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Abstract

Kie er's (2024) [ 1] open-source YOLO-LIDAR-Fusion framework, which formed the basis of
this thesis, is expanded upon by this methodology. With an inference time of 0.2425 seconds,
Kie er's initial pipeline produced 2D segmentation masks using YOLOv8m-seg and fused
them with LIDAR data for 3D object detection. The results were moderate, with an average
loU of 20.28% for cars and 20.37% for pedestrians when ltering parameters were set to (20,
20). Several signi cant improvements were made in this thesis to increase the e ciency and
accuracy of detection. The most recent segmentation-capable variant, YOLOv11lm-seg, was
used in place of the YOLOV8 backbone. Using the same Itering con guration, it produced
faster inference times of 0.1008 seconds and higher detection scores of 26.98% (car), 33.26%
(pedestrian), and 14.26% (cyclist). Additionally, preprocessing steps like depth Itering,
erosion-based mask re nement, and PCA for 3D bounding box alignment were re-implemented
and assessed. The most per-class average loUs were 29.57% (car), 35.25% (pedestrian), and
16.57% (cyclist) after a more thorough grid search over erosion and depth values (ranging
from 10 to 70) revealed class-speci c optimal con gurations. Furthermore, Kie er's original
implementation was compared to the fusion pipeline's testing across several YOLO variants,
including YOLOvV8m, YOLOV9e, and YOLOv11im. Our YOLOv8m-seg alone outperformed
his version by +11.32% (car) and +3.81% (pedestrian), while also being nearly three times
faster. The Nano version had the fastest runtime (0.0402s), while the Extra Large version had
the highest car loU (28.02%), according to our evaluation of the impact of YOLOv11 model
scaling. Lastly, the thesis outlines limitations and suggests future work, including class-speci c
post-processing, expanding the model to detect additional classes from the KITTI dataset,
and further training the model on other datasets, such as Waymo or NuScenes, to improve
generalizability.
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1 Introduction

Over the past 20 years, autonomous vehicles (AVs) have advanced quickly thanks to major de-
velopments in deep learning, vehicle dynamics, and sensor technology. Both technological and
economic factors are contributing to the growing interest in AVs. The global market for AVs
was estimated to be worth 1.7 trillion USD in 2024, and is expected to reach 3.9 trillion USD
by 2034, with a compound annual growth rate (CAGR) of 8.6%2]. One of the main factors
driving this increase is the belief that AVs will signi cantly lower the number of tra c-related
deaths by removing human driving errors. Currently, it is estimated that over 1.3 million deaths
per year are caused by human error, which accounts for 80-90% of the total tra c-related deaths].|

However, this requires understanding the driving environment, which includes extreme weather
conditions like intense rain or strong sunlight, that can quickly damage sensors. In addition, it is
di cult to anticipate the unpredictable behavior of other road users [}]. Furthermore, meeting the
real-time and high-accuracy requirements of autonomous driving is challenging due to the enormous
volume of input data required for object detection. Thus, accurate 3D object detection is essential
for autonomous vehicles (AVs) to identify and track cars, pedestrians, and other obstacles, and to
avoid them properly [5].

In order to obtain information about the environment, modern AVs frequently employ a variety of
sensors, most notably RGB cameras and LIDAR (Light Detection and Ranging). RGB cameras
provide rich texture of visual information, which helps with 2D object detection tasks. However,
they are limited in their ability to comprehend the true size, shape, and position of objects in 3D
space. This is especially problematic in complex scenes with objects that overlap or are at di erent
distances.

Furthermore, RGB cameras are passive sensors, which means they only rely on ambient light to func-
tion. As a result, their performance can be greatly in uenced by lighting conditions. Shadows, glare,
low light, and bright re ections can distort the captured image, reducing detection accuracy. These
limitations make it di cult for camera-only systems to reliably perceive the spatial structure of
their surroundings, which is necessary for tasks like autonomous driving and 3D object detectici. [

In contrast to RGB cameras, LIDAR uses lasers to detect its surroundings, which are less im-
pacted by ambient light. This allows for precise measurements of an object's distance. LIDAR
sensors scan the environment with laser pulses, delivering precise range and 3D position of ob-
jects. High-end LiDAR (64-beam or more) yields detailed 3D point clouds, but low-resolution
LIDAR (for example, 16 or 32 beams) provides much sparser data, making object recognition
challenging if used in isolation. But, even with high-resolution LIDAR ], the point clouds are ex-
tremely sparse when compared to the feature-rich and high-resolution information of an RGB image.

As a result, fusing depth information from LIiDAR point clouds with feature-rich information from
RGB images is expected to be very e ective for enhancing 3D object classi cation and localization.
The fused data mitigates the limitations of each of the individual sensors while enhancing overall
detection performance‘j]. However, the computational burden of several state-of-the-art techniques
limits their applicability for real-time deployment in autonomous systems with limited resources
[7]. There is an urgent need for lightweight alternatives that maintain high detection accuracy



while being compatible with embedded or low-power hardware platforms that often have limited
computational resources.

Motivation

This thesis investigates how contemporary lightweight YOLO-based architectures, such as YOLO-
LiDAR Fusion [1] by Kie er (2024), can be modi ed to enhance 3D object detection.

Kie er's (2024) [1] fusion pipeline showed that a modular and interpretable YOLO-based architec-
ture can provide respectable performance, but its full potential was constrained by its dependence
on YOLOVS. There is a timely opportunity to investigate whether incorporating these architectures
into lightweight fusion pipelines can reduce the performance gap with more complex state-of-the-art
models, given the introduction of newer YOLO models that greatly enhance feature representation
and segmentation quality. In order to overcome the trade-o between accuracy and e ciency in
LiDAR-camera fusion, this thesis makes use of the most recent developments in YOLO segmentation
networks. It does this by methodically assessing their e ects and comparing their performance
on the KITTI dataset using an enhanced version of Kie er's pipeline. The objective is to assess
whether such models can achieve or even match the performance of state-of-the-art techniques such
as VPFNet [8], LoGoNet [9], or VirConv-S [10] while lowering computational resources.

Research Question
How can a LiDAR-camera fusion pipeline be adapted to work on a more recent YOLO model, and
how does that a ect its results?

Contributions

This thesis investigates how a lightweight YOLO-based fusion pipeliné][can be improved by
using the latest YOLO model to achieve e cient and accurate 3D object detection. The primary
contributions of our work are as follows:

1. This thesis uses Kie er's (2024) ] LiDAR-camera fusion to make multiple contributions to
the eld of lightweight 3D object detection. As a starting point for our nal performance
comparison, we conduct a comprehensive literature review of recent state-of-the-art fusion
models evaluated on the KITTI dataset, including LoGoNet, VIiKIENet-R, and VirConv-S.
The baseline model, created by Kie er, is a modular fusion pipeline that serves as the basis
for our work.

2. We replicate Kie er's pipeline and use the more recent YOLOv11m-seg model in place of the
original YOLOv8m-seg backbone. Both accuracy and e ciency are signi cantly increased
as a result of this change. Our implementation reduces inference time to 0.0948 seconds,
more than twice as fast as Kie er's version (0.2472 seconds), while achieving average loUs
of 28.00% for cars, 31.41% for pedestrians, and 14.70% for cyclists with erosion and depth
Itering set to (25, 25).



