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Abstract

Achieving reliable perception in dynamic environments while enabling real-time decision-

making is critical for practical deployment in autonomous vehicles. The objective of this
research is to enhance the accuracy, robustness, and computational efficiency of object

detection systems for autonomous driving.

To address the need for efficient and low-latency, we first developed TransfuseNet, a
lightweight LiDAR-camera fusion network specifically designed for 2D object detection.
TransfuseNet optimizes computational efficiency by leveraging self-attention mechanisms
for mid-level feature fusion and introducing a Multi-Convolutional Fusion (MCF) opera-
tor that prioritizes essential features. With its compact model architecture and reduced
resource consumption, TransfuseNet achieves inference latency below 40ms, making it
well-suited for real-time applications where rapid action is required. However, while
TransfuseNet effectively balances accuracy and efficiency, it does not explicitly account
for sensor reliability variations or provide mechanisms to adapt to degraded sensor in-

puts.

To overcome these limitations, we introduced ReliFusion, a reliability focused LiDAR-
camera fusion framework for 3D object detection. ReliFusion was designed as a more
advanced fusion model that integrates LIDAR and camera data for enhanced perception
and dynamically adjusts sensor contributions based on real-time reliability assessments.
Unlike conventional fusion strategies that assume equal reliability of all modalities, Reli-
Fusion incorporates adaptive mechanisms to ensure robustness under sensor degradation,
occlusions, and environmental challenges. It integrates a Spatio-Temporal Feature Ag-
gregation (STFA) module to improve temporal consistency, a Reliability module based
on Cross-Modality Contrastive Learning (CMCL) to quantify the trustworthiness of sen-
sor inputs, and a Confidence-Weighted Mutual Cross-Attention (CW-MCA) module to
refine fusion weights according to estimated reliability scores. This adaptive approach
enables ReliFusion to maintain stable detection performance even in challenging real-

world conditions.



Experimental evaluations on the KITTI and nuScenes datasets demonstrate that
both TransfuseNet and ReliFusion achieve improved detection accuracy compared to
existing fusion-based methods. While TransfuseNet provides an efficient solution for real-
time 2D detection, ReliFusion advances multimodal 3D detection by addressing sensor
degradation and incorporating dynamic reliability-driven fusion strategies. The findings
of this research contribute to the design of sensor fusion-based object detection systems
that enhance multimodal perception in autonomous vehicles by addressing key challenges

such as sensor degradation, occlusions, and dynamic environmental conditions.
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Chapter 1

Introduction

1.1 Motivation and Challenges

Accurate and robust object detection plays a foundational role in enabling safe navi-
gation for autonomous driving systems. Object detection allows self-driving vehicles to
perceive and interpret dynamic road environments, identifying obstacles such as vehi-
cles, pedestrians, cyclists, and traffic signs under a wide range of conditions. Reliable
perception is critical, particularly when facing complex and unpredictable real-world

environments.

Achieving robust object detection is inherently challenging. Environmental factors
such as fog, heavy rain, snow, and varying illumination (as shown in Figure 1.1 , either
extremely bright sunlight or low-light nighttime conditions) significantly impact the
performance of perception systems. These conditions can obscure objects, introduce
noise into sensor data, and degrade the ability of a vehicle to correctly classify and
localize surrounding elements. For example, fog scatters light, reducing the visibility
of distant objects; heavy rain introduces noise into LiDAR returns and camera images;
snow and bright sunlight can cause glare and occlusions, confusing perception systems.

Consequently, a reliable object detection system must be able to operate robustly across



these adverse scenarios to ensure safe autonomous driving.

Moreover, in critical scenarios, the speed at which objects are detected directly in-
fluences the available reaction time for decision-making and collision avoidance. Delays
in perception can significantly reduce the vehicle’s ability to respond safely. Therefore,
timely and real-time object detection is essential, and the specific real-time requirements

for autonomous driving will be examined later in this chapter.

Figure 1.1: Challenging conditions in object detection. Left: Overexposed [llumination.
Right: High Occlusion.

In addition to environmental challenges; the inherent limitations of individual sen-
sors also present significant obstacles to achieving robust and reliable perception. Cam-
eras and LiDAR, the primary sensors employed in autonomous vehicles, each exhibit
specific weaknesses that can compromise detection accuracy under various conditions.
Understanding these limitations further motivates the need for advanced sensor fusion

strategies that leverage the complementary strengths of multiple modalities.

