillar Encoding

We first adapt the pillar feature extraction method intro-
duced in [14] for encoding our radar point clouds. Unlike
LiDAR points, radar points are composed of 3D coordinates
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Fig. 2. Overall architecture of the proposed PillarGen: PillarGen takes short-range radar points as input to generate long-range radar points. The Pillar
Target Generator forms GT Radar pillars using GT radar points. Pillar Encoding and 2D CNN modules extract BEV features from input radar points.
OPP module uses BEV features and GT Radar pillars to simultaneously conduct three predictions. Finally, PPG module generates long-range radar points

through pillar feature expansion and point generation.

(z,y, z), RCS, and Doppler velocity (v, vy). Therefore, we
modify the existing pillar encoding module to utilize all
radar point attributes (x,y, z, RC'S, vz, v,) as an input and
generate the corresponding pillar features. These features
are then passed through a pillar scatter module to obtain
a pseudo-image. We utilize a 2D CNN-based encoder with
convolutional blocks using 1x, 2x, and 4x stride to generate
multi-scale Bird’s Eye View (BEV) feature maps. Finally,
these multi-scale features are concatenated to generate a BEV
feature Fppy € REXHXW  Ag illustrated in Fig. 2, we also
employ the Pillar Target Generator to generate a pseudo-
image from a target radar data. Each element of the pseudo-
image contains the arithmetic mean (z., yc, RC'S¢, Vzc, Uyc)
of point attributes. It also contains the total number of points
K within each pillar for the target radar data. Utilizing
the indices of these non-empty pillars, the six-dimensional
vectors (Zc, Ye, RC'S¢, Vze, Uye, K) are scattered back to their
corresponding original positions in pillar grids, resulting in
a pseudo-image with dimensions (6, H, W).

B. Occupied Pillar Prediction (OPP)

OPP module, as shown in the blue bounding box in
Fig. 2, is designed to simultaneously predict three distinct
values based on the Fpry by applying a 1 X 1 convolution
layer. Initially, the active pillar classification module predicts
probability p,.. indicating whether a given pillar contains
target radar points. Pillars containing these target radar points
are termed as active pillars. Note that pillars with poe. > 0.1
are identified as active. Next, the Radar Attribute Regression
module estimates the average attribute values of the points in
each pillar. The predicted average attribute is denoted as 1 =
(ic,fgc,RC’SC,ﬁm,{)yc). Lastly, the point count prediction
module predicts the number of target radar points contained
within each pillar. This predicted value corresponds to the
number K’ of points to be generated by the subsequent PPG
module. Although a common approach to predict the number
of points is performing regression for each pillar, we found

that the prediction accuracy varies with the range of point
numbers, owing to the long-tailed distribution of the point
counts. Consequently, we address this issue by devising a
log-scale binning approach. Log-scale binning is defined as

bin® = |log, K@,

, , G (1
res) = log, (K — gbin®

+1),

where bin") denotes the sub-interval that discretely partitions
the range for the number of points for the i-th pillar and
res(?) serves as the residual used for more accurate prediction
within that sub-interval. In our approach, we utilize a clas-
sifier network to choose the most probable bin. This initial
estimate is then refined by predicting the residual through a
regression network, producing the final estimate K'.

C. Pillar to Point Generation (PPG)

PPG generates the synthetic points for the active pillars
based on the information provided by OPP. First, to generate

K] synthetic points in the [-th active pillar, the pillar feature

expansion module replicates the BEV feature vector FB(E)V

K| times. We append a random number to each of the K]
duplicated features to prevent the generation of identical
points [44]. Then, based on the duplicated features, the
position head predicts the position offsets for K points to
be generated. Two Multi-Layer Perceptron (MLP) layers are
applied to the duplicated features to predict 2D coordinate
offsets (Axz, Ay). These offsets are added to the position
values (Z., g.) predicted by OPP, producing the 2D coordi-
nates (Z,7). Next, using the predicted coordinates of each
point, we apply bilinear interpolation on Fpgy to obtain the
interpolated pillar features F'() e REi%C The regression
head applies two MLP layers to the interpolated features
FO to predict the offsets (ARC'S, Av,, Av,) for RCS and
velocity. These offsets are also added to the average attributes
(RC’SC7 Uge, Dye) to produce (RC’S, 0y, Uy ). Finally, we pre-
dict the confidence score for each point generated. Combined
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with the occupancy probability p,.., the confidence score
indicates the uncertainty of each point generated. For every
point, the regression head predicts the score offset As and
adds it to p,c. to produce the final confidence score, S.