3. Next, we compare several YOLO variations using the same fusion con guration. The most
balanced model overall is YOLOv9e-seg, which has the highest average loU for cyclists
(14.94%) and pedestrians (32.34%), while YOLOv11m-seg has the best result for cars (28.00%)
with competitive runtime.

4. The LiDAR-camera fusion pipeline evaluates three dierent YOLO versions (YOLOVS,
YOLOV9, and YOLOv11). YOLOv11lm-seg produced the highest average loU for cars (28.00%),
whereas YOLOv8m-seg produced the average IoU results for pedestrians (90.05%) and cyclists
(59.88%) with the shortest inference time (0.0836 s). This highlights the di erent strengths of
each model based on the object class and application context.

5. We then investigate how model scaling a ects the YOLOv11 family. While the Extra Large
model marginally enhances car (28.02%) and pedestrian (31.90%) detection, we nd that
YOLOv11-Nano achieves the fastest inference time (0.0402 seconds) and the highest cyclist
loU (15.32%). All sizes, however, yield comparable outcomes, indicating that larger models
o er diminishing accuracy returns.

6. Lastly, we discuss the limitations of the model and suggestions for future work, such as dataset
expansion, addition of other classes, and the use of class-speci ¢ post-processing.

2 Related Work

This literature review will outline the principles and constraints of the most advanced techniques
currently available for camera LIDAR sensor fusion methods for 3D object detection in autonomous
driving tasks, evaluated on the KITTI dataset [L1]. These serve as a comprehensive understanding
of the various fusion techniques present in the literature that are utilized for 3D object detection.
In addition, we introduce Kie er's work, which serves as a baseline to our model.

One of the state-of-the-art models for 3D object detection, by Wu et al. (2023)(], presents the
VirConv-S model, which uses Stochastic Voxel Discard (StVD) to reduce the computational cost and
Noise-Resistant Submanifold Convolution (NRConv) to improve robustness against noisy inputs.
By incorporating their VirConv, they create an e ective pipeline, VirConv-L, based on an early
fusion design. They then construct a high-precision pipeline called VirConv-T using a transformed
re nement scheme. Finally, they create the semi-supervised pipeline VirConv-S using a pseudo-label
framework. On the KITTI car 3D detection test leaderboard, their VirConv-L achieves 85% AP.
Their VirConv-T and VirConv-S achieve a high precision of 86.3% and 87.2% AP, respectively, and
are each currently ranked third and rst.

VIiKIENet-R, proposed by Yu et al. (2025) [.7], introduces a multi-modal feature fusion framework
called the virtual key instance enhanced network (ViKIENet), which combines the features of LIDAR
points and virtual key instances (VKIs) in a number of steps. Semantic key instance selection (SKIS),
virtual-instance-focused fusion (VIFF), and virtual-instance-to-real attention (VIRA) are the three
primary components of our contributions. Additionally, we suggest the expanded ViKIENet-R with
VIFF-R version, which incorporates rotationally equivariant features. The results of the experi-
ment demonstrate that ViKIENet and ViKIENet-R signi cantly enhance detection performance. It



attains an AP of 86.04% for automobiles on the KITTI dataset with an inference time of 0.06 seconds.

Xin Li et al. (2023) [9] present a new Local-to-Global fusion network (LoGoNet) that combines
voxel-level global fusion and region-level local fusion. It uses Centroid Dynamic Fusion (CFD) and
Feature Dynamic Aggregation (FDA) to improve geometric precision and semantic consistency.
LoGoNet achieves 85.06% AP on the KITTI Dataset.

By using a voxel-to-point feature fusion technique, VPFNet (Voxel-to-Point Fusion Network)d] by

Zhu et al. (2023) o ers a hybrid architecture that connects voxel- and point-based representations.
This design enables the model to take advantage of the structured regularity of voxel-based
processing while preserving the geometric accuracy of point-level features. The use of a spatial-
aware transformer module, which improves long-range contextual reasoning across the 3D space, is
a signi cant innovation in VPFNet. The model enhances object localization accuracy and semantic
understanding by better aligning image and point cloud features. VPFNet achieves 83.21% AP on
the car class on the KITTI benchmark.

A novel cross-modal 3D object detector called UPIDet is presented by Zhu et al.(2023}][with

the goal of maximizing the image branch's potential from two angles. First, normalized local
coordinate map estimation is a brand-new 2D auxiliary task that UPIDet presents. With this
method, sparse point clouds can be enhanced by learning local spatially aware features from the
iImage modality. Second, they nd that by using a concise and e cient point-to-pixel module, the
gradients backpropagated from the image branch's training objectives can improve the point cloud
backbone's representational capability. At the time of submission, the model placed second in the
ercely competitive KITTI benchmark cyclist class, achieving an AP of 74.32%.

This thesis is based on the lightweight fusion pipeline presented in Kie er's master's thesis (2024)
[1], which integrates LiDAR point clouds with the YOLOv8m-seg model. His method consists of
depth pruning, segmentation-based Itering, and optional Principal Component Analysis (PCA)
3D bounding box re nement. The open-source pipeline o ers a modular structure that is ideal for
adaptation, even though it does not benchmark against the most advanced models on KITTI. In order
to further investigate lightweight fusion strategies in real-time settings, this thesis expands parameter
tuning, class-wise analysis, and SOTA benchmarking while replicating Kie er's architecture with
the most recent YOLOv11lm-seg variant.

3 Fundamentals

This section provides an overview of key concepts and terms related to the LIDAR and camera data
fusion method for object detection. It starts with an overview of object detection, outlining the
task's objectives and challenges in both 2D and 3D contexts. Popular object detectors are reviewed,
with a special emphasis on the YOLO (You Only Look Once) family. The section also goes over the
performance metrics commonly used to evaluate object detection models, such as Intersection over
Union (loU) and Mean Average Precision (mAP). Furthermore, it describes key techniques such as
clustering, which is required for post-processing segmented point clouds, and sensor calibration,
which allows for accurate alignment of LIDAR and RGB camera data. These topics, taken together,
provide the theoretical foundation for implementing and evaluating the proposed LiDAR-camera
fusion pipeline.



3.1 Object Detection

The process of identifying and categorizing several objects for a given input data set, like an
image or a point cloud, is known as object detection. The main objective of object detection is
to identify the objects in the input data and surround them with labeled bounding boxes. The
location of the object within the coordinate system of the corresponding input data is indicated by
these bounding boxes. Each detected object's corresponding category|such as car, pedestrian, or
bicycle|is speci ed by the labels. Object detection is an essential part of autonomous cars that
enables them to identify an ideal and collision-free path by detecting objects such as other cars,
people, and tra c signs.

3.2 Popular Object Detectors

Prior to 2014, hardware components and deep learning were not yet advanced enough to enable
quick and precise object detection. There were three primary steps in traditional object detection
methods:

1. Region selection involves inspecting images with a multi-scale sliding window approach
to locate regions of objects of di erent sizes. However, this approach is computationally
demanding and frequently results in duplicate detections.

