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Abstract

Autonomous driving, once a distant vision, is now reshaping the automotive industry.
However, LiDAR sensors-crucial for perception-remain costly and computationally
demanding. This work explores the use of advanced interpolation techniques to enhance
lower-cost LiIDAR, sensors while ensuring computational efficiency, aiming to match the
performance of high-end 64-channel LiDARs.

Our approach is based on three key aspects: (1) the analysis and representation
of LiDAR data, (2) the implementation of an interpolation technique using 1D
convolutional layers and fully connected layers to process sliding window data, and (3)
a comparative evaluation against state-of-the-art interpolation methods, leveraging PR
curves to assess performance in object detection tasks on point clouds. Additionally,
we present a preliminary analysis of power consumption and discuss potential hardware
implementations.

The proposed interpolation method achieved detection and classification improvements
ranging from 1.92% to 30.98%, depending on the object and detection type (3D or
bird’s eye view). Importantly, it also reduced inference times compared to alternative
techniques, demonstrating its computational efficiency. These results highlight the
potential of our approach to enable cost-effective, high-performance autonomous driving
systems.

Keywords: LiDAR, Artificial Intelligence, point clouds, range images, image interpolation, object detection.

1 Introduction

Autonomous driving systems are one of the most relevant research topics nowadays, both in the automotive
and the Computer Science fields. Their development offers a wide variety of improvements, ranging from
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Figure 1: Interpolated point clouds. a) and b) Original (64-channel). c¢) Original (32-channel). d)
Interpolated 64-channel.

general safety, by limiting human error in driving, to the optimization of processes and resources by reducing
time and increasing performance in all tasks associated with transportation.

None of this would be possible without the presence of multiple sensors, responsible for mapping and
generating a genuine representation of the environment surrounding the vehicle. LiDAR (Light Detection
And Ranging) is one of the most reliable and highest resolution sensors for most navigation tasks, and one
of the most expensive too. In particular, 3D LiDAR can sense within large volumes, with high resolution
for object detection such as cars, pedestrians or cyclists, generating a three-dimensional point cloud of the
surrounding space (see Fig. 1 a). However, this is the case only for high resolution sensors, associated with
LiDARs of 64-channels or more, which generate higher density point clouds and allow capturing more specific
details, at the cost of a notably higher price (the higher number of channels, the more expensive the sensor
will be). This last factor currently limits its use for commercial autonomous vehicles, making low-channel
LiDAR information processing a very attractive research and improvement topic.

On the other hand, the current rise of Machine Learning (ML) and Deep Learning (DL) algorithms applied
to data processing and computer vision is expanding the scope in several fields. The synergy between the
data obtained by LiDAR sensors, together with current data analysis techniques and Artificial Intelligence
(AI), could result in solving the cost problem raised above. Furthermore, the development of current graphics
engines (Unreal Engine, Unity, among others) allow the creation of practical autonomous vehicle simulators
with numerous sensors, considerably reducing the cost associated with the acquisition of data for the study
and development of systems that require this information.

In this work we contribute to the development of more accurate and efficient tools for capturing and
analyzing 3D data, without leading to a significant increase in costs. The main idea is to interpolate data
from a 32-channel LiDAR to resemble the behavior of a 64-channel sensor, oriented to the autonomous
driving related contexts. Using Al techniques together with real and simulated datasets, we were able to
train an intelligent upsampling model able to generate results similar to those presented in Fig. 1. This
work paves the way to explore the potential of Al towards the combination of current technologies and Al
methods, redefining the capabilities of remote sensing, and opening new possibilities for research and its
practical applications.
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Figure 2: Operation of a time-of-flight LiDAR

2 Preliminary studies

This section provides a brief overview on the main concepts related to the proposed interpolation technique,
such as point clouds, range images, and 3D object detection networks. Understanding the foundational
concepts and methodologies within these areas is crucial for developing robust and efficient algorithms for
analyzing and interpreting 3D spatial data.