Cameras, while providing high-resolution semantic information, suffer from poor
depth estimation and significant sensitivity to lighting variations. Under low-light con-
ditions, at night, or during adverse weather such as fog or heavy rain, camera-based
object detection performance degrades substantially. Motion blur and occlusions can
further lead to missed or misclassified objects. These issues become particularly critical

in high-speed environments, where reduced reaction time amplifies the consequences of



delayed or inaccurate perception.

LiDAR sensors, on the other hand, provide accurate three-dimensional spatial in-
formation independent of ambient lighting. However, LiDAR also exhibits limitations,
particularly when encountering transparent or highly reflective surfaces such as glass or
wet roads, where laser beams may pass through or scatter unpredictably. Additionally,
LiDAR data is often sparse due to the limited number of laser beams and their fixed
angular resolution, which results in lower point density, especially at greater distances.
It is also subject to degradation under harsh environmental conditions like heavy rain,

snow, and fog, where particulate matter interferes with laser returns.

Real-world incidents underline the consequences of perception system failures. In
2016 in Williston, Florida [47], a Tesla Model S operating in Autopilot mode failed to
detect a white semi-truck crossing the highway, resulting in a fatal crash . The vehicle’s
camera system misclassified the truck’s surface as part of the bright sky, demonstrating
vulnerability under challenging lighting conditions. Similarly, in 2018 in Tempe [48],
Arizona, an Uber self-driving test vehicle struck a pedestrian at night due to perception
errors. Although LiDAR detected the pedestrian, misclassification and poor camera

visibility contributed to delayed braking, ultimately leading to a fatal outcome.

These examples highlight the urgent need for object detection systems capable of
maintaining high accuracy and reliability even under adverse environmental conditions.
Building such systems requires not only leveraging complementary sensing modalities but
also developing adaptive mechanisms that can dynamically respond to sensor degrada-
tion and environmental complexity. Addressing these challenges is central to advancing

autonomous driving technology toward safer and more reliable real-world deployment.

1.2 Importance of Detecting Specific Object Classes

In autonomous driving, detecting specific object types is critical for safety, situational

awareness, and effective decision-making. This research focuses on detecting eleven ob-

3



ject classes: cars, trucks, trailers, buses, bicycles, motorcycles, pedestrians, construction
vehicles, traffic cones, and barriers. Each class represents elements commonly encoun-
tered in urban, suburban, and highway environments, and each poses unique risks and

challenges for autonomous navigation.

Detecting vehicles such as cars, trucks, trailers, and buses is essential for collision
avoidance, lane management, and traffic flow integration. Misidentifying or failing to
detect these objects can lead to accidents, especially in dense traffic or at high speeds.
Accurate localization and classification of these objects allow autonomous systems to
predict their trajectories and make informed driving decisions, such as lane changes,

braking, and acceleration.

Pedestrians and cyclists are particularly vulnerable road users. Their motion is less
constrained by traffic rules and is highly variable—for example, mid-block crossings,
sudden starts/stops, lateral weaving, riding/walking against traffic, and abrupt changes
in direction. Because these behaviors reduce available reaction time, failures in detection
translate directly into elevated collision risk. Detection systems must be sensitive to
variations in posture, size, and movement patterns, particularly in environments where

occlusions or low visibility conditions are present.

Traffic cones and barriers serve as temporary or permanent indicators of road con-
struction, lane closures, or accident scenes. Their detection is crucial for enabling au-
tonomous vehicles to adapt their paths dynamically, ensuring compliance with temporary

traffic regulations and avoiding restricted areas.

Construction vehicles introduce additional complexity due to their varying shapes,
slow and unpredictable movements, and frequent operation in work zones with non-
standard traffic patterns. Recognizing these vehicles allows autonomous systems to

exercise appropriate caution in construction zones.

Moreover, accurate and rapid classification of detected objects is essential not only
for recognizing their presence but also for enabling timely and appropriate responses. In

emergency situations where unavoidable collisions might occur, distinguishing between
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critical objects such as pedestrians and non-critical objects such as traffic cones becomes
vital for ethical decision-making and risk minimization. Thus, fast and precise object
classification significantly enhances the system’s ability to ensure safety in complex real-

world environments.