2. Feature extraction is performed after object localization to provide representations for object
recognition. Creating an accurate feature descriptor that recognizes any kind of object in
images with contrasting backgrounds, perspectives, and lighting can be challenging.

3. Classi cation assigns labels to recognized objects based on their extracted features.

The manual feature extractors used in the conventional object detection techniques are unreliable
and computationally expensive. Deep learning is now utilized for object recognition in order to get
around these shortcomings of conventional techniques. Deep learning is used by two di erent kinds
of object detectors: one-stage and two-stage detectors.

3.2.1 Region-Based Detectors

Figure 1: RCNN Model Architecture [14].



Two-stage object detectors separate the task into object localization and classi cation. This indicates
that the detector initially generates ideas for possible object locations. The object is then categorized
by the detector using the corresponding category and the extracted features within the generated
regions. These detectors, also known as region-based frameworks, have the bene t of high detection
accuracy but the drawback of faster inference. Ross Girshick et al.'s Region-based Convolutional
Neural Network (RCNN) [14] is the rst object detection model to successfully use deep learning.
Figure 1 displays a general overview of the model. Three primary modules make up the RCNN
model [14], [15]:

1. Selective search extracts category-independent region proposals, which function as potential
detections for the next module. In this rst module, RCNN recognizes about 2000 regions
based on variations in textures, colors, and scales.

2. To tthe CNN input, the region proposals are rst rescaled to xed length vectors and then
processed by a large CNN. The CNN then extracts features from each region.

3. The third module employs class-speci ¢ Support Vector Machines (SVM) to determine whether
an object is present in a region. The SVM-generated bounding boxes are re ned using a linear
regression model.

Although the RCNN model has shown signi cant improvements in accuracy and speed, it remains
ine cient when processing each region separately by the CNN, resulting in redundant computations
and storage requirements. Ross Girshick proposed the Fast RCNN mod&i][to enhance the
previous RCNN object detector. The image is processed through a CNN to create a convolutional
feature map, which is then used to derive region proposals. A xed-length feature vector is then
extracted from each region proposal by a Region of Interest (Rol) pooling layer. Following that,
these vectors are processed by a few fully connected layers, one of which generates four values that
establish the bounding box corners and the other of which generates soft-max probability estimates
over the selection of class labels.

The RCNN model is greatly enhanced by the Fast RCNN model in terms of training performance,
e ciency, and inference speed. Nevertheless, Fast RCNN continues to produce region proposals
through selective search, which is slow and computationally costly. Faster RCNN7], a novel
Region Proposal Network (RPN) that is a fully connected CNN, was introduced by Shaoging Ren
et al. to address this drawback. Like the initial stage of the Fast RCNN model, the RPN creates
region proposals straight from the shared feature map produced by a CNN. To put it simply, the
RPN instructs the Fast RCNN module where to look by feeding its output into the detector. Since
the RPN module generates region proposals signi cantly faster than selective search, the Faster
RCNN model can detect objects in real time. Additionally, accuracy and end-to-end training are
enhanced by Faster RCNN.

3.2.2 Regression-Based Detectors

Two-stage detectors, such as the R-CNN variants, are typically slower but more accurate because
they rst produce region proposals before re ning them in a second stage. Through a single inference



pass, one-stage detectors such as YOLO and Single Shot MultiBox Detector (SSD) directly predict
boxes on a dense grid of locations, sacri cing some accuracy in exchange for signi cantly faster
speed [18].

One-stage object detectors, also known as region proposal-free frameworks, work by integrating
the tasks of object classi cation and object localization. Therefore, region proposals are no longer
required prior to the detection process, and bounding box coordinates and class scores can be
directly predicted from the input image with just one neural network pass. CNNs based on regression
are used in these one-stage detectors. The process of predicting a continuous value from one or
more input variables, also referred to as features, is called regression. These continuous values are
the size and bounding box coordinates used in object detection.

You Only Look Once (YOLO), introduced by Joseph Redmon et al.lf], was the rst pertinent
regression-based object detector. After predicting the objects' bounding box coordinates, it calcu-
lates the likelihood that they belong to a particular category. YOLO employs features from the
entire image to make its detections, as opposed to region-based detectors. In order to accomplish
this, the model divides the image into a grid, with each cell predicting bounding box coordinates
and con dence scores for each category. The bounding box with the highest Intersection over Union
(loU) with the other boxes in the cell is chosen, along with the class with the highest con dence
score in each cell.

Wei Liu et al. [19) introduced the Single Shot Multi Box Detector (SSD), another pertinent
regression-based object detector. The SSD model employs a feed-forward CNN that generates
xes-size bounding boxes and con dence scores for object classes inside of them, much like the
YOLO model does. The nal detections are then obtained by applying a non-maximum suppression
step that eliminates redundant boxes based on loU. Anchor boxes, which are prede ned boxes of
di erent sizes and aspect ratios positioned at various points on the feature maps, are used in the
SSD model in contrast to YOLO. Because of this, SSD can extract features with varying aspect
ratios and sizes, ensuring high recognition accuracy. In terms of speed and accuracy, the SSD model
performs better than the simple YOLO model.

Over time, the YOLO model was further re ned to address its shortcomings and enhance its overall
functionality. Section 3.4 goes into further detail about YOLOv12, which is the most recent version
as of the writing of this thesis.

One-stage designs are favored for on-vehicle deployment due to the real-time demands of driving.
YOLO is incredibly quick and adaptable to new domains thanks to its straightforward "you only
look once" design ]&]. For instance, the original YOLO v1 achieved 45 frames per second on
PASCAL VOC using a Titan X GPU, and a faster variant reached 155 frames per second using the
same hardware. At the time, this achieved the highest detection accuracy among real-time systems.



3.3 Performance Metrics

Several metrics can be used to assess how well object detection frameworks work. By using the
three primary outputs of object detectors|object label (class), bounding box, and con dence
score|these metrics assist scientists in comparing various models on a variety of datasets. The
following subsections list the most widely used evaluation metrics. First, it's important to explain
the fundamental ideas behind these metrics [20]:

" Ground Truth (GT) : The manually annotated object classes and bounding boxes in a
dataset's images make up the ground-truth data. The model is trained using this data, and
its performance is subsequently assessed by evaluating its predictions with the ground-truth
annotations.

" True Positive (TP) : The model accurately predicts bounding boxes that match GT bounding
boxes and classes.

False Positive (FP) : The model may predict a bounding box that does not exist in the GT
data or incorrectly detects an existing one.

False Negative (FN) : The model misses some objects in the GT data, resulting in their
detection failure.

True Negative (TN) : The model accurately predicts the absence of an object when it is
not detected or present in the GT data. This concept is not applicable in object detection
due to the in nite number of bounding boxes that cannot be detected within an image.

