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LiDAR based 3D Detection of Vehicles and Obstacles in Autonomous
Vehicles Using Deep Learning Techniques: Analysis and Comparison
Hugh Plunkett
Student ID: 23312173

Abstract

Autonomous Vehicles (AVs) face significant challenges in terms of accurate and
real-time 3D object detection, which is critical for autonomous driving. This study
aims to explore and compare several prominent state-of-the-art deep learning (DL)
approaches on the KITTI dataset. Using a multifaceted evaluation approach, we
conducted a standardized analysis of the most recent LiDAR-based 3D detectors
on the dataset. Our work uniquely integrates hybrid models into the compari-
son and addresses real-world deployment challenges by evaluating computational
trade-offs between speed and accuracy. A thorough comparison of LiDAR-based
3D detectors is needed to assess their accuracy and speed for real-world AV deploy-
ment. Among the eight models evaluated, PointRCNN and VoxelRCNN achieved
the highest accuracy, followed closely by Complex Yolo v4 and PV-RCNN, indi-
cating strong performance in 3D detection tasks. The results highlight the better
performance of voxel-based and point-based deep learning models over traditional
approaches in both accuracy (71 and 68 mAP compared to AVOD’s 47 mAP) and
efficiency (VoxelNet runs at 46 FPS, 3x faster than AVOD while being more accu-
rate). All models have been tested in a standardised environment with the hope to
provide valuable insights for selecting models, advancing research toward practical,
high-performance perception systems in AVs.

Keywords: Deep Learning Survey, LiDAR 3D Detection, Autonomous Vehicles,
Deep Learning for Perception, Point Cloud Processing, Computer Vision

1 Introduction

1.1 Research Motivation

Autonomous vehicles (AVs), often referred to as self-driving cars, are vehicles capable of
navigating and functioning with minimal or no human input. Instead, they depend on a
mix of sensors, machine learning algorithms, and Al-driven systems. AVs use a percep-
tion system known as “Computer Vision” (CV) to navigate safely. Now one of Al’s most
transformative applications in modern technology, AVs have drawn considerable interest
as a promising way to address urban mobility issues, such as traffic congestion [I], while
also improving efficiency and public safety as a whole [2].

Due to its efficiency, 2D camera-based object detection is used throughout the AV industry
- most notably in the Tesla vehicle “Autopilot driver capability” systems, which provides
advanced driver-assistance capabilities, including adaptive cruise control, lane-keeping,
and automated lane changes [3]. However, AV systems such as Tesla’s which purely use
cameras also have several potential flaws and security issues. A key vulnerability is the
susceptibility to ”phantom attacks”, where projected images of fake objects (like pedestri-
ans or signs) can be used to trick the system [4]. These attacks succeed when fake objects
exist across multiple frames, tricking object-tracking algorithms and can cause the AV
to act unpredictably by suddenly braking, rapidly accelerating or turning into obstacles
endangering both occupants of the vehicle and people around them. These vulnerabilities



endanger passengers and pedestrians, highlighting the need for robust alternatives.
These significant limitations demonstrates why 2D camera-only systems struggle with
adversarial scenarios, highlighting the need for 3D LiDAR based detection systems to
ensure reliability autonomous driving which is obviously a safety focused field. Current
systems remain vulnerable to real-world conditions [5] and due to this, research done in
this field to find more efficient 3D detection methods is of high importance. This makes
our research question a highly relevant and important one.

Recent advancements in deep learning approaches such as PointRCNN [6] and Fast Point
RCNN [7] have shown substantial improvements in 3D object detection performance,
achieving both faster processing speeds and greater accuracy while maintaining similar
resource requirements to previous methods.

1.2 Research Question

The above challenges motivate the following research questions:

How do state-of-the-art deep learning techniques compare in accuracy, effi-
ciency, and speed for LiDAR-based 3D object detection in autonomous driving
scenarios?

How do hybrid LiDAR-based 3D object detection approaches compare to pure
projection-based, voxel-based, and raw-point-based methods in terms of accu-
racy and computational efficiency?

1.3 Research Objectives

This research aims to explore and compare several prominent state-of-the-art deep learn-
ing (DL) techniques for 3D object detection in AVs on KITTI [§] a large publicly avail-
able dataset well suited for both birds-eye view (BEV) and 3D object detection problems.
These techniques would have also be compatible and commonly used on other large pub-
licly available datasets such as Waymo’s open dataset [9], ApolloScape [10], and nuScenes
[11], however for the sake of standardise testing and fair evaluation and comparisons this
project will use KITTI [8; 12] as the sole dataset and benchmark.

We also aim to provide the results of each model on this identical architecture to allow
future researchers to better compare and select the best model for their needs.

1.4 Background

This section aims to provide some background information on LiDAR technology as well
as the dataset this project uses.

1.4.1 Sensor Technologies for AV Perception

One of the most critical challenges in AV technology is the accurate and real-time detec-
tion of vehicles and stationary obstacles (such as trees, parked cars or buildings). These
3D detection systems use point clouds (from high performance sensors such as LiDAR,
radar or multi-camera arrays) to define an object’s position, size, and rotation in 3D space
[13]. LiDAR plays a major role in AVs by providing high-resolution, real-time spatial data
to enhance object detection and navigation accuracy.



While traditional 2D camera-based detection methods offer faster processing speeds, they
struggle with occlusion handling and depth perception, as they interpret objects as flat
[14]. In contrast, 3D detection systems can more accurately capture depth, enabling pre-
cise distinction between objects at different distances but at a significantly higher com-
putational cost. This increased demand for processing power, often requiring dedicated
GPUs, and more computationally effiient models remains a key challenge for autonomous
vehicle obstacle detection systems [15].