In summary, PPG predicts the six attributes (&, §, RC'S,
Uy, Uy, §) for each point generated from the {-th active pillar.
Points generated from each active pillar are then merged to
produce the complete set of predicted points.

D. Loss function

The total loss function L;,¢,; 1S given by
= Lopp + Lppg; 2)

where Ly, is OPP module’s loss function and Ly, is PPG
module’s loss function. First, Ly, is given by

Lopp = Lopp—cls + Lopp-reg + Lopp—bi’ru (3)

where L,,p.1s represents the classification loss using the
focal loss [18] for the active pillar classification and Lypp.req
is the smooth L1 loss for the Radar Attribute Regression.
Lopp-bin uses both the focal loss and smooth L1 loss for
training the point count prediction.

The loss function L,4, for PPG quantifies the distance
between the generated points and the ground truth (GT)
points, i.e.,

Ltotal

Lppg = Lppg—local + Lppg—globala (4)

where Ljpg-10cai computes the distance loss between point
sets within each pillar, and Ly¢.4100a1 €valuates the distance
loss across the entire point set. For Lypg.10ca1, We categorize
each predicted active pillar set V into two categories based on
their alignment with GT active pillar set V. If 1% aligns with
any pillar in V, we label it as a positive pillar set f/pos and its
corresponding GT pillar as V.. Otherwise, it is labeled as
a negative pillar set f}neg. We compute the distance between
points within each pair of positive pillars as

Dy = min [[pY) — uyll3. 5)

sy €V

where DE;Y)I) is the minimum L2 distance from the j-

th point’s 2D location represented by coordinates p;(vjy) in

V;SZ? to any point coordinates Py, in T/ISZQ. Here, m =
1,2,..., |)>pos| serves as the index for each positive pillar,
while j = 1,2,...,|V{%| is the index for each point within
the m-th non-empty GT pillar. Additionally, we utilize the set
of distances to generate target values for distance confidence
score as

. d
s(m) =min | 1, sud

() D(m)

(4)

where dg:q is set to 0.25 as the acceptable error distance. If

a generated point does not have a corresponding match in

VI(,ZZ) or is within V,,, its confidence score is set to zero.
The Lypg-iocar 1s formulated as

(6)

1
(LZD + Lteat) (Lscore) ) (7)

1
L -local =
ppg |Vpos ‘ | V|

where
1
= Z >

(3,k)ert™
attr€ { RC'S,v4,vy }

1
Lscore = Z |V l)|]:BCE(S(l) S(l))

i — %), ©

(10)

where | = 1,2,..., \f}| is an index for each predicted
active pillar and (™) consists of index pairs (4, k). Here, k
represents the index of the closest generated point to the j-th
point in )A)I(,ZL). Face denotes Binary Cross Entropy loss. For
Lyppg-global, We utilize a modified Chamfer Distance, denoted
as RCDsp, to account for both spatial and radar-specific
features differences across the point clouds. Lppg-giobal 18
obtained by computing RCD5p between the entire set of
predicted points and the corresponding GT points. The
detailed definition of RCDsp is provided in Eq. 15.

IV. EXPERIMENTS
A. Experimental Setup

1) Datasets: We use a self-collected dataset to train and
evaluate the efficacy of our PillarGen model. This dataset
consists of 251 driving sequences, with 51 sequences gath-
ered from highways and 200 sequences from urban roads.
Each sequence comprises the synchronized data acquired
from six multi-view cameras, two short-range radars, and
a single long-range radar. Two short-range radar sensors
are positioned at the vehicle’s front corners, and a long-
range radar sensor is located at the front. The radar data
was sampled at a frequency of 16.2H z, resulting in a total
of 125,790 samples. The range of point clouds used for
processing was set to 0-100 meter. The field of view of the
short-range radars was set to +40° for the 0-60 meter range.
The field of view of the long-range radars was +12.5° for
the 60-100 meter range.