3.3.1 Intersection over Union (loU)

The de nitions above require de ning "correct detection” and "incorrect detection”. One common
approach is to use intersection over union (IOU). The measurement is based on the Jaccard Index,
a coe cient of similarity between two sets of data. In the object detection scope, the 10U calculates
the overlapping area between the predicted and ground-truth bounding boxeB { and B;), divided

by the area of the union between them. Thus, the IOU is de ned in Equation 1 and is illustrated in
Figure 2.

areaBp\ Bgy) (1)
areaB,[ Bgt)
The IoU value can be compared to a thresholtto determine whether a detection is correct or

incorrect. If IOU t, the detection is considered correct (true positive). IFOU < t, the detection
Is considered incorrect (false positive).

J(Bp;Bg) = 10U =

3.3.2 Precision and Recall

Object detection frameworks do not use true negatives (TN), so metrics like the true positive rate,
false positive rate, and Receiver Operating Characteristic (ROC) curves should be avoided][



Figure 2: Intersection over union (IOU) metric [20].

Object detection methods are evaluated primarily based on precisioR ) and recall (R). Instead,
object detection methods are evaluated primarily based on precisioR Y and recall (R).

Equation 2 de nes precision as the accuracy of the model's predictions. Precision measures the
model's ability to make accurate positive predictions. A high precision indicates that a model's
predictions are usually accurate.

TP TP

P = Tp+FP ~ all detections @

Equation 3 de nes recall as the model's ability to predict all relevant objects, specically GT
bounding boxes. Recall measures a model's accuracy in predicting relevant objects in an image, as
opposed to those it misses. A high recall indicates that the model accurately captures the majority
of relevant objects.

TP TP

R= TP+FN _ all ground truths ©

Precision and recall are critical metrics for object detection. A successful model should capture all
ground truths (FN = 0) and accurately predict all relevant objects FP = 0). A good model main-
tains high precision as recall increases. The precision-recall curve shows the relationship between
precision and recall for di erent con dence levels in the model-generated bounding boxes. The area
under the curve (AUC) represents high precision and requires a speci ¢ con dence threshold. A
high AUC indicates good model performance across di erent con dence thresholds.

3.3.3 Average Precision

In practice, the precision recall plot can be jagged, making it di cult to accurately measure AUC.
To avoid zigzag behavior, the precision recall curve is processed before estimating the AUC. The
Average Precision (AP) metric evaluates the detection of various models and is commonly used



for comparison. The AUC of the precision-recall curve represents the model's AP and summarizes
its performance as a scalar value. There are two methods for doing so: 11-point interpolation and
all-point interpolation.

The 11-point interpolation summarizes the precision recall curve by averaging maximum precision
values at 11 evenly distributed recall levels [0, 0.1, 0.2,..., 1] (see Equation 4) [20].

1 X
APy = ﬁ I:)interp (R); 4)
R2f 0;0:1;:::;0:9;1g

where,
I:)interp (R) = max P(R): (5)
R:IR R

To smooth the curve, the AP is calculated using the maximum precisioPirp (R) with a recall
value greater thanR, rather than the observed recall level at each step.

By employing all recall points rather than just 11 xed points, the all-point interpolation smoothes
the precision-recall curve like that of the 11-point interpolation. Equation 6 illustrates how the
all-point interpolation method [20] is used to calculate the AP, as seen in Equation 6.

X
AP, = (Rn+1 Rn)Pinterp (Rn+1); (6)

where,

Pinterp (Rn+1) = R_max P(R): (7)

n+l

According to the de nition given above, the AP is calculated by interpolating the maximum
precisionPiyerp (Rn+1) Observed at each level rather than just a few points, whose recall value is
greater than R4 .

3.3.4 Mean Average Precision

The mean AP (mAP) metric evaluates the accuracy of object detectors across all classes in a given
database. Equation 8 calculates the mAP, which is the average AP across all classéek AP;
represents the AP in thei™ class, andN represents the total number of classes evaluated.

1
MAP = N AP;; 8)

10



3.4 YOLO

In 2015, Joseph Redmon et allf] introduced the YOLO (You Only Look Once) object detection
model, which relies on a single neural network for fast performance. YOLO has evolved into a
cutting-edge model, including Ultralytics' YOLOv11 model 7], which includes detection, segmen-
tation, tracking, and classi cation capabilities.

YOLO models are known for their fast, accurate, and comprehensive object detection approach.
The YOLOv1 model revolutionized object detection by treating it as a single regression problem.
The model uses a single neural network to process the entire image, resulting in faster and more
accurate results than region proposal methods. YOLOv1 had 24 convolutional layers, followed by
two fully connected layers. The input image was divided into a 7 7 grid. Each grid cell predicted
two bounding boxes and class probabilities, simplifying the object detection pipeline and increasing
speed.

Figure 3 depicts a simpli ed output prediction of the YOLOv1 model using a 3 3 grid with three
classes and one class per grid cell. Each grid cell generates an 8-value veBtoby(; by ; by; by; c1; c2; c3)
containing con dence score, bounding box dimensions, and class probabilities. This simpli ed ap-
proach yields 3 3 8 output predictions for a single image [23].

Figure 3: YOLOvV1 output predictions visualized [23].

3.4.1 YOLO Evolution

The YOLOv1 model has been enhanced over time to overcome limitations and improve performance.
Newer YOLO models aim to improve accuracy while maintaining speed [23].
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YOLOV2 : YOLOvVZ2, which was released in 2016, sought to increase accuracy without
sacri cing speed. High-resolution classi ers, anchor boxes to improve bounding box prediction,
and batch normalization to lessen model over tting were all introduced. The backbone of
YOLOv2 was Darknet-19, which included ve max-pooling layers after 19 convolutional layers.
In addition to YOLOVZ2, a new model nhamed YOLO9000 was unveiled. It made it possible
to train the model with a mix of classi cation and detection data. Furthermore, over 9000
categories could be detected by the YOLO9000 model.

YOLOv3 : With the release of YOLOvV3 in 2018, the deep backbone Darknet-53|which
has 53 convolutional layers with residual connections|was built on the achievements of
its predecessors. Additionally, by detecting three boxes at three di erent scales, YOLOv3
enhances multi-scale predictions, enabling the model to identify objects at various scales within
the same image. This enhancement greatly increased the accuracy of small object detection
by enabling more detailed boxes. YOLOvV3 greatly increased accuracy while preserving the
speed advantage of earlier iterations.

YOLOvV4 : When YOLOv4 was released in 2020, it signi cantly improved the detection
accuracy and feature extraction capabilities. Three components|the head, neck, and back-
bone|were used to describe object detection model architectures at the time. A modi ed
Darknet-53 with Cross Stage Partial (CSP) connections and a Mish activation function served
as the foundation for the YOLOv4 model. For improved performance in complex environments,
YOLOV4 also includes methods like DropBlock regularization, Mosaic data augmentation,
Spatial Pyramid Pooling (SPP), and CloU (Complete Intersection over Union) loss.

YOLOV5 : YOLOV5, created by Ultralytics in 2020, gained widespread popularity despite
not being formally included in Joseph Redmon's original YOLO series because of its practical
enhancements and easy-to-use implementation. Although it was created using PyTorch rather
than Darknet, it includes many of the enhancements from YOLOVA4. In order to strike a
balance between speed and accuracy, YOLOvV5 o ered several model sizes (nano, small,
medium, large, and extra large) and concentrated on streamlining the deployment process. In
addition to being able to classify and segment instances, YOLOV5 o ers a more user-friendly
interface for training and deployment.