These eleven classes were selected because they combine frequency, safety impact,
and diverse interaction patterns, which together drive the operational complexity of

perception and decision-making.

1.3 Latency Requirements for Autonomous Driving Per-

ception

As mentioned, accurate and timely perception is fundamental for safe autonomous driv-
ing. In this section, we define latency as the total time elapsed between the beginning
of sensor data acquisition (e.g., a full LIDAR sweep or camera frame exposure) and
the availability of processed detection output. This is distinct from frame rate, which

specifies how frequently sensors produce new measurements.

In multimodal systems where sensors operate at different rates (e.g., camera at 30 Hz
and LiDAR at 20 Hz), synchronization must occur at the slower frequency. Therefore,
we treat the LiDAR rate (20 Hz) as the governing cycle, which imposes a 50 ms inter-
sweep period. This defines the maximum available throughput budget per perception

cycle.

To enable real-time operation, a complete perception—decision—actuation loop must

fit within this safety window. We explicitly consider three latency phases:

e Capture latency (t..,): Time required for a sensor to acquire one full measure-
ment. For cameras, this is the exposure and readout time (a few ms), while for

spinning LiDARs it is approximately one sweep duration (e.g., 50 ms at 20 Hz).



e Inference latency (¢i,): Processing time from when the sensor data is available
until detection outputs are produced (e.g., neural network inference, fusion, post-

processing).

e Control latency (t.1): Time from when detections are available until the vehi-
cle executes a response, including planning, decision-making, and actuator delays

(braking or steering).

In practice, capture of the next input overlaps with inference on the previous one. Thus,

the constraints are:

Throughput condition:  #,; < Tiensor

End-to-end latency: tpop = teap + fint + et

Definitions and Scope

e Frame rate (fsnsor): Number of sensor updates per second (Hz).

e Inter-frame interval (Ti.s,): Time between two sensor measurements, com-
puted as:
1

Tsensor =
f sensor

e Latency budget: The maximum allowable end-to-end latency is limited by the

stopping distance constraint (derived below).

Typical Automotive Sensor Rates

Modern automotive perception stacks fuse data from cameras and LiDAR:

o Cameras: 25-30 Hz (Teamera = 33-40 ms)



e Spinning LiDARs: 10-20 Hz (Tripar = 50-100 ms)

To synchronize both modalities, the system aligns to the slower LiDAR rate (20 Hz),

implying a maximum throughput cycle of 50 ms.

Stopping Distance Model

A vehicle’s total stopping distance diya consists of:

dtotal = dcapture + dinf + dbraking (]-]-)
where:
deapture = U - teap (distance traveled while capturing sensor data) (1.2)
ding = U * tins (distance traveled during inference) (1.3)
2
dbraking = ;}— (distance required to decelerate to zero) (1.4)
a

with v as the vehicle speed in m/s, and @ = 9 m/s? representing the magnitude of

deceleration (aggressive ABS braking [46]).

To ensure safety, the vehicle must detect obstacles early enough to allow completion
of all phases of the stopping process—sensor capture, perception/inference, and physical
braking. We define dgetcct as the distance from the object at which the perception system

first initiates sensing.

Thus, to avoid a collision:

ddetect Z dtotal = dcapture + dinf + dbraking (15)



This constraint ensures that the perception system and control stack operate within

a safe stopping margin for all operating speeds and latency conditions.

Representative Driving Scenarios

Given a detection range dgetect, the available reaction time budget is:

ddetect - dbraking
v

tbudget - ( 1 6)

The perception budget is then:

tperc = tbudget - tcap — Letrl (17)

To ensure safety, the inference time must satisfy tins < tperc. We use tep = 0.05 s (50

ms) and t.;; = 0.6 s as conservative planning/actuation overhead [3].

Table 1.1 summarizes representative scenarios. The detection distances were chosen
to reflect conservative yet realistic operating conditions. On highways, 100 m corre-
sponds to approximately 2.8 seconds of time-to-collision at 130 km/h, a range that
is reliably achievable by modern camera-LiDAR systems though many sensors exceed
150-200 m. For rural arterials, 45 m at 80 km/h reflects conditions with limited sight-
lines (e.g., curves or vegetation), yielding a reaction budget similar to the highway case.
In urban driving, where occlusions from buildings or parked vehicles often restrict visi-
bility, 22 m at 50 km/h is typical and leaves only 0.16 s for inference. This illustrates
that, while urban visibility constraints are severe, the highway scenario imposes the
tightest perception budget in our settings, with urban remaining highly constrained due

to occlusions.