Firstly, data acquired through LiDAR sensors are referred to as point clouds. These point clouds represent
a collection of thousands or even hundreds of thousands of points, each with specific coordinates in a 3D
space and an associated intensity value. They serve as fundamental data structures for capturing detailed
geometric information about physical environments. The most widespread type of LiDAR (Light Detection
and Ranging), called Time of Flight (ToF') LiDAR, operates by emitting laser pulses towards the environment
and measuring the time it takes for the pulses to return after reflecting off objects. This process is known as
time-of-flight measurement and it’s shown in Fig 2. The sensor then uses this information to calculate the
distance between the sensor and the objects in its vicinity, allowing it to map out the 3D structure of the
surroundings. The distance R to the target is calculated as:

Rzg*tong*top, (1)

where v is the pulse speed in the medium and ¢, is the round-trip travel time. It is usually assumed that
v = ¢, where c is the speed of light in a vacuum, since the refractive index of air is very close to 1.

However, this representation tends to be computationally expensive due to the sparseness of points
within the point cloud. To address this issue, range images are generated by transforming the data space
from Cartesian to cylindrical coordinates, effectively transitioning from the three-dimensional plane (point
cloud) to a two-dimensional representation.

Considering a LiDAR with n channels, each of the n laser beams will have a specific elevation angle
0" where [ € 1,2,...,n. Similarly, at each time instant ¢, each laser beam has a unique azimuth angle
@'. Therefore, each point in a point cloud is defined by a unique pair (6!, ¢*) along with a value r, which
represents the distance between the sensor and the object where the laser beam hit [1]. Based on these three
components, the 3D coordinates can be calculated through Egs. (2)-(4).

x =7 * cos(') * sin(¢") (2)
y = 7 % cos(#') x cos(¢?) (3)
z = r*sin(") (4)

On the contrary, the projections from the cartesian to cylindrical plane, in order to return to the 2D
space, can be made by using Eqs. (5)-(7).

r= 22+ y2 + 22

6 = arctan(y/x)
¢ = arcsin(z/r) (7)
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In this process, distance and intensity values are encoded for each point in the cloud. This transformation
is illustrated in Fig. 3.

Secondly, considering that the final goal of an autonomous driving system focuses on making decisions
based on the environment it is located in, there are multiple architectures proposed for object detection,
among which the most used are Complez-YOLO [2] and Pointpillars [3].

On one side, Complez-YOLO is an advanced adaptation of the popular YOLO (You Only Look Once)
object detection algorithm, designed specifically to address challenges in accurately detecting objects in
images. It maintains the general architecture of YOLO, which consists of a single convolutional neural
network that simultaneously predicts bounding boxes and classes in a single pass over the input image,
but adds complex properties that represent both the magnitude and phase of the features extracted from
the image. This allows capturing spatial and structural information about objects compared to traditional
methods that only consider the magnitude of features.

On the other side, Pointpillars is an architecture developed specifically for the context of autonomous
vehicles and 3D perception systems. It focuses on computational efficiency and the ability to handle sparse
and high-resolution point clouds, commonly arising in LiDAR sensors. This technique encodes the point
cloud into vertical columns or pillars that can be used in any 2D convolutional detection model, in conjunction
with an SSD type network (Single Shot Detector) to detect objects at different scales.

The latter architecture exhibits greater robustness against variations in point density and a better ability
to detect small objects as compared with other detection networks, such as Complez- YOLO. Furthermore,
in terms of computational efficiency, it is capable of operating in real time and tends to be more efficient
due to its optimized design for point cloud processing, making it the most convenient choice for many
three-dimensional object detection applications.

3 Related work

The development of autonomous driving systems, and the subsequent processing of data from LiDAR sensors,
have been an active research area in recent years, with a particular focus on surrounding environment
perception. Increasing the resolution of a point cloud using Al techniques has emerged as a crucial strategy
to improve the accuracy and robustness of these systems.

There are multiple techniques proposed to achieve this objective. Some authors (see [4-7] for instance)
present point cloud processing techniques using DL in 3D space. These techniques tend to add features
to each point through multi-level feature extraction based on numerous convolutional layers with custom
loss functions. However, this type of processing can often be too computationally expensive, due to the
characteristic point cloud data dispersion. This is the reason why in works like [5] and [6] only test their
algorithms performing the upsampling on single objects in indoor environments, and in [4] the authors only
use patches of data from an freely available dataset, but not the entire point cloud.

On the other hand, there are several proposals based on interpolation techniques in 2D through images
that represent the three-dimensional space in a compressed way (range images), as seen in [8-11]. The use
of this representation also enables to take advantage of the current advances in image Super-Resolution
(SR) methods, which are usually based on trainable autoencoder architectures with convolutional and
deconvolutional layers that allow reconstructing high resolution images based on low resolution ones [12,13].