2) Evaluation metrics: Chamfer Distance (CD) and Haus-
dorff Distance (HD) are commonly used metrics to measure
the difference between two distinct point clouds. However,
these metrics were mainly developed for point clouds rep-
resented as 3D spatial coordinates, and they do not cater
to radar-specific attributes like (RC'S,v,,v,). Hence, we
propose the Radar-specific Chamfer Distance (RCD) and
Radar-specific Hausdorff Distance (RHD). We present four
variations, RCDyp,RHDsp,RCD5p, and RHD5p. First,
RCD2p and RHDsp can be obtained by utilizing only the
(z,y) 2D coordinates for CD and HD, rather than the full 3D
coordinates. This is because the accuracy of the z coordinate
is not critical for radar sensors. Before discussing the RCD5p
and RHDsp, we need to define the distance between two
radar points a and b as follows

dap(a,b) = |lazg — baall3,

dattr(a, b) = ||aattr - battth

(1)
12)
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TABLE I
QUANTITATIVE COMPARISONS WITH OTHER METHODS.

Method RCD2p | RHDa2p | | RCDsp ;. RHDsp |
PU-Net [45] 23.67 549.82 2932 55547
PU-GCN [26] 18.38 485.65 21.83 489.10
Dis-PU [16] 17.70 496.85 21.08 500.23

Ours 13.92 417.49 16.67 42024
TABLE II

ABLATION STUDY OF OUR COMPONENTS. LB: LOG BINNING METHOD.
RAR: RADAR ATTRIBUTE REGRESSION METHOD. s: CONFIDENCE

SCORE
Performance
LB RAR s I RCD,, | RHD, | RCDsp ] RHDsp |
18.36 446.89 22.09 450.62
v 16.42 441.46 21.75 446.78
v v 15.78 452.05 18.59 454.86
v v v 13.92 417.49 16.67 420.24

where asg and bog indicate the (z,y) components of points
a and b respectively. Meanwhile, aq+t and by, denote the
(RCS, vy, v,) components of points a and b. Given two point
sets P and @, the index j* of the closest point in () for each
point p; € P, and the index ¢* of the closest point in P for
each point g; € (), are obtained from

i = in d iy 45 )y 13
J7 = arg min 20(Pi 5) (13)
1T = arglglelrll3 ng(qj7pi). (14)

With these definitions we can express the metrics RCD5p
and RHD;5p as

1
RCDsp(P,Q) = 5 > (dap(pis j+) + daver (pi ¢5+))
pi€P
1
+ — Z (dap(qj,pi*) + dater (45, 0i%)) 5
QI =

(15)
RHD;p (P, Q) = max {;Hg;g (d2p (Pis @5+ ) + daer (Pis a5+))

m (dap (45,91 + ot (1.) |
4 €Q
(16)
where |P| and |Q| denote the number of points in P and Q,
respectively.

3) Implementation Details: We used a multi-sweep
method, similar to [12], to increase the point density. As
described in Section III-A, we implemented our model on a
modified PointPillars [14] architecture and set pillar size to
(2.5m,2.5m). We first trained OPP module and backbone
for 100 epochs with batch size 128 to obtain pre-trained
weights. With these weights, we initialized the end-to-end
model and conducted training for additional 100 epochs with
a batch size of 128. In both training phases, we used the
Adam [13] optimizer with a OneCycle learning rate schedule.

TABLE III
ABLATION STUDY ON GLOBAL AND LOCAL LOSS

I L. Performance
global tocal "RCDap | RHD2p L RCDsp | RHDsp |
v 15.61 441.58 18.39 444.36
v 13.67 421.23 16.43 424.00
v v 13.92 417.49 16.67 420.24
TABLE IV

DETECTION PERFORMANCE COMPARISON ON OUR SELF-COLLECTED
DATASET. D: BEV OBJECT DETECTION, G: POINT GENERATION, VEH:
VEHICLE, L-VEH: LARGE VEHICLE, PED: PEDESTRIAN.

Task Input Veh. 1 L-Veh. 1 Ped. 1 mAP 1
D Low-res 74.54 31.22 18.08 41.28
D High-res 79.32 37.13 25.33 47.26

G+D Low-res 76.00 36.82 20.49 44.44
Performacne gain +1.46 +5.60 +2.41 +3.16

The learning rate was set at 0.001, with a weight decay of
0.01 and momentum of 0.9. In inference, PillarGen generates
points with a confidence score § is greater than 0.1 to reduce
points generated in inaccurate locations.

