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Abstract—This work presents an exhaustive analysis and a
quantitative performance comparison between the use of infor-
mation from infrastructure and vehicle mounted sensors for 3D
object detection in autonomous driving environments. To do so,
LiDAR point clouds have been used as the main data input
and the most popular and well-established models have been
considered for this task: Second, PointPillars and PV-RCNN.
They have all been trained on the DAIR-V2X cooperative dataset,
since it offers both the infrastructure and vehicle perspective.
The broader spatial context and greater field of vision from
an elevated point of view demonstrate superior performance by
mitigating occlusions and overcoming the inherent limitations of
a reduced perception range from onboard a vehicle. However,
this comes with its own challenges to avoid losing detection
capabilities for smaller objects. The main objective of this work
is to provide a like-for-like comparison of the real performance
difference, isolating the point of view as the only modified
variable.

Index Terms—3D object detection, LiDAR-based object detec-
tion, autonomous driving

I. INTRODUCTION

Autonomous driving has witnessed substantial advance-
ments, seeking to facilitate vehicle navigation with minimal
human intervention. This rapid development was aided by
improvements in computer vision thanks to Deep Learning
techniques, with the corresponding performance refinement in
other related sub-fields such as visual vehicle identification,
license plate recognition [1] and many others.

A pivotal facet of these systems is environmental perception,
involving the interpretation of multi-modal data, including
camera images and LiDAR-generated point clouds, to discern
the geometry and semantic attributes of objects on the road. As
the field of computer vision evolves, so do 3D object detection
algorithms, marked by diverse methodologies and evaluation
metrics.

A recent trend in this domain explores a novel research
perspective: the detection of 3D objects from an elevated
infrastructure vantage point. Positioned several meters above
the ground, sensors in this configuration substantially broaden
the field of view, mitigating occlusions between road elements
and the surrounding environment. However, this approach
introduces challenges, including the establishment of effective

communication between vehicles and elevated sensors, proto-
col standardization across different devices, and other pertinent
considerations. In addition, and focusing on the perception
task, which constitutes the core of this work, increasing the
range comes at a cost of a quadratic growth of search space,
which can pose a problem for detecting smaller objects.

In order to offer a better understanding of the real perfor-
mance difference across the most used models in the state of
the art and points of view, this work provides a qualitative
contrast between them. After training three selected models in
each of the subsets (infrastructure and vehicle), it can be seen
how each point of view comes with its own advantages and
disadvantages.

II. BACKGROUND

A. Foundations

The core objective of 3D object detection is to predict
the characteristics of objects in three-dimensional driving
scenarios based on sensory inputs. In this context, let X
denote the input data, which could be LiDAR or RGB images,
and F represent a detector parameterized by θ. The general
formulation for 3D object detection can be expressed as:

B = F(X ; θ) (1)

where B = B1, B2, ..., Bn is a set of n 3D objects within
a scene. The representation of a 3D object is crucial in this
task, influencing the data required for subsequent prediction
and planning processes. Typically, a 3D object is depicted as
a cuboid, which encapsulates the object. This enclosure can
be delineated by its 8 corners [2], 4 corners and heights [3],
or more commonly, by the 7 parameters defining an oriented
bounding box [4], [5] in equation (2).

B = {x, y, z, l, w, h, θ, c} (2)

In this representation, (x, y, z) denotes the center coordi-
nates of the cuboid; (l, w, h) denote its length, width, and
height, respectively; θ is the yaw angle in the ground plane,
and c indicates the corresponding class, such as car, pedestrian,
etc.



B. Sensors

For 3D object detection, a diverse range of sensors can sup-
ply raw data, with cameras and LiDAR (Light Detection and
Ranging) sensors emerging as the most commonly employed
types.