In [8] the authors propose an encoder-decoder architecture with skip-connections for range image SR,
along with Monte-Carlo dropout in order to reduce noise in the interpolated point cloud. The authors
use only simulated data for the purpose of training their approach, but they don’t share the results in
object detection tasks. However, many of these interpolation techniques based on neural networks tend to
oversmooth object edges, due to regularization effects or error functions used during training [14], leading
to an overall loss of geometric definition and therefore of usefulness for object recognition. Furthermore,
depending on the depth of these networks, they may not reach the standards in inference times to be applied
in real autonomous navigation systems.

Changing the focus, [9] proposes to change neural networks to heavy interpolations using a custom
interpolant function and converting the range image into a higher-dimension 2D range image with 4-Ch of
the Cartesian coordinates (X, y, z) and intensity values. Finally, all the mentioned proposals use conventional
interpolation techniques, such as bilinear or bicubic interpolation [15], as proof of concept and contrast to
evaluate their results. Most of these simple techniques can’t describe complex shapes and generate several
noisy points around the object in the point cloud.
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Figure 3: LiDAR data representation. Range images field of view was restricted to [-90°, +90°] only for
visualization purposes.

4 A novel upsampling technique

This section details all the processes involved in the design and implementation of the proposed system,
along with a comprehensive explanation of the methods used in each task to increase the resolution in the
point clouds using AI techniques. For access to the source code, please contact nicolas.salomon@uns.edu.ar.
The problem raised regarding the costs of high-resolution LiDAR sensors is addressed via the 2D
representation of the data and its associated range images, transforming the 3D interpolation problem into
a 2D one. However, the nature of these images must be considered, since they contain information related
to distances or intensities and their spatial representation, rather than visual information (illumination,
exposure, balance, among others), as happens in images captured by a conventional camera. The workflow
to be followed by the proposed system is seen in Fig. 4 and can be divided into three fundamental steps:

e Data acquisition and dataset assembly.
e Interpolation architecture implementation.

e Training.

4.1 Data acquisition and dataset assembly

In the field of AI, the dataset constitutes one of the fundamental pillars on which algorithms are built and
refined, becoming an essential part for the success of any system. Particularly, in the autonomous driving
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Figure 4: Main system architecture.

environment there is a high difficulty in generating a dataset that contains data from LiDAR sensors, due
to its complexity and high cost. Therefore, we decided to address this difficulty from two different points:
employ the KITTI (Karlsruhe Institute of Technology and Toyota Technological Institute) 3D object detection
dataset [16] (see Fig. 6(a)) and, on the other hand, a synthetic dataset was generated, using the autonomous
vehicle simulator CARLA (Car Learning to Act) [17] (see Fig. 6(b)) configured with the same parameters
and characteristics than the LiDAR Velodyne HDL-64FE used during the KITTI dataset data collection.
CARLA allows the generation of a highly realistic 3D simulation environment with urban and suburban
scenarios, fully customizable by adjusting parameters of the scene, vehicles and different virtual sensors,
such as cameras, radars and LiDARs. It facilitates the simulation of the environment perception, modeling
the dynamics of the vehicle in a realistic way. In contrast, the LIDAR computational model presents a
simple development that only considers atmospheric attenuations, without taking into account important
parameters such as the composition, surface and reflectivity of the objects present in the scene.

An important characteristic of the KITTI dataset is the distribution of labeled objects, which is inherently
influenced by the nature of the environments where the data was collected (highways and urban streets).
As shown in Figure 5, there is a significantly higher number of labeled objects belonging to the ”Car” class,
while other categories, such as ”Pedestrian” and ”Cyclist,” are considerably less frequent.

This imbalance is a direct consequence of the data acquisition process in autonomous navigation applications,

where vehicle-mounted sensors primarily capture a vehicular environment with fewer instances of pedestrians
and cyclists. In this work, we used CARLA to generate a simplified scene, allowing an initial exploration
of LiDAR point cloud upsampling. However, specifically increasing pedestrian and cyclist data requires a
more detailed analysis, particularly regarding the physical models and behavioral patterns simulated within
CARLA. While this represents an opportunity for future research, the present study focuses on developing
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Figure 5: Label frequencies in the KITTI dataset.



and validating upsampling techniques, leaving dataset balancing as a potential improvement for future work.