1.4.2 LiDAR

LiDAR (Light Detection and Ranging) sensors work by sending out laser pulses and cal-
culating the time they take to bounce back, enabling precise distance measurements to
objects[[] The collected information forms a point cloud, which consists of 3D coordinates
that detail the environment’s geometry and reflectivity. Unlike images, point clouds are
unstructured and sparse, but they perform more consistently under various conditions,
such as poor lighting or adverse weather.

LiDAR can identify objects over 200 meters away, though the point density on objects
of the same size diminishes with range. Despite this, LIDAR point clouds are highly
effective at capturing accurate object shapes, dimensions, and positions, making them
indispensable for 3D object detection and localization in self-driving systems.

3D object detection methods often use sensor fusion techniques to combine data from Li-
DAR sensors and cameras, combining the strengths of each method. However the camera
and LiDAR sensor must be correctly calibrated first to establish a unified spatial frame of
reference, allowing them to be used alongside each other. State-of-the-art algorithms such
as Complex-Yolo[16] have demonstrated impressive performance on benchmark datasets,
such as the KITTI dataset, using LiDAR point clouds.

Despite their ability to provide accurate, in-depth information and record complex char-
acteristics of objects, LIDAR systems have limitations. They are costly compared to other
sensors and typically offer a limited field of view, meaning that multiple units are needed
for comprehensive coverage such as ”birds-eye-view” or BEV systems.

1.4.3 KITTI Dataset

The KITTI dataset [§] is widely used for autonomous driving research in areas such as 3D
object detection. It consists of point cloud data for both BEV and 3D object detection, as
well as colour images and camera calibration and label data. This is the primary dataset
of this project and was chosen due to its common use as a benchmark in evaluating new
detection models, especially multi-class due to its detailed annotations for multiple object
classes namely vehicles, pedestrians, and cyclists.

It contains 7,481 training images and point clouds and 7,518 test images and point clouds,
covering the three object classes mentioned above. For each class, detection outcomes are
evaluated based on three difficulty levels: easy, moderate, and hard, which are determined
according to several factors such as the objects size, occlusion state, and truncation level.

I Tailte Eireann, “What is LIDAR?,” Tailte Eireann Blog. [Online]. Available: https://www.tailte.
ie/en/blog/what-is-1lidar-.html. Accessed: 29/03/2025.
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1.4.4 Terminology

The following terminology subsection defines key terms, labels, and metrics used in the
KITTTI 3D object detection dataset. This aims to allow readers and new researchers to
familiarise themselves with important details and to ensure consistent interpretation of
our results.

e 3D Detection Difficulty: As shown in Figure [1| the KITTI benchmark has three
difficulty standards depend on bounding box height, occlusion and truncation levels.

e Intersection over Union (IoU): is TP/(TP+FP+FN), where TP, FP, and FN are the
numbers of true positive, false positive, and false negative pixels, respectively.

e 3D AP: Average Precision for 3D object detection, computed using 3D IoU thresh-
olds across three difficulty levels.

e 3D mAP: Mean Average Precision across all classes, providing a single performance
metric for 3D detection models on the KITTI benchmark.

1 AAPcar7 easy + APcar7 moderate T AAPcalr7 hard +
mAP = § APpedestrian, easy + APpedestrian, moderate 1 APpedestrian, hard 1 (1)

lAPcyclist7 easy + APcyclist, moderate 1 APcyclist, hard

We also include 3D mAP (Car) and 3D mAP (Easy) to evaluate models on those
Car or Easy entries.

e Frames per Second (FPS): Measures the inference speed of a 3D object detection
model on the KITTI benchmark, indicating real-time performance capability, with
larger numbers indicating better performance.

Min. Max.

: : Max.
bounding occlusion :
box height level ncaton

Easy 40px Fully visible 15%
Partly i
Moderate 25px occluded 30%
Hard 25px Difficult to 50%
see

Figure 1: KITTI dataset difficulty level classification standard [17]

1.5 Thesis Structure

This paper will surveys existing 3D object detection methods in the Literature Re-
view, categorizing state-of-the-art approaches (projection, voxel, point, and hybrid-based)
while identifying gaps in comparative evaluations. The Methodology section outlines
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the research design, including model selection, dataset, evaluation metrics, and hard-
ware/software configurations for standardized testing. Results present quantitative per-
formance comparisons, namely accuracy and speed, and introduce the M-Score metric to
assess real-world usability. The Discussion section interprets key findings, examines trade-
offs between accuracy and efficiency, and evaluates implications for autonomous driving
systems. Finally, the Conclusion summarizes contributions, acknowledges limitations and
discusses future work.

2 Literature Review

2.1 A Review of Existing Surveys

Due to the rapid growth of deep learning (DL) in computer vision, object detection has
become an extensively studied application [I4]. Three-dimensional detection draws much
attention in robotics applications, such as autonomous driving, because the intention to
know object driving environment and location has increased. Most review papers present
general detection in 2D and 3D and for multiple sensors, including cameras, radar and
LiDAR [I5]. Different papers also have different categories that the divide models up into
such as voxel-based vs raw point cloud. There are also multiple valid methods of evaluating
and comparing these methods, as well as showing the comparisons. This literature review
aims to discuss all these considerations as well as identify the research niche.

2.2 A Comparison of 2D Detection Methods and 3D Detection
Methods

In the 2019 paper [18] L. Jiao et. al. Goes into great detail providing an overview of
2D object detection methods and splits them into two categories: one-stage (e.g. YOLO)
and two-stage detectors (e.g. Faster RCNN). However, while the authors do briefly dis-
cuss LiIDAR and 3D object detection when discussing trends in the field, the majority
of the material that this survey covered falls under 2D detection, which unfortunately
does significantly limit its relevance for modern perception tasks. In comparison the 2022
survey [19] carried out by S.Y. Alaba fully evaluates and compares the 3D methods of
detection such as voxel-based methods as well as their advantages and disadvantages in
terms of accuracy and computational efficiency, which is then backed up by comparisons
on multiple autonomous driving datasets (e.g., NuScenes, Waymo). Our paper aims to
comprehensively review LIDAR 3D object-detection models for autonomous driving due
to 2D models becoming outdated by current standards.