Cameras offer an economical and readily available means
of capturing scene details from specific perspectives. They
generate images Xcam = R

W×H×3, where W and H denote
the width and height of the image, respectively, and each pixel
comprises 3 RGB channels. Despite their cost-effectiveness,
cameras face inherent limitations in 3D object detection.
Primarily, they capture visual data exclusively, lacking the
capacity to perceive the three-dimensional structure of a scene.
To address this limitation, stereo cameras employ matching
algorithms, aligning the correspondences in both left and right
images to recover depth [6].

In contrast, LiDAR sensors facilitate the acquisition of
detailed 3D scene structures by emitting numerous laser beams
and measuring their reflective information. A LiDAR sensor
produces a range image Xlid ∈ R

m×n×3 using m beams
and n readings in a single scan cycle. Each pixel in this
range image encompasses 3 channels, corresponding to range,
azimuth, and inclination in the spherical coordinate system.
Converting spherical coordinates into Cartesian coordinates
allows the transformation of range images into point clouds.

C. Datasets

As the data-driven era progresses, the accessibility of large-
scale datasets has been continuously enriching and encourag-
ing the community. Some of the most notable and publicly
accessible datasets related to autonomous driving have been
included. KITTI [7], [8], Waymo Open [9] and nuScenes [10]
datasets stand out as the most popular ones, among others. An
example of the last two is shown in fig. 1 and a more detailed
comparison is presented in table I.

KITTI Dataset. Pioneering the domain of 3D object de-
tection, the KITTI dataset was released in 2012. It contains
LiDAR and visual data from 15,000 frames, with over 200,000
3D annotations across eight classes (car, van, truck, pedestrian,
person, cyclist, tram and misc). For online scoreboard evalu-
ation, only car, pedestrian, and cyclist labels are considered.
Three difficulty levels (Easy, Moderate, and Hard) are defined
based on the height of 2D bounding boxes, occlusion levels,
and truncation.

Waymo Open. This dataset features annotations for 12
million 3D bounding boxes within 200,000 frames, distributed
across 1,150 sequences. It spans four classes, with only three
aligning with KITTI classes.

nuScenes. Manually labeling 1.4 million boxes across
40,000 frames, the nuScenes dataset comprises 1,000 se-
quences spanning 23 classes. However, only 10 of these classes
are considered for detection.

It is important to note that testing labels are not available
for these datasets. Researchers must submit their predictions
to an online leaderboard server for assessment on the test
set. Notably, nuScenes and Waymo Open capture data under

Fig. 1: KITTI (above), DAIR-V2X Coop. Vehicle (middle) and
DAIR-V2X Coop. Infrastructure (below) datasets examples

various weather and lighting conditions, including rain, fog,
snow, daytime and nighttime, unlike KITTI, which focuses
solely on sunny days.

In recent years, several dataset publications have been
released, featuring infrastructure-mounted sensors, such as
Rope3D [11], A9 Dataset [12], IPS300+ [13], and DAIR-V2X
[14].

DAIR-V2X. One of the most complete, this dataset of-
fers three versions: Vehicle Dataset (DAIR-V2X-V), compris-
ing 22,325 LiDAR and image frames; Infrastructure Dataset
(DAIR-V2X-I), including 10,084 point cloud and image
frames, and Cooperative Dataset (DAIR-V2X-C), with 18,330
data frames from infrastructure and 20,515 from the vehicle for
Vehicle-Infrastructure Cooperative (VIC) 3D object detection.
The latter version was used in this study to compare model
performances.

D. Evaluation metrics

The main evaluation measure for 3D object detection is
Average Precision (AP), which is based on the same principles
as its 2D equivalents [31]. Prior to delving into the nuanced
similarities and distinctions of dataset-specific AP used in
popular benchmarks, the basic definition of the AP metric is
outlined as follows:



TABLE I: Comparison between publicly available datasets for 3D object detection, sorted by year [15]