Once the synthetic data was generated, a new database was created composed by the range images
associated with both datasets, KITTI and CARLA. We achieved this by using Egs. (5) to (7), which performs
the coordinate transformation from cartesian to cylindical coordinates.

The input to our interpolation system is assumed to be a point cloud, with n = H x W total points with
the form p = {x,y, 2,1}, where H and W represent the height and width of the range image associated with
the point cloud, z,y, z are its cartesian coordinates and i represents the light intensity received by the sensor
for said point. In our study, range images of H = 64 and W = 2048 associated with the high-resolution
data were used, and images of H = 32 and W = 2048 were used for the low-resolution data. It is important
to highlight that the interpolation will be carried out on the vertical axis (height of the image) since this
parameter is related to the total number of channels of the point cloud associated with the image.

((a)) KITTI point cloud (up) and RGB image (down).  ((b)) CARLA point cloud (up) and RGB image (down).

Figure 6: Comparison between KITTI and CARLA point clouds and RGB images.

4.2 Interpolation architecture implementation

Aiming to overcome the techniques proposed in [4,8,9] for object detection on the KITTI dataset, we
propose an interpolation method based on 1D convolutions, fully connected layers, and a sliding window
that moves through the image, obtaining the values of neighboring pixels to the one to be interpolated. This
method seeks to combine established techniques with new strategies to improve accuracy and computational
efficiency.

Our proposal addresses the challenges of interpolating a point cloud by leveraging the ability of 1D
convolutions to capture local and global patterns in the data, as well as the power of fully connected layers
to integrate contextual information across the neural network. A unique feature of our method is the use of a
sliding window, which moves over the image to capture local information and enables adaptive interpolation
based on local characteristics of the scene. This strategy improves the model’s ability to generalize, and
produces accurate results across a variety of conditions and data configurations. In addition, it has a
reduced computational cost as it is a network with a fairly simple architecture.

The proposed topology can be seen in Fig. 7, which receives as input a low-resolution range image
(32-channels). Then a sliding window of size [2 x 3] (2 rows by 3 columns) is used, which runs through
the low-resolution image and in each step obtains the 6 pixels closest to the pixel to be interpolated, hence
the dimension of the window. Subsequently, these 6 values serve as input to the network composed of
2 1-dimensional convolutional layers, followed by two fully connected layers with Leaky_ReLU and ReL.U
activation functions respectively.

At that point, it also incorporates the minimum value of the 6 values extracted by the sliding window,
with the idea of helping the network to locate objects in the scene according to their distance from the
sensor. At the output of our network, the interpolated value of the central pixel of the window is obtained.
This operation is performed for each pixel to be interpolated.
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Figure 7: Proposed network architecture.

4.2.1 Loss function

In the context of range image interpolation, it is essential to define an error function that allows evaluating
the quality of the results and guiding the optimization process to improve the accuracy of the model. In this
work, we employ two different metrics to address the two types of range images, necessary for a subsequent
object detection network in point clouds: the distance range image, related to the spatial distance between
the points in the cloud, and the intensity range image, related to the intensity of the signal received by the
sensor.

To quantify the spatial fidelity of the interpolation in the distance range image, a well-known metric
in point cloud comparison, the Chamfer Distance, is used. This metric calculates the discrepancy between
points in a point cloud generated by the interpolation and the reference point cloud, by adding the least
square distances between each point in one set and its closest point in the other set, such as as expressed in

(8).

dChamfer(P;Q> = Zm1n||p_q“§+Zmlan_qng (8)
pEP 9€Q qeQ rep

The Chamfer Distance provides a robust measure of the spatial precision of the interpolation, penalizing
inappropriate offsets and geometric distortion. By minimizing this value, we seek to improve the spatial
alignment between the interpolated point cloud and the reference one, resulting in a more precise and
faithful interpolation to the original structure of the scene.

On the other side, since Chamfer Distance tends to quantify spatial precision, it would be inadequate as
a loss function to compare intensity range images. Therefore, to evaluate the error of the network that uses
this type of images, it was decided to use the Mean Absolute Error (MAFE), which provides a measure of the
precision in the reproduction of pixel intensities, without considering their spatial position. By minimizing
the MAE, we seek to improve the accuracy in estimating range image intensity values.