While the 2D methods used discussed in [I8] are outdated by today’s standards, the
contrast between the 2D methods and 3D methods from [19] reflects the field’s pivot to-
ward 3D perception and the current demand for perception systems with better depth
perception and accuracy as addressed by S. Alaba [19]. Furthermore in the survey [20]
the authors critique 2D object detection methods such as those discussed in [18] claiming
that 2D object detection does not meet the need of real-world scenarios. This is signif-
icant to the field of 3D object detection. However while [19] delivers analysis of LiDAR
based 3D detection methods, its fails to give hybrid or sensor-fusion approaches (e.g.,
LiDAR-camera fusion based methods such as BEVFusion) significant focus. This limits
its practical relevance in the field of AV development, in which these hybrid techniques
play a major role. This paper aims to extend upon [19] by evaluating the most recent
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Figure 2: Comparison between 2D and 3D object detection methods [20]

methods that have emerged as state-of-the-art since its 2022 publication date. We also
want to see how hybrid approaches compare in terms of our research question, as well as
examining how different algorithms compare in an identical testing environment.

2.3 Methods of Categorizing Algorithms

S.Y Alaba [19] splits up the models discussed into the following categories: projection
based, voxel-based approaches and raw point cloud methods, as does Y. Wu et al in [21]
leading to this becoming a common method of categorising in recent literature. As men-
tioned above a weakness of [21] is the exclusion of hybrid methods, such as those discussed
in [22] and [23], something that our research aims to address.

In comparison to [19] and [21], the survey by L. Chen [24] takes a more unique method
of categorising, separating models depending on their historical context as part of a evo-
lutionary review. The authors sperate models into 3 categories: Traditional Computer
vision algorithms, Deep Learning-based Computer Vision Algorithms and Visual SLAM
Algorithms. While this way of separating algorithms provides valuable historical infor-
mation it lacks modern relevance due to the focus given to historical algorithms that are
no longer state of the art. This leads our paper to focus on the more relevant current
state-of-the-art models such as Fast Point RCNN [7].

In the 2007 survey [25] by F. Tarsha-Kurdi analysis and comparisons are made papers
that focused how on LiDAR data is used for object detection and reconstruction, sharing
overlap with our research question. The authors, similarly to [19] break up these papers
by methodology and split them into two categories: Model driven approaches and Data
driven. Model-driven methods processes the LIDAR point cloud data and matches fea-
tures to predefined geometric templates that are stored in the models library after first
segmentation is done on them splitting them into features terrain, vegetation, and build-
ings. While these methods work well for simple structures, this method lacks promise in
terms of our research field (AVs) as it would requires large data heavy libraries for obsta-
cles such as other cars with irregular designs to be detected and accurately recognised.
As such they will be excluded from our paper.



Data-driven methods directly reconstruct objects through a series of geometric operations
(e.g., fitting planes and edges) on raw point clouds, similar to the voxel-based approaches
from [19]. However, as the paper critiques, these techniques tend to struggle with noise
and gaps in LIDAR data, requiring post-processing and while state-of-the-art for its time
surveys focusing on newer more efficient data-driven methods have been published.

2.4 Evaluation Metrics

The most commonly used evaluation metrics in 2D detection competitions (such as nulm-
ages by nuScenes [11]), and 3D detection benchmarks [10], is mean Average Precision
(mAP) as well as Intersection over Union (IoU) both of which evaluate models based on
their detection accuracy. However, many more evaluation metrics are commonly used in
categories such as computational efficiency as well as dataset specific evaluation metrics
such as nuScenes Detection Score [L1].

While the 2007 [25] study evaluates success purely through geometric accuracy (e.g., align-
ment error), the 2024 survey [24] introduces energy efficiency as an evaluation metric and
aims to balance accuracy and performance with the associated computational cost. This
metric is critical for our research question, as we aim to evaluate the efficiency of LiDAR-
focused algorithms. While we initially considered metrics such as power consumption
(watts), computational operations (FLOPs), and memory usage (MBs), our final assess-
ment focuses on practical runtime performance, specifically, inference times and frames
per second (FPS), to provide a direct measure of real-world deployment potential.

[20] included evaluation metrics Average Precision (AP) and IoU both of which are cru-
cial for evaluation the detection accuracy of models. Mean average precision, localisation
accuracy, and F1 score as also used alongside True Positive Rates (TPR) and False Posi-
tive Rates (FPR). In contrast the paper [21] uses an alternative approach with 2D centre
distance thresholds rather than IoU to evaluate detections. This method reduces the
impact of object size and orientation on scoring, meaning a better balanced evaluation
across different object types. IoU as used in [20] might disadvantage smaller objects like
pedestrians or cyclists, so the evaluation metric used in this [21] would provide a more
consistent assessment regardless of an object’s size or orientation. However, to get around
this potential issue we choose smaller IoU threshold values (0.5 instead of 0.7) for pedes-
trians and cyclists so the models are not biased towards classes with larger volumes such
as cars.