A visual overview of the stopping-distance components and per-scenario budgets is shown

in Figure 1.2.



Table 1.1: Perception latency budgets across driving scenarios. thudget is the maximum
available reaction time, and t,e is the remaining inference budget after capture and
control are subtracted. Detection distances represent conservative yet realistic values
for each driving environment.

Scenario v (km/h)  daetect (M) thudget (S)  Epere (S)
Highway 130 100 0.76 0.11
Rural Arterial 80 45 0.79 0.14
Urban 50 22 0.81 0.16

* Assumes tcap = 0.05 s, teer = 0.6 s.

Braking vs. Steering Trade-Off

When dgetect < dbraking, pure braking is insufficient. The system must initiate emergency
steering, which imposes stricter timing. Steering control often requires an additional

~200 ms, reducing the available perception budget. In such cases:

there = tbudget — teap — (feurt +0.2). (1.8)

For example, under the highway scenario (tpudget ~ 0.76 s), subtracting 0.05 s cap-
ture and (0.6 + 0.2) s control yields a negative perception budget, i.e., the maneuver
is infeasible at that detection range. This highlights the need for either longer detec-
tion distances, reduced speeds, or reduced actuation overheads in close-range steering

situations.

Summary of Latency Requirements

e Sensor throughput: 30 Hz camera = inference < 33 ms; 20 Hz LiDAR =

inference < 50 ms.

e Brake-limited: Under nominal highway conditions (130 km/h and 100 m detec-
tion), tpere < 110 ms.



Stopping Distance Components for Different Driving Scenarios
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Figure 1.2: Stopping distance components for highway, rural, and urban scenarios, show-
ing contributions from capture (fcap), inference (tinf), control (¢.1), and braking.

e Steer-limited: In close-range emergencies, perception is often infeasible without

either earlier detection or faster control.

Together, these analyses show that although a sub-200 ms target may suffice for basic
highway braking, robust performance across all driving conditions—especially short-
range and emergency steering—demands perception latencies on the order of tens of

milliseconds.

Note on Sensor Synchronization

In multimodal perception systems, cameras and LiDAR often operate at different frame
rates (e.g., 30 Hz and 20 Hz), which can introduce timestamp offsets between modalities.
In this work, we do not model a separate synchronization delay for two reasons. First,

modalities are aligned by timestamps to the LiDAR cadence (20 Hz) without imposing
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a blocking barrier; capture and inference are overlapped, and fusion is performed at
the feature level using temporally aggregated camera features (ReliFusion), which is
robust to small intermodal skew. Second, the evaluation datasets (KITTI and nuScenes)
provide timestamped, approximately synchronized pairs, and standard LiDAR motion
compensation (deskew) is applied. This corrects for within-sweep skew, i.e., the fact
that a spinning LiDAR records different points at slightly different times during a single
revolution, which would otherwise cause motion-induced distortion. After deskewing,

the effect is negligible at the operating rates considered.

Under these conditions, residual offsets are small relative to our perception budgets.
We conservatively bound synchronization overhead by tsne <5 ms (i.e., <5% of our tight-
est budget, tpere = 0.11 s on highway), so conclusions are unchanged. If larger or more
variable offsets were present in a deployment (e.g., unsynchronized multi-camera rigs or

clock drift), a synchronization term can be included without altering the framework:
/E2E - (tcap + tsync) + tinf + tctrl and t;)erc - tperc - tsync-

For example, ts,. = 5 ms would reduce the highway perception budget from 0.11 s
to 0.105 s. Given timestamp alignment to the LiDAR cadence, feature-level temporal
fusion, and deskewed, approximately synchronized datasets, omitting an explicit fsyne is
justified.