4.2.2  Optimizer

The choice of an appropriate optimization function is extremely relevant during the training of any ML
architecture. In this work, the ADAM (Adaptive Moment Estimation) [18] algorithm was used as an
optimization function, due to its ability to effectively adapt to complex optimization scenarios with multiple
local minima, in conjunction with a learning rate equal to 1072,

4.2.8 Training

The training process was carried out for 200 epochs in the case of the distance range images interpolating
network, and 100 epochs for the intensity range images interpolating network. A batch size of 100 images
was used, as this was the maximum allowed by the available hardware. The experiments were conducted
on a system equipped with an NVIDIA RTX 3060 GPU, an Intel Core i5-11400F CPU, and 16GB of RAM,
running Windows 10. Two different training sessions were carried out, varying the datasets used as follows:



i. Dataset 1: Training and validation sets composed of range images (distance and intensity) belonging
only to the KITTI dataset.

ii. Dataset 2: Training and validation sets composed of range (distance and intensity) images from KITTI
and CARLA.

Several topologies were tested aiming to achieve the lower interpolation error, varying the number of
convolutional and linear layers from the final proposed network (see Fig. 7), and considering the Chamfer
Distance as the loss function. The results obtained from these experiments are as follows:

e Decreasing the number of filters of the first convolutional layer to 4: achieving an error of 0.37.

e Adding a third 1-dimensional convolutional layer and changing the number of filters for each layer to
10, 8 and 6 respectively: achieving an error of 0.34.

e Adding a second hidden linear layer with 6 neurons: achieving an error of 0.44.

As shown in Fig. 8, the final proposed architecture improves on the others in terms of error function,
achieving a Chamfer Distance error of 0.28.

5 Results

The objective of this section will be to show the results obtained and perform a contrast with other
conventional interpolation methods, such as bilinear or bicubic interpolation, and the state of the art ( [8,9])
against actual scenes point clouds, demonstrating the advantages of our proposal compared to the existing
ones. With this goal in mind, the proposed interpolating network was trained according to the parameters
detailed in Sec. 4.2. Pointpillars was used as the object detection network in point clouds to contrast and
quantify the results of the different interpolation techniques. The parameters of this network were set as
established by their authors, in this way the only variable that could reflect a difference between the results
obtained was the interpolation network applied.

5.1 Interpolation network

As specified in 4.2, the interpolation networks were trained by varying the input datasets, in order to analyze
the influence of using actual data in conjunction with synthetic data. The training loss plots are shown in
Figs. 8 and 9. It is observed how the losses, in both the training and validation stages, begin with a relatively
high value and decrease as the training epochs progress. This behavior shows us that the networks manage to
learn patterns in the images, allowing them to interpolate more precisely, up to the point at which the error
stabilizes, demonstrating that the network reached a minimum in its loss function. The same behavior is
observed both for the network trained using only the KITTI dataset, and the one trained using a combination
of both datasets, KITTI and CARLA.

It can be observed that the model trained exclusively on KITTI exhibits a faster initial convergence
compared to the model trained on the KITTI + CARLA dataset. However, both configurations eventually
reach similar final error values after 200 epochs.

Despite the seemingly comparable convergence, further experiments showed that using the interpolated
point clouds from the KITTI + CARLA model as input for a downstream detection network, such as
PointPillars, resulted in better overall performance (see Tables 1 and 2). This suggests that the additional
diversity introduced by CARLA data, even if it does not significantly impact the final Chamfer Distance
Error, provides richer features that improve object detection. The inclusion of synthetic data may help
regularize the model, making it more robust to variations in real-world scenarios.

In Fig. 10 we show the interpolations carried out using the network trained only with the KITTI dataset
(Fig. 10(a)) and with both the KITTI and CARLA datasets (Fig. 10(b)), in contrast to the original point
cloud (Fig. 10(c)).

5.2 Object detection network

Once the interpolator network was trained, the Pointpillars detection network was trained for the following
datasets (all range images have dimensions of 64 x 2048, unless specified otherwise):

1. Original KITTI dataset.

2. Original KITTI dataset with 32 x 2048 decimated range images.
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((a)) Interpolated point cloud with trained network (KITTTI).