YOLOvV6 & YOLOv7 : Although they were not created by Ultralytics, these versions,
which were released in 2022, featured additional architectural improvements. E cientRep, a
new backbone based on RepVGG that uses higher parallelism to increase processing speed
during inference, was introduced by YOLOv6. With its emphasis on extended e cient layer
aggregation (E-ELAN), YOLOvV7 produced the fastest and most accurate object detection
model available at the time by enabling more e ective training.

YOLOVS8 : YOLOvVS, which Ultralytics released in 2023, supported a wide variety of vision Al
tasks and included new features and enhancements for improved performance, exibility, and
e ciency. In contrast to its predecessors, YOLOv8 boasts an anchor-free split Ultralytics head,
cutting-edge neck and backbone architectures, and an optimized accuracy-speed tradeo ,
which makes it perfect for a variety of applications.
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"~ YOLOV9 & YOLOvV10 :YOLOvV9 and YOLOV10, which were released in late 2023 and 2024,
respectively, brought new innovations that were centered on transformer-based enhancements
and e ciency. YOLOV9 presents novel techniques such as the Generalized E cient Layer
Aggregation Network (GELAN) and Programmable Gradient Information (PGI). YOLOV10,
developed by Tsinghua University researchers using the Ultralytics Python package, o ers
improvements in real-time object detection by introducing an End-to-End head that does
away with the need for Non-Maximum Suppression (NMS). Both versions showed improved
generalization across various datasets and pushed for additional accuracy gains on metrics
like COCO.

YOLOvV11 : As of writing this thesis, the most recent version of the YOLO family is YOLOv11,
released by Ultralytics in 2025 747]. For more accurate object detection and complex task
performance, it uses an enhanced backbone and neck architecture that improves feature
extraction capabilities. In order to deliver faster processing speeds and preserve the best
possible balance between accuracy and performance, it introduces improved architectural
designs and training pipelines. By using 22% fewer parameters than YOLOv8m and achieving a
higher mean Average Precision (mAP) on the COCO dataset, YOLOv11m is computationally

e cient without sacri cing accuracy, thanks to improvements in model design. For optimal
exibility, YOLOv11 can be easily implemented in a variety of settings, such as edge devices,
cloud platforms, and systems that support NVIDIA GPUs. YOLOv11 is made to handle a
wide range of computer vision problems, including object detection, instance segmentation,
image classi cation, pose estimation, and oriented object detection (OBB).

"~ YOLOv12 : Additionally, in 2025, YOLOv12 was released, introducing attention-based
mechanisms like Residual E cient Layer Aggregation Networks (R-ELAN) and Area Attention.
These techniques were included to preserve real-time performance while increasing detection
accuracy. The instance segmentation feature is still unstable, especially for lightweight variants
like YOLO12s-seg, despite the architecture supporting tasks like classi cation, pose estimation,
and segmentation. Users have reported training collapse and inconsistency. Therefore, until
more improvements are made, YOLOv12 is not yet advised for segmentation tasks. As a
result, this thesis will not take into account this Yolo version.

3.4.2 YOLOv11 Architecture

Building on the improvements made in previous YOLO versions, such as YOLOv8, YOLOV9, and
YOLOV10, the architecture of YOLOv11 is intended to maximize speed and accuracy. The C3K2
blocks, SPFF (Spatial Pyramid Pooling Fast), and sophisticated attention mechanisms like the
C2PSA block are the primary architectural innovations in YOLOv11, which improve its capacity
to process spatial information while preserving high-speed inference [24].

The YOLO architecture is built around three core components. The backbone extracts features
from raw image data using convolutional neural networks, resulting in multi-scale maps. The neck
component serves as an intermediate processing stage, using specialized layers to aggregate and
enhance feature representations at various scales. The head component predicts and generates
outputs for object localization and classi cation using re ned feature maps. YOLO11 builds on
YOLOVS8 by introducing architectural innovations and parameter optimizations, resulting in superior
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detection performance.

The backbone is a key component of the YOLO architecture, extracting features from input images
at di erent scales. Stacking convolutional layers and specialized blocks generates feature maps with
varying resolutions.

YOLOv11 follows the same structure as its predecessors, using initial convolutional layers to
downsample images. The feature extraction process relies on these layers, which gradually reduce
spatial dimensions and increase the number of channels. YOLOL11 introduces the C3k2 block, a
signi cant improvement over the previous versions' C2f block?f]. The C3k2 block o ers a more

e cient implementation of the Cross-Stage Partial (CSP) Bottleneck. Unlike YOLOVS, it uses two
smaller convolutions rather than a single large one. The "k2" in C3k2 refers to a smaller kernel
size, allowing for faster processing while maintaining performance/].YOLO11 retains the Spatial
Pyramid Pooling Fast (SPPF) block from previous versions, but adds a new Cross-Stage Partial
with Spatial Attention (C2PSA) block [24].

The neck combines features on various scales and sends them to the head for prediction. The process
involves upsampling and concatenating feature maps from various levels to capture multi-scale
information e ectively. YOLO11 makes a signi cant change to the neck by replacing the C2f block
with the C3k2 block. The C3k2 block optimizes feature aggregation performance by increasing speed
and e ciency. YOLO11's neck incorporates an improved block after upsampling and concatenation,
leading to faster and more e cient performance [24].

The head of YOLOvV11 is in charge of making the nal predictions in terms of object detection and
classi cation. It uses feature maps from the neck to generate bounding boxes and class labels for
objects in the image. In the head section, YOLOv11 employs multiple C3k2 blocks to e ciently
process and re ne the feature maps. C3k2 blocks are distributed across multiple pathways in the
brain, processing multi-scale features at various levels. The C3k2 block is exible depending on
the value of the c3k parameter. When c3k is false, the C3k2 module operates similarly to the C2f
block, with a standard bottleneck structure. When c3k is set to true, the C3 module replaces the
bottleneck structure, allowing for more detailed and complex feature extraction [24].

Following the C3k2 blocks, YOLOv11's head includes several CBS (Convolution-BatchNorm-Silu)
[24] layers. These layers re ne feature maps by extracting relevant features for accurate object
detection, batch normalizing data ow, and using the Sigmoid Linear Unit (SiLU) activation
function for non-linearity to enhance model performance. CBS blocks are essential for feature
extraction and detection. They ensure that re ned feature maps are passed to later layers for
bounding box and classi cation predictions.

Conv2D layers are used at the end of each detection branch to condense features into bounding
box coordinates and class predictions. The nal Detect layer consolidates predictions, including:

" Coordinates of the bounding box for localizing objects in the picture.

" Objectness scores that show whether objects are present.
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" Class scores, which are used to identify the detected object's class.