1.4 Research Objectives

The primary objective of this research is to develop robust, efficient, and reliable per-

ception models for autonomous driving. Specifically, this thesis aims to:

e Achieve real-time performance: Ensure perception latency of approximately
110 milliseconds or less per input frame under highway driving scenarios, enabling

timely decision-making for collision avoidance.
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e Improve robustness under adverse conditions: Maintain high detection ac-
curacy despite environmental challenges such as fog, rain, snow, glare, and low-light

conditions, as well as sensor degradation.

e Accurately detect critical object classes: Build models capable of detecting
and classifying eleven key object categories—vehicles, pedestrians, cyclists, traffic
cones, barriers, and construction vehicles—that represent the most common and

safety-critical participants in real-world driving environments.

e Develop adaptive multimodal fusion: Leverage complementary strengths of
LiDAR and camera sensors through novel fusion strategies that dynamically assess

sensor reliability and adapt to degraded inputs.

e Advance practical deployment: Deliver models that balance accuracy, robust-
ness, and computational efficiency, ensuring suitability for real-world autonomous

vehicle applications.

1.5 Proposed Solution and Contributions

This research adopts a solution based on the fusion of camera and LiDAR data, combined
with machine learning techniques, to achieve robust object detection for autonomous
driving. By integrating complementary sensing modalities, the perception system can
leverage both high-resolution semantic information from cameras and accurate spatial
localization from LiDAR.

To address challenges posed by adverse environmental conditions and sensor reli-
ability degradation, this research introduces two fusion-based approaches: an initial

lightweight 2D object detection method and a primary 3D reliability-driven methodol-
ogy.
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This thesis makes the following contributions to multimodal perception for autonomous

driving:

1. Formulation of Reliability-Driven Fusion in BEV Space. We introduce
a model-level reliability estimation framework that quantifies the trustworthiness
of LIDAR and camera features in a shared embedding space and integrates these
estimates directly into a confidence-weighted cross-attention fusion mechanism.
Unlike conventional fixed-weight fusion strategies, this approach enables adaptive

modality prioritization under sensor degradation.

2. Integration of Contrastive Learning for Sensor Reliability Estimation.
We propose the use of Cross-Modality Contrastive Learning (CMCL) to align mul-
timodal BEV representations and implicitly detect degraded sensor inputs through
embedding consistency. This formulation extends contrastive learning beyond rep-

resentation alignment to reliability estimation within perception models.

3. Spatio-Temporal Feature Aggregation for Robust Multimodal Detec-
tion. We design a Spatio-Temporal Feature Aggregation (STFA) module that
sequentially applies spatial inter-view attention and temporal cross-frame atten-
tion in BEV space. This enhances detection stability and robustness in dynamic

and partially occluded environments.

4. Latency-Constrained Perception Analysis for Autonomous Driving. We
provide a quantitative stopping-distance-based latency formulation that links per-
ception inference time to vehicle dynamics and safety constraints. This establishes

explicit perception latency budgets for highway, rural, and urban driving scenarios.

5. Empirical Validation under Sensor Degradation. We conduct systematic
corruption-based evaluation on benchmark datasets to analyze performance under
sensor malfunction scenarios, demonstrating that reliability-driven fusion provides

consistent robustness improvements over fixed-weight baselines.
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6. Development of Two Complementary Fusion Architectures. We design
and evaluate both TransfuseNet (a lightweight 2D fusion architecture achieving
sub-40 ms inference) and ReliFusion (a 3D reliability-aware architecture achieving
robust performance under degraded sensing), providing a progression from efficient

fusion to adaptive reliability-driven perception.

1.6 Thesis structure

The remainder of this thesis is organized as follows:

Chapter 2 introduces transformer architectures and their role in addressing complex

computer vision challenges, laying the theoretical foundation for subsequent methods.

Chapter 3 presents a comprehensive literature review of recent methods in single-
sensor and multimodal object detection, examining existing approaches to address au-

tonomous perception challenges. Alternative fusion strategies are also reviewed.

In Chapter 5 introduces TransfuseNet, our initial fusion method for efficient real-
time 2D object detection. Its architecture, implementation, and contributions toward

improving speed and efficiency in autonomous driving perception are presented.

Building upon TransfuseNet’s limitations, Chapter 6 introduces ReliFusion, a novel
and advanced reliability-driven framework for robust 3D object detection. ReliFusion
dynamically assesses sensor reliability and adaptively fuses sensor data, overcoming lim-

itations identified in earlier approaches.

Chapter 7 comprehensively evaluates ReliFusion. Extensive experiments are con-
ducted on the nuScenes dataset, including rigorous comparisons with state-of-the-art
methods under normal and degraded sensor conditions. Detailed quantitative and qual-

itative results showcase the robustness and superior performance of ReliFusion.