The two papers contrast further as they have distinct strategies for overall evaluation of
the performance evaluation: while [20] uses separate metrics (AP, Average Orientation
Precision, Average Orientation Similarity) that gives detailed information as to how well
a model works but can complicate direct model comparisons due to there being so many
metrics, [21] introduces the unified nuScenes Detection Score (NDS) that combines mAP
with five other metrics into a single value, simplifying benchmarking at the potential cost
of masking individual model weaknesses. These two evaluation methods are both valid
but with different benefits, in particular [20]s approach suits high precision tasks like au-
tonomous driving with a need for high performance across different methods., whereas
the method of [21] works well at grading algorithms on one metric providing a more basic
insight for quick comparisons. Due to the high accuracy of [20]s approach it is well suited
for our research topic and as part of our research question we will evaluate models on
multiple metrics.



2.5 Presentation Methods

In the paper [19] the evaluation metrics are presented in the form of a graph, giving it a
distinct advantage in terms of readability over some of the other papers mentioned such
as [14], [26] or [I5]. In this paper the graph clearly shows the AP of several models on
the KITTI dataset split up depending on whether the model was tested on Birdseye view
(BEV) or 3D LiDAR data from the dataset. Similarly, while not a survey paper as it
presents its own research, [7] presents the performance of other models as part of a graph
but with considerably more evaluation metrics displayed than [19]. In particular Time (in
seconds) and GPU model are used as metrics. The inclusion of both of these metrics allow
for insight to be made as to the efficiency of models as more powerful gpus would normally
mean lower run times, and lower run times usually means higher efficiency. However to a
reader with low knowledge of GPU hardware the inclusion of GPU as a column just adds
to visual clutter making it harder to quickly compare the evaluation metrics. This project
aims to improve upon this by using a single GPU for testing, resulting in a standardised
and fairer evaluation environment.

2.6 Overview of Literature Review

The literature review examines the evolution of object detection in computer vision, fo-
cusing on the transition from 2D to 3D methods, particularly for autonomous driving
applications, most recently using LiDAR. Existing surveys, such as those by L. Jiao et
al. [I§] and S. Alaba [19], compare traditional 2D detectors with modern 3D LiDAR-
based approaches. Evaluation metrics like mAP, ToU, and NDS are commonly used to
assess detection accuracy and computational efficiency, with some studies incorporating
runtime performance and energy efficiency. The review also discusses different catego-
rization frameworks, including projection-based, voxel-based, and evolutionary classifica-
tions, while highlighting the increasing importance of hybrid sensor-fusion techniques in
autonomous vehicle perception systems.

While existing research has made significant progress in 3D object detection using LiDAR
data, Table [1| reveals existing gaps in the literature. Most prior works focus on specific
aspects such as computational efficiency ([7], [24]) or multi-metric evaluation ([19], [23]),
but none provide a comprehensive analysis combining hybrid models, efficiency compar-
isons, and standardized testing. Notably, only [26] explores hybrid approaches and not on
the task of 3D object detection, while over half of papers overlook key real-world usability
factors like balanced performance metrics.

Our paper addresses these limitations by offering a fairer evaluation, integrating hybrid
models, computational efficiency analysis, and multi-metric assessment (including accu-
racy and speed) under standardized testing conditions. This approach not only fills a
critical research gap but also provides practical insights for deploying 3D object detection
in autonomous driving systems, where both performance and efficiency are essential. By
unifying these aspects, our work enables more informed model selection and highlights
trade-offs that prior studies have not systematically examined. Table [1| shows a summary
of the survey of related works in existing review articles.



Table 1: Comparison of Key Features in Related Works
Multi-

Hybrid  Comp. 3D Object Standardized

Reference Models Efficiency Metric - LIDAR Detection Testing
Eval.
[ X Yes Yes Yes Yes X
[18] X X X X Briefly X
[19] X X Yes Yes Yes Yes
[20] X X Yes X Yes X
[21] X X X Yes Yes X
[23] X X Yes Yes Yes X
[24] X Yes X X Yes X
[25] X X X Yes X X
[26] Yes X X Yes X X
Our Paper Yes Yes Yes Yes Yes Yes

3 Methodology

3.1 Research Design
3.1.1 Overview of Model Types

LiDAR data’s sparse, unstructured format makes it difficult to process, requiring advanced
techniques for meaningful analysis. Different methods have been developed to process
LiDAR point cloud data: projection based approaches, such as Complex YOLO [106]
and AVOD [27], which convert the 3D LiDAR data to 2D representations, voxel-based
approaches, such as VoxelNet [23] and Voxel-RCNN [28], which build volumetric grids
from the data and raw point cloud methods, such as PointRCNN [6] and Fast Point R~
CNN [7], which work directly on these point clouds, and hybrid methods such as CaDNN
[29] or PV-RCNN [22] which use a combination of the other methods.

Every single model featured on this project was selected for two reasons:

1. They perform at a state of the art level in their respective approach

2. They are open source or had code freely available for academic use.
Note: in some cases such as Fast Point RCNN we reached out to research teams
to obtain their code for use in this project and valuable discussion.

3.1.2 Type 1: Projection Based Approaches

Projection-based LiDAR 3D object detectors convert raw 3D point clouds into structured
2D representations to leverage efficient 2D CNNs for detection. These methods project
sparse 3D points onto a 2D plane, encoding attributes like depth, intensity, or height into
channels. For example, BEV-based approaches discretize the scene into a grid, preserving
spatial relationships, while range-view projections maintain the LiDAR’s native spherical
perspective. Once projected, 2D CNNs process the data to predict 3D bounding boxes,
often combining multi-view projections to mitigate information loss. Popular methods
include PointPillars[30] and Complex-YOLO[16], as they balance speed and accuracy by



avoiding direct point cloud processing.

AVOD: This projection-based method works in two stages: first, a Region Proposal Net-
work (RPN) generates 3D object proposals, and then a second-stage network refines these
proposals to predict accurate oriented 3D bounding boxes with classifications. AVOD was
chosen as it achieves state-of-the-art performance on the KITTI benchmark [12] and is
well optimised with open source code available [27].