3.4.3 YOLOv11l Training, Segmentation Model, and Performance

A variety of hyperparameters and con gurations are employed throughout the training process in
the YOLO model training settings [27]. These settings a ect the model's performance, speed, and
accuracy. Key training parameters include batch size, learning rate, momentum, and weight decay.
The choice of optimizer, loss function, and training dataset composition can all have an impact
on the training process. Careful tuning and experimentation with these settings are essential for
achieving peak performance. Augmentation techniques are critical for improving the robustness
and performance of YOLO models by introducing variability into the training data, allowing the
model to generalize more e ectively to new data.

Semantic segmentation is a computer vision task that assigns class labels to each pixel in an
input image. Semantic segmentation divides images into meaningful parts based on visible object
shapes 75]. Figure 4c illustrates semantic segmentation, which provides precise boundary lines
around an object in addition to its location and class. Figure 4d demonstrates instance segmenta-
tion, which identi es each object in an image, even if they are close together and have the same label.

(a) Original image (b) Object detection

(c) Semantic segmentation (d) Instance segmentation

Figure 4. Comparison of various computer vision tasks [25]
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YOLOv11 also includes an instance segmentation variant, YOLOv11-seg, which is based on the
core architecture of the YOLOv11 object detection modeP}]. Both models use the same backbone,
however, YOLOv11-seg adds segmentation-speci ¢ features such as a re ned neck and dedicated
segmentation heads that generate high-quality instance masks. These heads are designed to increase
mask precision, especially for small and overlapping objects. Similar to its detection counterpart,
YOLOv11-seg comes in a variety of model sizes, allowing users to strike a balance between compu-
tational e ciency and segmentation performance.

Ultralytics' latest YOLO models provide state-of-the-art (SOTA) performance across a variety of
tasks, including detection, segmentation, pose estimation, tracking, and classi cationZ]. Figure 5

shows that the di erent YOLO models have varying mean Average Precision (mAP) scores on the
COCO dataset [26], depending on their runtime performance.

Figure 5: YOLO model comparisons [22].
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Figure 6: Evaluation metrics for the YOLOv11lm-seg model on a subset of the COCO dataset
consisting of 4 validation images and 17 object instances. The plots summarize detection performance
across six object classeperson dog horse elephant umbrella and potted plant Top-left: Precision-
Recall curve showing overall mMAP@0.5 of 0.849, with high scores for most classes excefpefson
and elephant which exhibit weaker precision and recallTop-right: F1-Con dence curve indicating
that the optimal con dence threshold for balancing precision and recall is approximately 0.128,
yielding a peak F1-score of 0.68ottom-left: Precision-Con dence curve demonstrating strong
precision calibration, with perfect precision (1.00) achieved at high con dence leveBottom-

right: Recall-Con dence curve revealing that recall is maximized at lower con dence values,
gradually decreasing with increased thresholds. These metrics suggest that YOLOv11m-seg is highly
e ective on well-de ned object classes such a$og and potted plant but less reliable for complex or
variable classes likgerson highlighting the importance of con dence threshold tuning in real-world
deployment scenarios.

The YOLOv11lm-seg model's evaluation curves on a limited subset of the COCO dataset provide
important information about the model's class-wise detection behavior and con dence calibration
(see Figure 6). With a mAP@0.5 of 0.849, the Precision-Recall (PR) curve shows a strong overall
detection capability. The person and elephantclasses show steeper drop-o0 s, indicating less consis-
tent localization or classi cation for these categories, whereas the majority of classes maintain high
precision and recall throughout. The model appears to maximize recall in safety-critical applications
by achieving the optimal trade-o between precision and recall at relatively low con dence levels,
as indicated by the F1 vs. Con dence curve's peak at a threshold of about 0.128. While the
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Recall-Con dence curve demonstrates that recall is maximized at lower con dence levels, the
Precision-Con dence curve demonstrates that con dence scores are well-calibrated, with perfect
precision (1.00) at high thresholds ( 0.95). These patterns show that the model is very certain of
its accurate predictions and cautious when unsure, which is a good quality for real-time detection
systems.

Table 1: Evaluation results of YOLOv11lm-seg on a subset of the COCO dataset (4 images, 17
instances).

Class Precision | Recall | mMAP@0.5 | mAP@0.5:0.95
person 0.589 0.600 0.588 0.293
dog 0.550 1.000 0.995 0.796
all classes 0.574 0.850 0.849 0.652

The results in Table 1, which measures per-class detection performance, enhances the curve-based
evaluation. The dog class, in particular, achieves almost perfect values: a recall of 1.00, mMAP@0.5
of 0.995, and mAP@0.5:0.95 of 0.796. The model performs well across all metrics. Accordingly,
YOLOvllm-seg appears to be particularly well-suited for the detection of distinct, non-overlapping
objects with a high degree of visual consistency. Thgerson class, on the other hand, records
much lower scores|precision and recall both close to 0.59, and a sharp decline to 0.293 in
MAP@0.5:0.95|indicating challenges with accurate localization and classi cation at more stringent

loU thresholds. The model's resilience and adaptability are demonstrated by the aggregated metrics
across all classes (Precision: 0.574, Recall: 0.850, mMAP@0.5: 0.849, mAP@0.5:0.95: 0.652), which
show that even with a small sample size, the model maintains high recall and strong average
precision. The di erence between the easy and di cult classes, however, highlights the necessity
of class-speci ¢ augmentation or tuning techniques, particularly for occluded or visually complex
categories like humans.

This thesis uses the YOLOv11 model because it strikes a good balance between detection accuracy
and real-time performance, making it an appropriate foundation for the subsequent LiDAR-camera
fusion stage.

3.5 Clustering

Clustering is used in Kie er's fusion pipeline [] to isolate the most relevant point group from
the Itered 3D LiDAR points within each segmented object mask, thereby reducing outliers and
re ning object localization. Clustering is an unsupervised learning technique that groups data
points based on similarities, revealing natural patterns and structures. Unsupervised learning is
a type of machine learning that analyzes unlabeled data for insights without prior training. The
following steps are typically followed in clustering [27]:

1. Extract and select the most representative features from the original dataset.

2. Design the clustering algorithm based on the problem characteristics.
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3. Evaluate the clustering results to determine the algorithm's e ectiveness.

4. Give a practical interpretation of the clustering results.

Clustering algorithms rely heavily on distance and similarity. Distance metrics such as tiinkowski
distance (see Equation 9), which includes botHeuclidean distance(when p = 2) and Manhattan
distance (when p = 1), can reveal patterns and relationships in numerical data.

X 3
dist(x1;X,) = Xy XyjP 9)
j=1
Where x; and x, are d-dimensional data points,x;; and X, are thej-th components ofx; and X5,
and p determines the distance metric type (Euclidean or Manhattan).

Similarity metrics, such as Jaccard Similarity (de ned in Equation 10), are better suited for cate-
gorical data as they assess the similarity of data points based on qualitative features.

_JA\ Bj
JA[ Bj
wherejX | denotes the number of elements in the sét.

J(A;B)

(10)

These metrics in uence cluster formation and interpretation across various data types, signi cantly
impacting algorithm output [27].