Finally, Chapter 8 summarizes the research contributions, highlights significant find-

ings, and outlines future research opportunities to further enhance multimodal sensor
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fusion for autonomous driving perception.
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Chapter 2

Background

2.1 Introduction

This chapter establishes the theoretical foundations required to understand transformer-
based methods and multimodal data fusion for object detection. First, the evolution of
object detection methods, particularly the transformative impact of deep learning and
transformers, is discussed. Subsequently, key concepts of transformer architectures, their
adaptation to vision tasks, and their specific benefits for object detection are presented.
Then, we introduce LiDAR technology and discuss its significance and working prin-
ciples, providing the context for its integration with camera data. Following this, we
explain data fusion methodologies, emphasizing the rationale and importance of combin-
ing LiDAR with camera data. Lastly, essential metrics used to evaluate object detection
performance are introduced, setting the stage for the methodologies described in subse-

quent chapters.
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2.2 Transformers and Their Role in Object Detection

2.2.1 Introduction to Transformers

The transformer architecture, originally introduced by Vaswani et al. in 2017 [67], fun-
damentally changed the approach to handling sequential data by introducing attention
mechanisms. Unlike traditional recurrent neural networks (RNNs) and convolutional
networks (CNNs), transformers utilize attention mechanisms to efficiently handle long-
range dependencies within sequences. Their design eliminates recurrence and convolu-
tion, which enables parallel processing of sequences and overcomes limitations associated
with handling long-range dependencies. Initially designed for Natural Language Process-
ing (NLP) tasks, the transformer architecture’s success motivated its adaptation to other

domains, including computer vision.

2.2.2 Core Components of Transformer

The transformer architecture comprises sophisticated components designed to manage
long-range dependencies and effectively represent sequential data. The main components
include self-attention mechanisms, multi-head attention, positional encoding, feedfor-

ward neural networks, and normalization layers, as illustrated in Figure 2.1.

Self-Attention Mechanism: Self-attention allows transformers to dynamically
evaluate the relevance of each token in relation to others within a sequence. Formally,

attention scores between tokens are computed as:

Attention(Q, K, V') — Soft (QKT) % (2.1)
ention(Q, K, V) = Softmax | ——— .
Vi

where ), K, and V are Query, Key, and Value vectors, respectively.

Multi-Head Attention: To capture multiple types of relationships simultaneously,

multi-head attention employs several parallel self-attention operations. Each attention
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Figure 2.1: The Transformer Architecture. This image is reprinted from [67].
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head calculates distinct attention scores, enabling the model to handle diverse depen-

dencies concurrently (Figure 2.2).
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Figure 2.2: Left: Scaled Dot-Product Attention. Right: Multi-Head Attention . This
image is reprinted from [67].

Positional Encoding: Since the transformer architecture lacks inherent positional
information, positional encoding is added to input embeddings to indicate token posi-

tions. Positional encodings are generated using sine and cosine functions defined as:

. 0S 0S
PE(pos,Qi) = S (p—m) ’ PE(pos,Qi—i—l) = CO8S (p—m) (22)
10000 dmodel 10000 dmodel

Here, pos denotes the index of the token in the input sequence (e.g., the position of a
word or image patch), and 7 is the index of the embedding dimension. Even dimen-
sions (2i) are assigned sine values and odd dimensions (2i 4 1) cosine values. The term
dmodel Tepresents the embedding size, while the denominator 10000%/@mede controls the
wavelength of the sinusoid so that lower-index dimensions encode fine-grained positional
variations (shorter wavelengths) and higher-index dimensions capture broader trends
(longer wavelengths). Together, these sinusoidal encodings give each token a unique nu-
merical signature that reflects both its absolute position in the sequence and its relative

distance to other tokens. This enables the transformer to distinguish whether two tokens
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(or image patches) are adjacent or far apart, even though the architecture itself does not
impose any sequential or spatial structure. For vision tasks, this mechanism preserves
spatial layout information that would otherwise be lost when an image is flattened into

a sequence of patches.

Feedforward Neural Networks: Transformers integrate feedforward neural net-
works after attention layers, enabling intricate feature transformations that enhance data

representation.

Residual Connections and Layer Normalization: Residual connections facil-
itate smoother gradient flow through the network, and layer normalization stabilizes

training, enabling deeper and more efficient architectures.