Dataset LiDAR Images 3D annot. Cl. Night/Rain View

KITTI [7] 15k 15k 200k 8 No/No Onboard
Ko-FAS [16] 39k 19.4k - - -/- Infrastructure
KAIST [17] 8.9k 8.9k - 3 Yes/No Onboard
ApolloScape [18] 20k 144k 475k 6 -/- Onboard
H3D [19] 27k 83k 1.1M 8 No/No Onboard
Lyft L5 [20] 46k 323k 1.3M 9 No/No Onboard
Argoverse [21] 44k 490k 993k 15 Yes/Yes Onboard
A*3D [22] 39k 39k 230k 7 Yes/Yes Onboard
A2D2 [23] 12.5k 41.3k - 14 -/- Onboard
nuScenes [10] 400k 1.4M 1.4M 23 Yes/Yes Onboard
Waymo Open [9] 230k 1M 12M 4 Yes/Yes Onboard
AIODrive [24] 250k 250k 26M - Yes/Yes Virtual onboard
BAAI-VANJEE [25] 2.5k 5k 74k 12 Yes/Yes Infrastructure
PandaSet [26] 8.2k 49k 1.3M 28 Yes/Yes Onboard
KITTI-360 [27] 80k 300k 68k 37 -/- Onboard
Argoverse 2 Sensor [28] 150k 1M - 30 Yes/Yes Onboard
ONCE [29] 1M 7M 417k 5 Yes/Yes Onboard
Cirrus [30] 6.2k 6.2k - 8 -/- Onboard
Rope3D [11] - 50k 1.5M 12 Yes/Yes Infrastructure
A9 Dataset [12] 1.7k 5.4k 215k 8 Yes/Yes Infrastructure
IPS300+ [13] 28k 57k 4.5M 7 Yes/- Infrastructure
DAIR-V2X [14] 71k 71k 1.2M 10 -/- Onboard / Infrast.

AP =

∫ 1

0

max{P (r′|r′ ≥ r)}dr (3)

where P (r) represents the precision-recall curve; r′ denotes
each potential recall value, and r is the recall variable used in
the integral calculation. When assessing precision and recall,
the key difference from the 2D AP metric lies in the criteria
for matching predictions with ground truths. KITTI introduces
two widely adopted AP metrics: 3D AP and BEV AP. 3D AP
aligns predicted objects with their corresponding ground truths
if the 3D Intersection over Union (3D IoU) of two cuboids
exceeds a specified threshold, while BEV AP is determined
based on the IoU of two cuboids in the bird’s-eye view (BEV
IoU).

Calculating this area precisely is a challenging task. PAS-
CAL VOC [31] introduced a different measure called interpo-
lated APRN . This metric calculates the average precision at
various recall levels (R) evenly distributed across N levels,
ranging from r0 = 0 to r1 = 1:

AP |RN
=

1

N

∑

r∈R

P (r) (4)

where R = [r0, r0+
r1−r0

N−1 , r0+
2(r1−r0)

N−1 , . . . , r1] and P (r) =
max

r′:r′≥r

P (r′).

KITTI Benchmark [7]. Initially, the KITTI benchmark
employed the interpolated AP |R11 metric before changing
to AP |R40, following the suggestions from [32]. This adjust-
ment aimed to facilitate a more fair comparison of scores.
KITTI maintains distinct leaderboards for 3D object detection
and Bird’s Eye View (BEV) detection tasks. As previously

said, it differentiates three levels of difficulty: easy, moderate
and hard, regarding the occlusion and height of the bounding
boxes:

• Easy: minimum bounding box height, 40 pixels; maxi-
mum occlusion level, fully visible; and maximum trun-
cation, 15 %

• Moderate: minimum bounding box height, 25 pixels;
maximum occlusion level, partly occluded; and maximum
truncation, 30 %

• Hard: minimum bounding box height, 25 pixels; max-
imum occlusion level, difficult to see; and maximum
truncation, 50 %

The 3D object detection and orientation estimation bench-
mark is divided into four parts. Firstly, the 2D AP, which is
the classical 2D object detection with average precision (AP)
metric. True positives should overlap by more than 50% and
multiple detections of the same object are considered false
positives. In addition, the performance of jointly detecting
objects and estimating their 3D orientation is calculated with
the average orientation similarity (AOS) as described in [7],
giving the 3D AP. In the third place, a classification and
continuous orientation regression for orientation similarity
and, finally, the BEV (Bird’s-Eye View) AP.