Evaluation indicators evaluate clustering algorithms' e ectiveness and validity, allowing for a better
understanding and comparison of performance. There are two main types of evaluation indicators:

" Internal Evaluation Indicators analyze clustering data to assess cohesion and separation.
Algorithm comparisons may not always be de nitive.

" External Evaluation Indicators are considered the gold standard for comparing algorithms
as they objectively measure clustering quality using known ground truth.

3.5.1 KMeans Clustering Algorithm

KMeans, also known as centroid-based clustering or partition-based clustering, is one of the most
widely used clustering algorithms.

The KMeans algorithm requires an initial input of the number of clusters (k). The primary steps of
the KMeans algorithm are as follows:

1. Initialization : Choose k distinct centroids, also known as means, at random from the
collection of data points.
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2. Assignment : Use a distance metric, such as the Euclidean distance described earlier, to

3.

4.

assign each data point to its nearest centroid.

Update : Determine the mean of each point inside each cluster and designate it as the cluster's
new centroid.

Repeat : Until the centroids no longer change signi cantly or a maximum number of iterations
is reached, steps two and three are repeated.

Similar to the majority of other partition-based clustering algorithms, KMeans o ers the following
bene ts [27]:

A

A

KMeans has a computational complexity oD(k n t), wherek is the number of clustersn
is the number of total data points, andt is the number of iterations, making it highly e cient.

The implementation of KMeans is also relatively straightforward, and numerous libraries
already have the algorithm built in to them.

However, the algorithm also has a number of limitations and disadvantages [27]:

A

The speci cation demands that the number of cluster& is predetermined.

Due to the initialization procedure, the clustering result is sensitive to the number and
selection of clusters.

The algorithm may converge on a local optimum rather than a global optimum, which is
undesirable.

Since it assumes that clusters are spherical and of comparable size, it is not appropriate for
non-convex data and is somewhat sensitive to outliers.

3.5.2 DBSCAN Clustering Algorithm

An algorithm that falls under the Density-Based clustering category is called Density-based Spatial
Clustering of Applications with Noise (DBSCAN). DBSCAN can nd clusters of any shape and

does not require a predetermined number of clusters, in contrast to centroid-based methods like
KMeans [27].

DBSCAN uses two parameters to generate clusters:

A~

~

The maximum distance between two points for them to be regarded as belonging to the same
neighborhood is de ned byeps (epsilon), which also de nes the radius of a neighborhood
around a point. Di erent clusters may combine into one if theepsis too big. If it is too small,
there may be fewer clusters because more points may be regarded as outliers.

The smallest number of points in a neighborhood (within areps radius) is de ned by
min _samples. There may be fewer clusters overall iinin_samplesis higher because denser
regions are needed to form a cluster. There may be more clusters overall when a smaller value
is assigned because fewer points are taken into account in the same neighborhood.
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The DBSCAN algorithm uses three di erent kinds of data points to form clusters:

1.
2.

3.

Points with at least min_sampleswithin their epsradius are known ascore points .

Points that belong to a core point's neighborhood but lack su cient points within their eps
radius to qualify as core points themselves are known asrder points .

Points that do not t the de nition of a core or border point are known asnoise points .

The following are the DBSCAN algorithm's primary steps:

1.
2.

Core Point Identi cation . List all of the dataset's core points.

Cluster Expansion : To create or enlarge a cluster, recursively add points that are within
an eps radius of a core point or its neighboring points.

Noise Handling : Designate as noise the remaining points that are inaccessible from any
core point.

Similar bene ts are provided by DBSCAN and other density-based clustering algorithms [27]:

~

Adaptability : Able to recognize groups of any size or shape.

Robustness to Noise : Capable of managing noise points and outliers e ciently without
clumping them together.

Automatic Cluster Number Determination . It is not necessary to predetermine the
number of clusters.

Time Complexity : O(nlogn), where n is the total number of data points, is the time
complexity, which is typically e cient for large datasets.

DBSCAN does, however, have certain restrictions and disadvantages [27]:

" Parameter Sensitivity : The epsand min_samplesparameters, which must be carefully

~

selected depending on the dataset characteristics, have a signi cant impact on DBSCAN.

Challenge with Varying Density : DBSCAN has trouble clustering data with di erent
densities, which leads to subpar clustering outcomes.

" Memory Usage : For large datasets, achievingd(nlogn) frequently requires signi cant

memory consumption.
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3.6 Sensor Calibration

LiDAR and camera sensors are calibrated to get the transformation from one coordinate system to
another so that each point can be represented in either coordinate system. Therefore, it is possible
to translate a 3D LIiDAR point into a 2D image coordinate system and, in turn, obtain the 3D
coordinates of an image pixel in the LIDAR coordinate system. When combining LiDAR and
camera data for 3D object detection or tracking, this procedure, known as extrinsic calibration of
the sensors, is essential to getting good results.

In addition to extrinsic calibration, the camera sensor's intrinsic calibration is crucial. It alludes to
the internal characteristics of the camera, including the distortion coe cients, focal length, and
optical center. As a result, the intrinsic camera calibration only needs to be done once and does
not require the LIDAR sensor. A 3D point in the camera’s eld of view is projected onto the 2D
image plane according to the intrinsic parameters.

Pixel coordinates in the image plane (xmin, ymin, xmax, ymax) de ne a box in 2D image object
detection. Outputting a 3D bounding box in the real world (typically in the LIDAR or camera coor-
dinate system) with its center location §;y; z), dimensions (width, height, length), and orientation
(yaw angle) is the aim of 3D object detection [28].

3.6.1 LiDAR-Camera Transformation

Figure 7: LIDAR and camera sensor transformation [29].

A setup with LIDAR and camera sensors that record a scene is shown in Figure 7. In the camera
coordinate system, a pointP in the 3D scene is represented bic in the camera coordinate
system and in the LIDAR coordinate system byP, . The extrinsic parametersR andt are used to
perform the coordinate system transformation. Both coordinate systems' origins are represented by
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the letters Oc and O, which stand for the camera C) and LIiDAR (L) respectively. The three
coordinates of a point-X, Y, and Z- are used to represent it.

A point's position is denoted as
Pc= Xc Yo Zc'

in camera coordinates and ;
Po= XL YL Z_

in LIDAR coordinates. Additionally, point P projected onto the image plane as

.
Pc= UV

The projection between the 3D pointsPc in camera coordinates and the 2D poinpc on the image
plane, or theintrinsic parameters [29], is de ned by Equation 11 :

23 2 32 3 2 3
u fy s Uo Xc Xc
ZcAvd =40 f, vO4Ycd=Kc4Ycd (11)
1 0O 0 1 Zc Zc

Zc stands for the depth scale factor in Equation 11f and f, for the focal length in pixels on the
X- and y-axes, respectively, yp; Vo) for the camera's optical center, andfor the skew coe cient,
which is non-zero if the image axes are not perpendicular. Therefore, the projection matrix from
3D camera coordinates to 2D image coordinates on the image plane is the maifix.