((b)) Interpolated point cloud with trained network (KITTI-CARLA).

((¢)) Ground Truth point cloud.

Figure 10: Comparison between original and interpolated point clouds from the KITTI test set.
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8. Dataset generated with the proposed interpolation network trained with the KITTI and CARLA
dataset (both for distance and intensity range images).

9. Dataset generated with the proposed distance interpolation network trained with the KITTI and
CARLA dataset, and the proposed intensity interpolation network trained only with the KITTI dataset.

The last three sets generated vary in their interpolation networks used, since we aim to demonstrate that
the computational modeling of the LiDAR in the CARLA simulator still does not reliably consider the real
characteristics of the intensity channel of a real sensor.

The AP (Average Precision) was used as the metric to analyze the results, which were generated according
to the KITTT evaluation protocol for 3D object detection (for more details, see [19]). Table 1 shows the
performance for 3D object detection, while table 2 corresponds to the results for detection in bird’s eye view.
It is important to clarify that in [9] only the metrics obtained by the authors for the detection of objects in
3 dimensions are provided. With the intention of having values referring to the bird’s eye view detection to
contrast the results obtained with the architecture proposed in this work, a network based on [9] was trained
and the bird’s eye view detection values were taken to complete the Table 2.

On the other hand, the section “Proposed: KITTI + CARLA (distance)” of the tables 1 and 2 refers
to the training carried out using the dataset generated with the proposed distance interpolation network,
trained with the KITTT and CARLA dataset, and the proposed intensity interpolation network, trained only
with the KITTI dataset.

Additionally, table 3 provides the inference times for the compared networks, using the same setup shown
in 4.2.3. Tt should be noted that the authors in [9] do not declare the inference time of their proposal, so
the inference time of the implementation carried out to obtain the detection values for bird’s eye view
was considered. In Fig. 11 and 12 the results obtained by interpolating a 32-channel point cloud using
the proposed network are shown. This output serves as input to the pretrained object detection model
Pointpillars. Additionally, the ground truth values are provided for the same scenes.

The Fig. 13 shows the results obtained by calculating Precision and Recall for each class (Car, Cyclist,
and Pedestrian) and for each type of detection (3D and bird’s-eye view).

5.3 Hardware Implementation Analysis

The goal is to design a neural network suitable for low-power hardware, such as the NVIDIA Jetson Nano or
an FPGA, enabling efficient and scalable embedded applications. The Jetson Nano offers rapid and flexible
development, while FPGAs provide real-time inference with lower power consumption, making them ideal
for production environments.

Key points include:

e Network Size and Input Image Dimensions: The network has 215 parameters, requiring only 860 bytes
of memory.
Input tensors for 32 x 2048 range images of dimensions require 1.52 MB per image.

Table 1: Comparison table of results training Pointpillars for different datasets and using A P as an evaluation
metric for 3D object detection.

Reduced (32-channels) Bilineal Bicubic

Class Easy | Medium Hard Easy Medium Hard Easy | Medium Hard

Car 69.41 55.13 54.23 71.70 53.82 48.31 47.73 35.42 31.88

Cyclist 65.29 45.34 42.26 64.13 40.62 37.79 32.60 20.68 18.77

Pedestrian | 45.78 42.53 38.59 49.09 41.36 35.92 36.34 30.32 26.66

Class Shan, 2020 [8] You, 2022 [9] Proposed: KITTI

Easy | Medium Hard Easy Medium Hard Easy | Medium Hard

Car 72.95 56.02 52.44 75.06 57.72 54.19 77.00 61.76 57.12

Cyeclist 59.42 38.55 36.23 64.95 43.19 39.95 67.67 47.60 45.25

Pedestrian | 47.09 40.11 35.51 39.96 35.18 31.71 50.67 43.94 39.98
Class Proposed: KITTI + CARLA | Proposed: KITTI + CARLA (distance) | Ground Truth (64-channels)

Easy | Medium Hard Easy Medium Hard Easy | Medium Hard

Car 77.39 64.21 58.24 77.61 65.05 58.37 84.36 72.59 67.23

Cyeclist 70.30 48.69 45.92 71.93 49.54 46.65 79.43 61.14 56.88

Pedestrian | 48.80 43.38 38.98 52.58 45.90 41.51 53.08 45.96 41.79

12



Table 2: Comparison table of results training Pointpillars for different datasets and using AP as an evaluation
metric for bird’s eye view object detection.