Waymo Benchmark [9]. In a similar vein, Waymo Bench-
mark introduces interpolated APR21 and Average Precision
weighted by heading (APH) metrics. Waymo evaluates per-
formance across 21 evenly spaced recall levels (r0 = 0, r1 =
1, N = 21), with IOU thresholds set at 0.7 for vehicles and
0.5 for pedestrians and cyclists. For APH, the true positives
are weighted by the heading accuracy:



wh = min(|θ̂ − θ|, 2π − |θ̂ − θ|)/π (5)

where θ̂ and θ are the predicted and ground truth azimuth,
respectively. Two levels of difficulty are included in the
benchmark: L1 for bounding boxes with more than five lidar
points and L2 for those with between one and five points.

nuScenes Benchmark [10]. The nuScenes benchmark em-
ploys a custom metric known as NuScenes Detection Score
(NDS). To calculate this score, a set of error metrics is defined
to measure translation (ATE), scale (ASE), orientation (AOE),
velocity (AVE), and attribute errors (AAE), all with a 2-meter
center distance threshold. These errors (ε) are then transformed
into scores using the formula depicted in equation (6).

si = max(1− εi, 0) (6)

These metrics are weighted afterwards to calculate the NDS:

NDS =
1

10

[

5mAP +
∑

i

si

]

(7)

where mAP is calculated by a BEV center distance with
thresholds 0.5m, 1m, 2m, 4m [33].

Since this paper aims to establish a quantitative comparison
between the performance with sensors mounted on the vehicle
and on the infrastructure, the KITTI benchmark was used.

E. Model architectures

In this work, 3 different models have been adapted to the
DAIR-V2X cooperative dataset:

• Second. The sensor processes an initial point cloud,
transforming it into voxel features and coordinates, then
employs two VFE (voxel feature encoding) layers along
with a linear layer. After that, a sparse CNN is applied,
followed by an RPN for generating the detection [34], as
it can be seen in figure 2.

Fig. 2: Second architecture [34]

• PointPillars. The fundamentals of the network are a
Pillar Feature Network, Backbone, and SSD Detection
Head (figure 3). The unprocessed point cloud is converted
to a stacked pillar tensor and pillar index tensor, which is
forwarded to the encoder to learn the features that are then
scattered back to a 2D pseudo-image for a convolutional
neural network. After passing through the backbone, the
final features are used by the detection head to predict
3D bounding boxes for objects [4].

• PV-RCNN. It involves a 3D voxel CNN that serves
as the core for effective feature encoding and proposal

Fig. 3: PointPillars architecture [35]

generation using sparse convolution. To enhance the
pooling of features from each 3D object proposal within
the scene, two innovative operations are introduced: the
voxel-to-keypoint scene encoding, which condenses all
voxel information from the scene into a few feature
keypoints, and the point-to-grid RoI feature abstraction,
which efficiently combines scene keypoint features into
RoI grids for predicting proposal confidence and refining
location [35]. This architecture is presented in figure 4.

Fig. 4: PV-RCNN architecture [35]

F. Spatial context in 3D object detection

In the matter of 3D object detection evaluation, there are
several metrics that provide specific aspects of the overall
performance. The most common ones are 3D average precision
and Bird’s Eye View. In both of them, for a detection to be
considered valid, the Intersection over Union of the predicted
3D or 2D bounding box has to be, at least, greater or equal
to a certain threshold.

To have a more flexible estimation of the algorithm capabil-
ities, two different threshold levels have been used: strict and
loose. For the biggest objects of the considered classes –cars,
in this work–, a strict IoU of 0.7 and a loose one of 0.5 have
been selected. For smaller objects, cyclists and pedestrians, a
strict IoU of 0.5 and a loose one of 0.25.