Equation 12 describes thextrinsic parameters P9, or the transformation between the pointP,
in LIDAR coordinates and the point P¢ in camera coordinates:

2 3 2 3 ZXLB
c XL Y,
4Yc5=R4Y S+t= R t § Lé (12)
ZL
Zc Z. 1

R is the rotation matrix and t is the translation vector between the LIDAR and camera coordinate
systems in Equation 12. LefT = R t stand for the total extrinsic parameters, which is the sum
of these values.

Equations 11 and 12 39 can be combined to determine the overall transformation between a 3D
LiDAR point P_ and the corresponding 2D image plane poinic:

) 3 2XL3
u

Zc4vWS = Ke Rt g;LZ (13)
L 1

Equation 13 uses intrinsic and extrinsic parameters to de ne the mapping of 3D points from the
LiDAR coordinate system to 2D points on the image plane (pixel coordinates) of the camera and
the other way around.
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4 KITTI Dataset

This project tested and developed the model using the KITTI 3D Object Detection dataset {].
Despite being over a decade old, the KITTI dataset remains a popular benchmark for compar-
ing various 3D object detection models. Through the use of transformer-based architectures and
sophisticated fusion techniques, recent state-of-the-art models on the KITTI dataset, including
VirConv-S [10], VIKIENet-R [ 17], and UPIDet [15], have achieved over 85% AP for the car class
on the moderate setting. With techniques like UPIDet and VPFNet also providing competitive
performance for cyclists and pedestrians, these models exhibit a strong balance between accuracy
and e ciency.

4.1 Dataset Presentation

The dataset includes 7481 training images and 7518 test images, along with point clouds and
calibration les. The training data includes labels for each image, created by manually labeling
objects in a 3D point cloud and projecting them back into the image [11].

Figure 8: KITTI car sensor setup, the Volkswagen Passat station wagon features four video cameras
(two color and two grayscale), a rotating 3D laser scanner, and a GPS/IMU inertial navigation
system. [30].

Figure 8 depicts the car's sensor setup. The equipment includes two high-resolution color and

24



grayscale video cameras, a Velodyne laser scanner (LIDAR), and a GPS system. The cameras and
LiDAR capture 10 frames per second (FPS). Calibration les for transforming coordinate systems
between cameras, LIDAR, and GPS are also provided. This project relies solely on data from
the center color camer&am 2 and the LiDAR scanner (Velodyne laser scanner) mounted in the car.

4.2 Dataset Evaluation

The KITTI dataset o ers a development kit [3(] with tools and explanations for evaluating the
model's 3D object detection performance on the dataset. The model must save each processed
frame's output in a text le with the following information for each detected object:

A

Object class : speci es the type of the detected object. The evaluation script only considers
the classe<Car, Pedestrian and Cyclist. Other classes are marked a3ontCare and ignored
during valuation.

2D Bounding Box : includes the pixel coordinates of the top-left and bottom-right corners
projected onto the image from the 3D bounding box.

3D Bounding Box : includes the 3D bounding box dimensions (height, width, and length in
meters), and its ground center.

Con dence Score :is a oating number that indicates the likelihood of detecting an object
belonging to a speci ¢ class (higher scores are better).

The object class and con dence score are derived from the YOLOv11-seg model output. The object
class is only refactored to match the expected string by the KITTI evaluation script. The model's
fusion process generates bounding box information.

The KITTI dataset includes three di culty levels for their 3D object detection benchmark. Each
object in the dataset is assigned a di culty level based on speci c criterialll]. Table 2 summarizes
the criteria used to categorize objects into di culty levels. The minimum bounding box height
measures an object's projected 2D bounding box, indicating its distance. The maximum occlusion
level indicates whether an object is fully visible in an image or if it is obscured by other objects or
plants. The nal criterion is the maximum truncation, which determines how much an object is cut

o by the image boundaries.

Di culty Min. bounding box height Max. occlusion level Max. truncation
Easy 40 Px Fully visible 15%

Moderate 25 Px Partly occluded 30%
Hard 25 Px Di cult to see 50%

Table 2: Di culty levels based on bounding box height, occlusion, and truncation.

Each of the three object classes used in the evaluation process has three di erent di culty levels.
The KITTI dataset evaluates model detection performance using Average Precision (AP), resulting
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in a total of 9 di erent AP values.

5 Methodology

This methodology is based on Kie er's (2024)1] open-source YOLO-LIDAR-Fusion framework,
which served as the foundation for this thesis. While the original repository contains a basic fusion
pipeline that combines LIDAR and RGB data with YOLO-based object detection, this work includes
several enhancements to improve detection accuracy and e ciency. Notably, the YOLOv8 model
used in the baseline was replaced with YOLOv11lm-seg, the most recent segmentation-capable
version as of writing. Preprocessing steps have also been streamlined to make it easier to understand
the steps involved in the fusion process, such as erosion-based segmentation mask re nement, depth-
based lItering of LIDAR points, and Principal Component Analysis (PCA) bounding box alignment.
Furthermore, a broader grid search was used to optimize erosion and depth parameters for each
object class. The thesis provides a direct comparison with Kie er's work to better understand the
architectural trade-o s between the YOLO models. It also o ers additional evaluations of various
YOLO versions (v8m, v9e, v11im) to directly compare the YOLO evolution in relation to Kie er's
fusion strategy and provide a comparison of the two YOLOv8 models. Lastly, the YOLOv11 model
sizes (from Nano to Extra Large) were also evaluated to test the e ect of scaling the size of the
model on the fusion pipeline.

5.1 Baseline Model

The baseline model1] uses a YOLOv8-based fusion pipeline to detect 3D objects by combining
RGB images and LiDAR data. The complete model pipeline can be seen in Figure 9. The process
starts with YOLOvV8-seg, which uses instance segmentation on the input RGB image to extract
object-speci ¢ masks. These masks provide pixel-level precision, which is then used to match
detected objects with 3D LiDAR points. The point cloud is Itered to only include points in the
camera's eld of view. The remaining 3D points are projected onto the 2D image plane using the cal-
ibration matrix. Points within a segmentation mask are considered part of the detected object. A 3D
bounding box is created for each object using a simple axis-aligned method that takes into account
the min and max coordinates of the associated points. The nal detection output consists of bound-
ing boxes and class labels, which are assessed using Intersection over Union (loU) and inference time.

26



Figure 9: Baseline model pipeline. [1].

The baseline model pipeline (see Figure 9) takes image, point cloud, and LiDAR calibration les as
input and returns loU scores, bounding boxes, and class labels for detected objects.

Figure 9 shows that the image is rst fed into the YOLO model, which extracts the segmentation
mask, label, con dence score, and tracking ID for each detected object. The segmentation masks
are then eroded to enhance fusion accuracy. The LiDAR point cloud for the image is ltered to
include only points within the camera'’s Field-of-View (FOV). The fusion step involves calibrating
the inputs from the two streams in order to align the data, and then the pipeline proceeds by
projecting the Itered 3D points onto the image plane using the transformation matrix obtained
from calibration les. The segmentation mask's projected points are identi ed and used to generate
3D bounding boxes. Principal Component Analysis (PCA) witlz-axis rotation is applied to attempt

to improve spatial alignment by reducing misalignment of the real-world objects. Finally, the model

Is evaluated based on the loU score for each image, along with its inference time.
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