Complex YOLO V4: This model is a modified version of the YOLOv2 model that
is commonly used for 2D object detection using RGB images, extended for 3D object
detection in LiDAR point clouds [16]. Evaluated on the KITTI benchmark, it achieves
state-of-the-art accuracy for cars, pedestrians, and cyclists while running significantly
faster than competing methods.

3.1.3 Type 2: Voxel Based Approaches

Voxel-based 3D object detection methods, such as the popular VoxelNet[23]convert raw
LiDAR point clouds into a structured 3D grid knwon as a voxel and apply 3D convolu-
tions for efficient feature extraction. These methods are commonly used as they balance
accuracy and computational efficiency by trading off fine-grained point-level details for
faster processing. Voxel based approaches, as well as projection based approaches, are
the two most popular types of approaching 3D Object detection on the KITTI dataset
due to their apparent better trade-off between accuracy and computational efficiency [8].
VoxelNet: This voxel-based approach is currently state-of-the-art for the task of 3D
object detection. It directly processes raw LiDAR point clouds using voxel-based feature
encoding (VFE), eliminating manual feature engineering. It performs extremely well on
the KITTI dataset [23].

Voxel-RCNN: Voxel R-CNN is an efficient 3D object detection method that uses voxel
representations instead of raw point clouds. It achieves high accuracy like point-based
methods but runs faster by processing organized voxel data, featuring a specialized Voxel
Rol Pooling module to refine object predictions. In its 2020 paper it was shown to achieve
high performance on KITTI and Waymo datasets matching top detectors while maintain-
ing real-time speed ( 25 FPS) [2§].

3.1.4 Type 3: Raw Point CLoud Methods

Raw point cloud-based 3D object detection methods directly process unstructured LiDAR
point clouds without voxelization or projection, leveraging point-wise feature extraction
networks to preserve precise 3D geometry.

PointRCNN: A two-stage 3D detector that first generates proposals directly from raw
point clouds and then refines them into canonical coordinates, combining local and global
features for accurate detection. It outperforms state-of-the-art methods on KITTI using
only point cloud data [6]. All the required code is also highly accessible.

Fast Point R-CNN: This raw point cloud method is a fast two-stage 3D detector that
combines voxel-based proposals with point-wise attention fusion for accurate refinement.
When published it boasted achieving 15FPS state-of-the-art results on the KITTI dataset
under 3D/BEV detection [7].
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3.1.5 Type 4: Hybrid Approaches

Hybrid 3D object detection methods combine multiple representation paradigms (such as
voxels, raw points, or projections all mentioned above) to leverage their complementary
strengths and balancing efficiency, accuracy, and geometric precision.

CADNN: This hybrid model is a monocular 3D object detection method that improves
depth estimation by predicting a categorical depth distribution for each pixel, rather
than directly regressing depth. The model uses a bird’s-eye-view (BEV) projection and a
single-stage detector for efficient 3D bounding box prediction. CaDDN achieved 1st place
among monocular methods on the KITTI 3D benchmark making it state of the art in its
domain [29).

PVRCNN: PVRCNN [22] is a hybrid 3D object detection model that combines the
efficiency of voxel-based feature extraction with point-based refinement to achieve fine
hallucination. It first processes LIDAR data using a fast 3D voxel CNN, then refines
predictions with point-level features from PointNet++ for sharper object boundaries and
better accuracy. This balance makes it one of the top-performing methods on benchmarks
like KITTTI.

3.1.6 Research Design Overview

Study Design

Data Standard-
Collection ised
Model ; ) . .
- Testing Evaluation |/ Analysis Insights
. Selaction
Kitti
Dataset RTX4060ti

Figure 3: Our research design

This study begins with data collection from the KITTI dataset, comprising LiDAR
point clouds and RGB images. Eight state of the art models spanning point based, voxel
based, hybrid, and projection based methods are selected for standardized evaluation on
identical hardware (RTX 4060 Ti). Performance is measured using accuracy (mAP, class
wise AP) and speed (FPS) metrics, with results analysed through a trade off scatter
plot. The proposed M Score (balancing mAP and FPS) guides practical insights, such as
prioritizing high accuracy models for urban AVs (e.g., PointRCNN) or high speed models
for highways (e.g., VoxelNet).

3.2 Data Collection

The KITTI dataset files were downloaded from the official sitdﬂ In particular the Velodyne
point clouds (29 GB), Training labels of object data set (5 MB), Camera calibration
matrices of object data set (16 MB) and the Left colour images of object data set (12

’https://www.cvlibs.net/datasets/kitti/eval_object.php?obj_benchmark=3d
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GB).
We then split the data into training and testing using the method described in each models
documentation. Usually looking like this:
DATA DIR
training < training data
image_2
label 2
velodyne
testing < testing data
image_2
label 2
velodyne
The models themselves were downloaded from their GitHub repositories (such as the
open source project OpenPCDet [31]) or shared by researchers upon email requests.

3.3 Analysis Methods

Each of our models were trained on the KITTI training split using their native prepro-
cessing pipelines to ensure optimal performance. For evaluation, we tested all models on
the KITTI test split and recorded their 3D Average Precision (AP) scores for the Car,
Pedestrian, and Cyclist classes across all three difficulty levels (Easy, Moderate, Hard).
Additionally, we measured the inference speed (FPS) of each model on standardized hard-
ware to evaluate computational efficiency.

The models were then systematically compared using four key metrics: overall detection
accuracy (mAP across all classes), vehicle-specific performance (mAP for Cars), perfor-
mance on simple scenarios (mAP for Easy difficulty), and runtime efficiency (FPS). This
multi-faceted evaluation approach provides insights into both the detection capabilities
(accuracy) and practical deployment potential (efficiency) of contemporary 3D object
detection architectures.