III. EXPERIMENTS

The previous models have been adapted and fine-tuned for
the two perspectives of the DAIR-V2X cooperative dataset: in-
frastructure and vehicle. All the trainings have been performed
on 80 epochs although the specific configurations have varied
across the different models. The data augmentation techniques
include random horizontal flip (0.5 probability), rotation and
scale transformations.

The performance difference in favor of the infrastructure
perspective can be perceived, even though the point-cloud
range was extended from 70 meters maximum in vehicle set
to 100 meters maximum in infrastructure set.



TABLE II: 3D AP40 metric comparison

3D AP40 Car@0.7 Car@0.5 Cyclist@0.5 Cyclist@0.25 Pedestrian@0.5 Pedestrian@0.25

Second (Infrastructure) 29.74 37.96 14.49 25.39 11.20 22.23
PointPillars (Infrastructure) 38.10 42.02 25.22 27.85 18.23 24.65
PV-RCNN (Infrastructure) 33.78 40.97 11.41 21.40 13.41 24.87
Second (Vehicle) 27.02 29.41 19.44 23.18 20.86 32.14

PointPillars (Vehicle) 35.05 34.80 24.91 27.32 20.79 27.99
PV-RCNN (Vehicle) 30.80 34.32 11.10 20.90 15.96 28.43

TABLE III: BEV AP40 metric comparison

BEV AP40 Car@0.7 Car@0.5 Cyclist@0.5 Cyclist@0.25 Pedestrian@0.5 Pedestrian@0.25

Second (Infrastructure) 32.59 38.31 17.07 25.69 13.64 22.50
PointPillars (Infrastructure) 41.55 42.09 25.49 27.87 19.04 24.85
PV-RCNN (Infrastructure) 37.37 43.18 12.37 21.56 15.82 24.91
Second (Vehicle) 27.45 31.63 21.50 24.58 24.64 32.68

PointPillars (Vehicle) 33.62 36.41 28.15 28.93 23.99 28.13
PV-RCNN (Vehicle) 29.03 36.95 14.99 22.71 21.20 27.91

IV. RESULTS

After setting the trainings as previously explained, the
results of the experiments are exhibited in this section.

To convey a better and more comprehensive performance
description, table II presents the 3D metrics calculated with a
strict and loose IoU for each class. This threshold difference
is especially important in the smallest classes, where the
precision has more variance.

Table III shows the Bird’s Eye View metric for each class
and IoU level. Both tables show the average precision for the
moderate difficulty on the validation set.

PointPillars generally outperforms other models across both
3D and BEV benchmarks, especially in car and cyclist
detection. Second model exhibits competitive performance,
particularly in pedestrian detection in vehicle perspective.
PV-RCNN consistently lags behind PointPillars and Second
models in most scenarios, indicating room for improvement
in performance.

Furthermore, the infrastructure perspective is preferred for
scenarios where comprehensive coverage and visibility are
critical, especially for larger objects like cars and cyclists.
It offers advantages in scenarios with fewer occlusions from
infrastructure elements and other vehicles. In the other hand,
vehicle perspective may be advantageous for scenarios where
detection of smaller objects or detailed observations of nearby
vehicles are paramount. It is better suited for scenarios with
high vehicle density or complex traffic situations, where prox-
imity to objects provides a better context.

V. CONCLUSIONS

According to the result tables, it can be deduced that a
superior and oblique perspective from the sensors mounted on
the infrastructure gives a performance increase when it comes
to 3D vehicle detection. This can be explained due to the lesser
number of occlusions and a clearer view.

However, the detection of smaller objects, such as cyclists
and pedestrians, does not benefit from the field of vision of
the infrastructure. In this cases, the greater distance to the

LiDAR sensors causes to have less laser beams reflected onto
the objects and, therefore, a less dense point cloud mesh for
the models to extract information from. In addition, the greater
distance range that was inputted to the model during training
can have effects similar to the curse of dimensionality [36], as
the objects become proportionally smaller.

To overcome these disadvantages, attention-based models
[37] can be used to guide neural networks to better understand
the underlying patterns for 3D object detection.
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