Class Reduced (32-channels) Bilineal Bicubic
Easy | Medium Hard Easy Medium Hard Easy | Medium Hard
Car 86.66 76.70 76.05 87.41 69.08 64.61 73.32 55.32 49.56
Cyclist 69.49 49.13 45.61 68.75 43.57 41.00 34.80 22.22 20.87
Pedestrian 56.23 52.48 49.71 56.37 47.68 42.58 43.08 36.16 31.01
Class Shan, 2020 [8] You, 2022 [9] Proposed: KITTI
Easy | Medium Hard Easy Medium Hard Easy | Medium Hard
Car 87.93 73.13 68.50 87.51 76.85 75.66 89.22 77.95 74.69
Cyclist 64.50 41.96 39.63 60.99 41.80 39.08 72.20 52.72 49.01
Pedestrian 52.24 44.66 39.13 51.75 46.32 42.91 58.37 51.13 46.09
Class Proposed: KITTI + CARLA | Proposed: KITTI 4+ CARLA (distance) | Ground Truth (64-channels)
Easy | Medium Hard Easy Medium Hard Easy | Medium Hard
Car 89.61 78.82 76.24 89.43 78.83 76.42 90.00 84.53 79.27
Cyeclist 73.07 51.51 48.75 76.56 54.64 50.49 82.66 65.05 61.36
Pedestrian 58.08 51.21 45.99 60.22 53.50 47.89 61.63 55.22 49.30

Table 3: Comparison table of inference times between different techniques.

Inference time

Interpolation technique GPU: RTX 3060

Bilineal 0,11 [ms]
Bicubic 0,225 [ms]
Simulation-based Lidar Super-resolution 15 [s]
for Ground Vehicles [8] ’
Up-Sampling Method for Low-Resolution
LiDAR Point Cloud [9] 1,327 [ms]
Proposed interpolation network 1,106 [ms]

((b)) Ground Truth detections.

Figure 11: Comparison between ground truth detections and those made after interpolating the point clouds
with the proposed network using the “000145” KITTI frame.
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((a)) Detections made by interpolating the low resolution point cloud with the proposed network.

((b)) Ground Truth detections.

Figure 12: Comparison between ground truth detections and those made after interpolating the point clouds
with the proposed network using the “000214° KITTT frame.

e Total memory required per inference: 2.36 MB, compatible with embedded devices like the Jetson
Nano (4 GB RAM) and FPGAs with adequate external memory.

e Inference Time on CPU vs. GPU: GPU (NVIDIA RTX 3060) takes 1.106 ms per inference, while a
CPU (Intel Core i5-11400F) needs 32.69 ms per inference.
A typical Velodyne LiDAR operates at 20 Hz, generating data every 50 ms. The proposed network
processes data well within this time, ensuring real-time integration viability.

e Operations per Inference: Each pixel interpolation requires 312 additions and 312 multiplications.
For 63,488 windows, 39.6M operations (19.8M additions and 19.8M multiplications) are needed per
inference.
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Figure 13: Precision-Recall curves for the different classes (Car, Cyclist, Pedestrian) and detection types
(3D and bird’s-eye view).
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6 Discussion

On one hand, based on the results presented in Tables 1 and 2, certain assessments can be made regarding
the benefits of the proposed interpolating network in contrast to the others, under the use of Pointpillars as
a detection network. These advantages are detailed below:

The hypothesis that the use of real data in conjunction with simulated data (KITTI + CARLA)
provides an improvement in the performance of the system, was confirmed. However, it was also
verified that the sensor modeling present in the CARLA simulator fails to faithfully represent the
intensity channel of a real LiDAR. This is demonstrated since the use of the intensity interpolation
network trained only with the KITTI dataset, in conjunction with the distance interpolation network
trained with KITTI + CARLA, yielded better results than that trained using both datasets.

Considering the network proposed in [9], which had the best performance compared to the others used
as a contrast, improvements of 7.93%, 14.07%, 30.98% are observed for the detection of cars, bicycles
and pedestrians in 3D, respectively. Under the same analysis, the improvements are 1.92%, 28.47%,
14.46% for the detection of cars, bicycles and pedestrians using the bird’s eye view, respectively.