4) Baselines: In order to compare our PillarGen, we
utilized three baseline models: PU-NET [45], PU-GCN [26],
and Dis-PU [16]. We used 420 points obtained from short-
range radar as an input and treated 840 points obtained from
long-range radar as a target radar data. We trained baseline
models for 100 epochs with batch size 64. Apart from these,
we followed the default settings of each model.

B. Quantitative Results

Table I presents a performance comparison of our Pil-
larGen with other methods on our test dataset. PillarGen
outperforms all other competitive methods in all evaluation
metrics. These results show that pillar-based point generation
method can effectively consume complex scene contexts
from input radar points and generate points that follow the
target distribution but retain the scene context. Moreover, our
model not only generates spatially accurate points but also
accurately predicts the radar-specific features for each point.

C. Qualitative Results

Figure 3 presents a comparison of the qualitative results
obtained from PillarGen with those of other point upsampling
methods. Our model demonstrates the ability to generate
densely populated points that closely match the distribution
of ground truth points, while notably reducing the presence
of noise points compared to other methods. Additionally,
by examining the RCS values depicted by point colors, it
becomes apparent that our model outperforms comparative
models in predicting radar-specific features.

D. Ablation Studies

1) Component Analysis: Table II provides an analysis of
each component within our model. In our baseline, we solely
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PU-NET [45]

PU-GCN [26]

(a)

! ! ! ! I !

Dis-PU [16]

Fig. 3. Qualitative Results on our test dataset. We compare the point clouds generated from short-range radar points using different method (PU-NET,
PU-GCN, Dis-PU, and ours) against long-range radar points. The color of the points represents the RCS values, with lower values closer to blue and higher

values closer to red and the green boxes indicate the ground truth boxes.

employed the Active Pillar Classification within the OPP
module, resulting in the generation of a fixed number of
8 points per pillar. During the point prediction stage within
PPG, it utilized the centroid of the pillar for generating points
and did not predict a confidence score. We can observe that
adding Log Binning to the baseline model, which adaptively
determines the number of points generated, improves the
performance across all metrics. Radar Attribute Regression,
which predicts the centroid of points within a pillar and
regresses the offset against the predicted centroid, further
improves the performance of RCD (by 0.64 at RCDsp and
3.16 at RCD5p). Finally, adding the confidence score leads
to a gain across all metrics.

2) Effects of Global and Local Loss: We conducted ex-
periments to compare the performance of two loss functions.
We propose the global loss that compares points generated
within positively aligned pillars. The objective is to refine the
point distribution in these selected pillars to closely match
the global structural characteristics of the GT point cloud.
Compared to this, the local loss, which compares points
generated at the pillar-level with their corresponding GT
points, can generate fine-grained points in small regions. As
shown in Table III, the local loss which can generate refined
points, yields higher performance. Also, by leveraging the
complementary characteristics of both losses, we achieved
the best performance in terms of the RCD and RHD.

E. Application to BEV Object Detection

We further apply our method to BEV Object Detection
to demonstrate the extensibility of our model. Performance
evaluations were conducted across three classes including
vehicle, large-vehicle, and pedestrian. Specifically, the cat-
egories vehicle and large-vehicle were differentiated based
on a 5m length criterion. The evaluation metrics from the

nuScenes dataset [3] were adopted for this application. As
shown in Table IV, our model significantly outperforms
models relying solely on short-range radar points across
all classes, with an impressive increase in mean Average
Precision (mAP) by 3.16. This demonstrates our model’s
effectiveness in point cloud generation, as well as its ability
to enhance BEV object detection capabilities.

V. CONCLUSIONS

In this paper, we proposed PillarGen, a novel pillar-based
point generation network for translating point clouds from
one domain to another. The proposed PillarGen uses a pillar
structure to encode input point clouds and generate synthetic
ones. First, OPP determines the active pillars where points
should be generated and predicts attributes such as the center
of points and the number of points to be generated. Based on
this information, PPG generates the synthetic points for each
active pillar. PPG also utilizes a confidence score to remove
inaccurately positioned points, ensuring that the synthetic
points closely resemble the target points. The quantitative
and qualitative results demonstrated that PillarGen outper-
formed conventional point upsampling models by significant
margins. Moreover, when incorporated into BEV object
detection, PillarGen improved detection accuracy.
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