3.4 Experimental Setup
3.4.1 Hardware

The benchmarking of all models was done on the following hardware:

e CPU: AMD Ryzen 9 5900XT 3.3 GHz 16-Core Processor [16 Cores, 32 Threads,
Base Clock: 3.3GHz]

e GPU: Gigabyte GAMING OC GeForce RTX 4060 Ti 16GB [16GB GDDR6 VRAM,
Boost Clock: 2.310 GHz|

e Memory: Corsair Vengeance LPX 64GB (2 x 32GB) DDR4 [3200MHz Speed,
CL16 Latency, Dual Channel Configuration]

e Storage: Kingston NV3 NVMe SSD 2TB [PCle 4.0 x4 Interface, M.2 2280 Form
Factor, Sequential Read: 6000 MB/s]
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3.4.2 Software

Due to different code architecture some models are built using TensorFlow [32] while
others use PyTorch [33] and as a result have slightly different Software architectures.

e The models that are built on Tensorflow and PyTorch are run on the Linux operating
system specifically Ubuntu 22.04, with TensorFlow 2.10 and PyTorch 1.13 to allow
GPU acceleration.

Unless stated otherwise all models use Nvidia CUDA toolkit version 11.6 [34].

4 Results

4.1 Results Summary

The bar chart below compares the 3D Average Precision (mAP) of several state-of-the-
art object detection models. Among the models evaluated, PointRCNN + Voxel RCNN
achieved the highest mAP, followed closely by Complex Yolo v4 and PV-RCNN, indi-
cating strong performance in 3D detection tasks. Fast-point RCNN also performed well,
while AVOD and Voxel Net exhibited comparatively lower mAP scores. CaDNN in par-
ticular performed poorly with an mAP of around 10%, however this is to be expected of a
monocular detector [29]. The results highlight the better performance of voxel-based and
point-based deep learning models over traditional approaches in terms of accuracy on 3D
object detection.

100 3D Average Precision (mAP) by Model

80 A

60 -

mAP

20 A

Name

Figure 4: Barchart of model mAP.
We can also see how models compared in mAP for all Cars and for easy difficulties,

presented in Tabldl] and Figurdd] While overall mAP provides a comprehensive evalu-
ation, the car-class results (mAP Car) reveal critical architecture-specific behaviours in
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vehicle detection. PointRCNN’s 81.96% mAP not only leads this category but also ex-
plains its strong overall performance (71.17%), as we expect cars to feature heavily in the
KITTI dataset, as it was recorded on streets [12]. The 80.05% from Complex Yolo V4
similarly supports its competitive overall mAP (63.25%), while CaDNN-Mono’s extremely
low 12.55% car mAP directly contributes to its bottom-tier overall performance (9.86%).
This apparent correlation tells us that car-class detection capability is often the primary
driver of overall scores in automotive 3D detection tasks.

The easy-case results (mAP Easy) show how our models perform under ideal conditions,
providing insight into their best performance. PointRCNN’s 78.22% demonstrates con-
sistency with its car-class performance, while the gap between VoxelNET’s easy-case
(59.23%) and car-class (68.27%) mAPs indicates its architecture handles simple cases
worse than typical vehicle detection scenarios. Notably, PVRCNN maintains strong easy-
case performance (68.89%) despite its modest FPS, suggesting its hybrid design [22] per-
forms well in ideal situations.

Table 2: 3D Object Detection Performance Comparison

Model mAP mAP (Car) mAP (Easy) FPS
AVOD 47.11 67.20 56.36 13.8
CaDNN-Mono 9.86 12.55 12.43 2.9
Complex Yolo V4 63.25 80.05 68.02 31.0
Fast Point RCNN  59.55 77.97 64.22 16.1
PVRCNN 64.89 77.78 68.89 8.8
Point RCNN 71.17 81.96 78.22 10.6
VoxelNET 53.51 68.27 59.23 46.0
VoxelRCNN 68.19 79.48 75.03 22.1

We can see in Figure |5| that processing speeds (FPS) vary dramatically across archi-
tectures, creating clear trade-offs between the accuracy metrics discussed previously and
practical real world usability. VoxelNET’s leading 46.0 FPS comes at the expected cost
to accuracy (53.51% overall mAP), while PointRCNN’s high accuracy (71.17% overall)
came with a computational tradeoff at 10.6 FPS. Complex Yolo V4 appears to be the most
balanced contender, delivering 31.0 FPS alongside high accuracy (63.25% overall, 80.05%
car). These FPS differences highlight why model selection depends heavily on deployment
constraints, as the models with the highest accuracies may not be deployment viable in
AVs due to poor FPS. For example, PointRCNN processes 10.6 frames/sec, making it too
slow for dense urban or motorway scenes, which can require almost twice the FPS [35].
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FPS vs. mAP Metrics (Overall, Car, Easy)
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Figure 5: Dotplot of model mAP.

4.2 Point RCNN

This table shows the 3D Average Precision (AP) performance of Point RCNN; across dif-
ferent difficulty levels (Easy/Moderate/Hard) for cars, cyclists, and pedestrians. Higher
AP scores indicate better detection accuracy. Cars use a stricter IoU threshold (0.7) due
to their larger size, while cyclists and pedestrians use 0.5 to avoid bias [36]. Performance
declines with difficulty level, with cars detected most accurately (88.13% Easy) and pedes-
trians least (51.03% Hard), however it still outperformed most models in terms of mAP
as seen in Table 2l We can read each row to see how the model performs for a specific
class under varying conditions.