In general, the proposed technique greatly outperformed the conventional interpolation techniques
evaluated (bilinear and bicubic).

The network proposed in [8] was also surpassed, which requires a very high inference time, in contrast
to what was specified by the authors (10 ms), probably due to the computing power of the GPU used
(RTX 3060). Even so, the time obtained by our proposed network is around 10 times less than the
declared by the authors, thanks to its few parameters and simplicity.

The object detection metrics obtained on the decimated dataset (32-channel) were surpassed, except
for the case of pedestrians in the “Difficult” category in bird’s eye view detection, where the value is
slightly lower. This shows that the proposed network, in general, improves the performance of the low
resolution sensor (32-channel).

Improvements are generally greater for the “Medium” and “Difficult” categories of the dataset. This
demonstrates the superiority of the proposed architecture in complex object detection situations, where
objects may be partially hidden.

Improvements are seen in inference times compared to other non-conventional techniques ( [8,9]).

Figs. 11 and 12 show a performance very similar to the ground truth detection, these results are
consistent with the superior metrics obtained.

On the other hand, based on the results shown in the precision-recall curves, it can be concluded:

In all 3D detection cases, the blue curve (interpolator model) remains above the orange curve (baseline
model, 32 channels) and gets even closer to the green curve (original model, 64 channels), resulting in
a greater area under the curve (AUC), consistent with higher precision across almost the entire Recall
range. This indicates that the interpolator model maintains a better balance between precision and
Recall in the detection of cars, cyclists, and pedestrians.

Although for bird’s-eye view detection cases the blue curve always stays above the orange one, this
occurs to a lesser extent compared to 3D detection.

For pedestrians, and to a lesser extent for cyclists, it is observed that while the interpolator performs
better compared to the baseline model, the difference is smaller compared to what is observed for cars.
A likely reason for this is the significantly lower presence of pedestrians and cyclists in the dataset
used.

The superior performance in car detection, followed by cyclist detection, may suggest that LiDAR
channel interpolation benefits larger objects with less complex shapes (such as cars and cyclists) more
than pedestrians, who typically have lower point density or greater variability in position and shape.

Finally, in terms of hardware implementation, the combination of a low-cost, low-resolution LiDAR with
a neural network to interpolate data and emulate a high-resolution sensor offers an efficient and affordable
solution for embedded applications in production environments. This architecture allows the use of platforms
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such as NVIDIA Jetson Nano or mid-range FPGAs, which are significantly cheaper than high-resolution
LiDAR sensors.

FPGAs provide energy-efficient inference, while the Jetson Nano allows for flexibility in development
and rapid prototyping. Overall, this approach is an accessible and scalable solution, ideal for commercial
applications where balancing accuracy, cost, and energy efficiency is critical.

7 Conclusions

There is a growing interest in developing advanced autonomous navigation systems, that facilitate driving
without human intervention. This progress is strongly influenced by the use of accurate sensors, especially
LiDARs, which increase the reliability and precision in data collection and mapping of the environment
surrounding the vehicle, with the associated expenses and requirements of computational power. Aiming
to overcoming these disadvantages and to expand the usefulness of cheaper sensors, without leaving aside
precision and safety standards, Al techniques were evaluated towards to generate similar results to those
available with high-resolution LiDARs, but using low resolution, inexpensive LiDARs.

The proposed method was based on 1D convolutions, fully connected layers and a sliding window that
moves along the range image associated with the point cloud, combining established techniques with new
strategies to improve accuracy and computational efficiency. Our proposal took advantage of the ability
of 1D convolutions to capture local and global patterns in the data, in conjunction with the power of
fully connected layers to integrate contextual information across the neural network. In addition, datasets
captured by actual LiDAR sensors (KITTI) and generated by a simulator (CARLA) were used.

The results obtained demonstrate the superiority of the proposed technique, compared to other techniques
used as contrast, achieving improvements between 1.92% and 30.98% depending on the object and the type
of detection (3D or bird’s eye view). Moreover, computational efficiency, a crucial aspect of autonomous
driving systems, was also addressed. The proposed technique managed to surpass inference times obtained
by other techniques used as contrast. Finally, it was demonstrated that the sensor modeling present in
CARLA simulator still requires adjustments regarding the generated intensity data, making it an area of
special interest for future improvements.
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