Table 3: Point RCNN Performance Metrics AP(3D)

Model Approach Class IOU Easy (%) Moderate (%) Hard (%)
Point RCNN Raw Point  car 0.7 88.13 80.71 77.03
Point RCNN Raw Point  cyclist 0.5 84.31 73.22 70.01
Point RCNN Raw Point  pedestrian 0.5 62.22 53.89 51.03

4.3 Fast Point RCNN

Fast Point RCNN shows a slight performance drop compared to Point RCNN, particu-
larly in pedestrian detection (45.23% vs. 62.22% AP on easy). However, it still has a
competitive accuracy for cars, suggesting a slight trade-off between speed and precision.
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Table 4: Fast Point RCNN Performance Metrics AP(3D)

Model Approach Class IOU Easy (%) Moderate (%) Hard (%)
Fast Point RCNN Raw Point car 0.7 85.09 77.14 71.67
Fast Point RCNN Raw Point  cyclist 0.5 62.34 58.25 55.89
Fast Point RCNN Raw Point pedestrian 0.5 45.23 41.81 38.51

4.4 Complex Yolo V4

Complex Yolo V4 achieves balanced performance, closely matching Point RCNN in car
detection (85.73% AP on easy) but lacking in pedestrian detection. Its cyclist detection
remains competitive, though moderate and hard cases see a noticeable decline.

Table 5: Complex Yolo V4 Performance Metrics

Model Approach Class IOU Easy (%) Moderate (%) Hard (%)

Complex Yolo V4 Projection car 0.7 85.73 77.31 77.12

Complex Yolo V4 Projection  cyclist 0.5 72.37 61.06 59.80

Complex Yolo V4 Projection pedestrian 0.5 45.97 45.82 44.11
4.5 AVOD

AVOD underperforms relative to raw-point-cloud based models, particularly in pedestrian
(35.98% AP on easy) and cyclist detection. Its moderate and hard-case accuracy for all
classes is notably weaker, highlighting limitations in complex scenarios.

Table 6: AVOD Performance Metrics

Model Approach Class IOU Easy (%) Moderate (%) Hard (%)
AVOD  Projection car 0.7 75.91 65.23 60.45
AVOD  Projection  cyclist 0.5 57.18 42.03 36.87
AVOD  Projection pedestrian 0.5 35.98 26.75 23.60

4.6 VoxelNET

VoxelNET delivers moderate results, with car detection (75.03% AP on easy) trailing
Point RCNN but surpassing AVOD. Pedestrian and cyclist performance is inconsistent,
with a steep drop in hard-case accuracy, suggesting that it struggles considerable on
non-car classes.

Table 7: VoxelNET Performance Metrics

Model Approach Class IOU Easy (%) Moderate (%) Hard (%)
VoxelNET  Voxel car 0.7 75.03 68.21 61.57
VoxelNET  Voxel cyclist 0.5 61.14 53.90 46.51
VoxeINET  Voxel pedestrian 0.5 41.52 38.47 35.27
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4.7 VoxelRCNN

VoxelRCNN excels in car detection (87.87% AP on easy), nearly matching Point RCNN,
while significantly improving pedestrian recognition over VoxelNET. Cyclist detection
remains stable, though hard-case performances dip slightly.

Table 8: VoxelRCNN Performance Metrics

Model Approach Class IOU Easy (%) Moderate (%) Hard (%)
Voxel RCNN  Voxel car 0.7 87.87 78.27 72.31
Voxel RCNN  Voxel cyclist 0.5 69.22 65.19 61.83
Voxel RCNN  Voxel pedestrian 0.5 68.01 57.87 53.12

4.8 PVRCNN

PVRCNN shows strong car detection (81.20% AP on easy) but lags behind VoxelRCNN
and Point RCNN. Its pedestrian and cyclist performance is average, but moderate and
hard cases reveal room for improvement.

Table 9: PVRCONN Performance Metrics

Model Approach Class IOU Easy (%) Moderate (%) Hard (%)
PVRCNN  Hybrid car 0.7 81.20 77.26 74.87
PVRCNN Hybrid cyclist 0.5 69.81 64.89 61.78
PVRCNN Hybrid pedestrian 0.5 55.67 50.30 48.24
4.9 CaDNN

As expected CaDNN-Mono struggles across all classes, with notably low AP scores (14.19%
for cars on easy), reflecting the challenges of monocular 3D detection. Its performance is
noticeably inferior to other examined methods.

Table 10: CaDNN Performance Metrics

Model Approach Class IOU Easy (%) Moderate (%) Hard (%)
CaDNN-Mono Hybrid car 0.7 14.19 12.31 11.16
CaDNN-Mono Hybrid cyclist 0.5 11.55 7.84 6.16
CaDNN-Mono Hybrid pedestrian 0.5 11.55 7.84 6.16

5 Discussion

5.1 Model Comparisons: Introducing M-Score

The KITTI leaderboards rank models based on mAP, specifically mAP (Moderate). How-
ever we know that FPS is just as important as mAP when it comes to real world deploy-
ment [37]. In real-world applications such as autonomous driving or robotics FPS is vital,
as slow inference can render even the most accurate models unusable in time-sensitive
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scenarios.
To address this gap, we propose the M-Score, a composite metric balancing both accuracy

and speed:
mAP log(FPS + 1)
- = . . _ . . S 2
M-Score = 0.65 ( 100 ) +0.35 ( 1o (61) > (2)

This allows us to better compare our models, not just on their accuracy and speed, but
also on their realworld usability. Most scores will lie between 0 and 1 with higher scores
indicating better suitability to real world use in AVs.:

Table 11: Model Performance with M-Score

Model Name mAP FPS M-Score
Voxel RCNN 68.187778 22.1 0.711
Complex Yolo V4 63.254444  31.0 0.706
VoxeINET 53.513333  46.0 0.676
Point RCNN 71.172222 10.6 0.671
Fast Point RCNN 59.547778 16.1 0.629
PVRCNN 64.891111 8.8 0.616
AVOD 47.111111  13.8 0.536
CaDNN-Mono 9.862222 2.9 0.180

5.2 Summary and Interpretation of Key Results
5.2.1 Summary

In this paper 8 different state -of-the-art models were tested on the KITTI dataset. Out
of the models tested Point RCNN achieved the highest accuracy (mAP 71.17) but is slow
(10.6 FPS). VoxelRCNN better balances accuracy (mAP 68.19) and speed (22.1 FPS),
while Complex Yolo V4 trades slightly lower accuracy (mAP 63.25) for better speed (31.0
EFPS). VoxelNET is the fastest (46.0 FPS) but less accurate (mAP 53.51). CaDNN-Mono
performs poorly in both accuracy (mAP 9.86) and speed (2.9 FPS).

For overall performance (M-Score), VoxelRCNN (0.711) and Complex Yolo V4 (0.706)
rank highest, combining accuracy and speed effectively. Point RCNN (0.671) suffers in
M-Score due to low FPS, while CaDNN-Mono (0.180) scores worst.

The results (Figure 5| demonstrate a clear trade-off between detection accuracy (mAP)
and inference speed (FPS) across different 3D object detection models. High-accuracy
models like Point RCNN (71.17 mAP) achieve superior detection performance but suffer
from slower inference speeds (10.6 FPS), making them less suitable for real-time appli-
cations. Conversely, faster models like VoxeINET (46 FPS) offer rapid processing but
at the cost of reduced accuracy (53.51 mAP). This inverse relationship highlights one
of the largest challenges in 3D object detection: balancing precision with computational
efficiency [7] and highlights the need for application-specific model selection.
Application-specific model selection could exist in the form of an AV using a different ob-
ject detection system depending on the working environment, with high-precision models
(lower FPS) being used for everyday urban driving (such as dense city traffic or pedestrian-
heavy zones) and high-FPS (lower precision) models being used for high-speed environ-
ments (such as highway driving or open rural roads). A similar application specific model
selection is already commonly used by drones and UAVs in industry [3§].
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5.3 Implication of Key Results

Now we examine our results in terms of our research questions:

How do state-of-the-art deep learning techniques compare in accuracy, effi-
ciency, and speed for LiDAR-based 3D object detection in autonomous driving
scenarios?

In addressing our first research question, the findings reveal that state-of-the-art deep
learning techniques for LiDAR-based 3D object detection vary significantly in accuracy,
efficiency, and speed. The raw-point-based methods [0; [7] examined excel in accuracy
but performed worse in terms of speed, while voxel-based approaches [23} 28] offer bet-
ter speed-accuracy trade-offs. Notably, Complex Yolo V4 demonstrates that optimized
architectures can achieve competitive accuracy without sacrificing real-time performance,
making it a strong candidate for autonomous driving scenarios, despite not having the
highest mAP or FPS scores.

How do hybrid LiDAR-based 3D object detection approaches compare to pure
projection-based, voxel-based, and raw-point-based methods in terms of accu-
racy and computational efficiency?

In terms of our second question: Hybrid methods appeared to struggle compared to
more traditional methods, likely due to their additional computational overhead. Our
analysis reveals hybrid LiDAR methods like PVRCNN (64.89 mAP, 8.8 FPS) face ef-
ficiency trade-offs, struggling to match the speed of optimized voxel-based approaches
such as VoxelRCNN (68.19 mAP, 22.1 FPS). While hybrids aim to combine multiple
paradigms’ strengths, their computational overhead often outweighs benefits for real-time
applications. The weak performance of CaDNN-Mono (9.86 mAP, 2.9 FPS) is expected of
Monocular models [29] but may not be a fair representation of all hybrid models. Whereas
in comparison, pure methods show more consistent performance patterns. Voxel-based
techniques offer the best accuracy-speed balance, while point-based models prioritize pre-
cision. These findings suggest pure methods remain preferable for most autonomous
driving tasks, unless specific detection challenges truly require hybrid architectures’ mul-
timodal processing capabilities. Future hybrid models must significantly improve compu-
tational efficiency to compete with state-of-the-art pure approaches.

6 Conclusion

6.1 Limitations and Future Work

Although this project aims to provide a comprehensive analysis and comparison of 3D
detection algorithms, it is important to note that the evaluation is based on benchmark
datasets and simulated performance. The lack of real-world testing limits insight into
how AVs that deploy this technology would act in the real world. This is important to
note for any deployment in actual AV systems.

The KITTI dataset has received criticism [39] as it only features good weather during
daytime, meaning that models may may not to perform as well in real world testing, or
on datasets featuring adverse weather conditions (such as the Oxford RoboCar Dataset
[40] which heavily features rain and night scenes). However, we believe that it is still well
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suited for the purpose of model comparison.

One weakness of this project is the inclusion of monocular methods (e.g. CaDNN -
Mono[29]) under the broad label of hybrid models. If this project were to be repeated
Monocular methods would be treated as their own category, as they often feature very
low mAP[41], to prevent them from negatively skewing the hybrid category as a whole.
Due to the time constraints of this masters project being only 12 weeks we were only able
to compare 8 different models on the KITTI dataset and on our hardware.

Future work would to be extend this project to more models creating a freely accessible
database of model performances on the same architecture. This would enable more fair
and comprehensive benchmarking and better enable researchers and practitioners in the
field to make comparisons between models. Future work could also feature the proposed
M-Score metric to allow future researchers to instantly compare models at a glance.

As mentioned in Acknowledging Limitations, future work could view hybrid approaches
and monocular approaches as seperate categories for better comparisons.
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