2.2.3 Adaptation of Transformers to Vision Tasks

To adapt transformers from NLP to computer vision, an input image is first divided
into non-overlapping patches (e.g., 16 x 16 pixels). Each patch is then flattened into a
vector and projected through a linear layer to obtain a fixed-length embedding. These
patch embeddings, together with positional encodings, form a sequence that can be
processed by the transformer in the same way as a sequence of words in NLP. This
approach, introduced by the Vision Transformer (ViT) [12], converts two-dimensional
spatial information into a one-dimensional sequence representation suitable for attention-
based processing. While ViT demonstrated strong performance on vision benchmarks,
transformer-based vision models typically require significantly larger training datasets
and greater computational resources than convolutional neural networks (CNNs), since
CNNs benefit from inductive biases such as locality and translation invariance that

reduce data requirements.

2.2.4 Benefits of Transformers in Object Detection
The adoption of transformers in object detection offers several distinct advantages:

20



Efficient Global Context Modeling: The self-attention mechanism enables trans-
formers to model global context by effectively capturing relationships between spatially
distant regions of an image, improving object detection performance through better

context modeling.

Adaptability and Scalability: Transformers naturally accommodate varying in-
put sizes and object scales because they divide the image into fixed-size patches and
process these patches uniformly through self-attention. Unlike CNNs, which rely on
convolutional kernels with fixed receptive fields and often require handcrafted mecha-
nisms such as image pyramids or multi-scale feature maps, transformers can directly
attend across the entire image. This property allows them to capture both small and

large objects within the same architecture without extensive reconfiguration.

Simplified Pipeline and End-to-End Learning: Transformers enable stream-
lined, end-to-end model architectures that integrate multiple steps within a unified
framework. For example, detection transformers (such as DETR) eliminate the need for
region proposal networks, anchor design, and non-maximum suppression—components
commonly required in CNN-based detectors. Instead, transformers learn object queries
and directly predict final bounding boxes and classes in a single optimization process.
This simplifies the overall detection pipeline and allows all components to be trained

jointly from raw image data to final predictions.

2.3 LiDAR Technology

2.3.1 Introduction to LiDAR and Its Significance in Object De-

tection

LiDAR is a remote sensing technology that measures distances by emitting laser pulses
and calculating the time it takes for these pulses to reflect back from surrounding sur-

faces. The result is a dense three-dimensional (3D) point cloud that encodes the geom-
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etry of the environment with high accuracy. Compared to cameras, which capture rich
texture and color but lack reliable depth information, LiDAR directly provides metric
depth, making it particularly valuable for object localization and size estimation. Un-
like RADAR, which is robust to weather but offers coarse resolution, LIDAR achieves
fine-grained spatial detail that supports the detection of small or partially occluded
objects. This combination of precision and robustness makes LiDAR especially bene-
ficial for safety-critical tasks such as autonomous driving, robotics, and environmental

monitoring, where reliable perception of the surrounding scene is essential.

The key benefits of integrating LiDAR into object detection systems include:

e High Precision and Accuracy: LiDAR’s capability to provide precise spatial
measurements ensures accurate object localization, essential for reliable detection

performance.

e Robustness Under Varied Conditions: LiDAR maintains effectiveness across
varying lighting conditions and environmental challenges, such as nighttime, fog,

or dust, overcoming limitations typical in camera-based systems.

e Detailed 3D Data Representation: LiDAR provides comprehensive 3D point
cloud data, capturing detailed geometric structures essential for accurate object

localization and classification.

2.3.2 Working Principles of LIDAR

The basic operational principle of LiDAR technology involves emitting laser pulses,
receiving their reflections from objects, and calculating distances based on the measured

return times. This process can be broken down into the following essential steps:

1. Laser Emission: The LiDAR sensor emits laser pulses into the environment,

which propagate through space and strike surrounding surfaces.
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2. Reflection of Laser Pulses: The emitted pulses are reflected back from object

surfaces and received by the LiDAR sensor.

3. Distance Calculation: The sensor measures the time elapsed between the emis-
sion of a laser pulse and the reception of its reflection, known as the time-of-flight
(ToF). The distance (D) to the reflecting surface is calculated as:

c-t
D=— 2.3
5 (2.3)

where ¢ is the speed of light and ¢ is the measured round-trip time.

By combining the measured distance with the known orientation of the emitted laser
beam (determined by the sensor’s scanning mechanism), the LiDAR system computes
the precise three-dimensional coordinates (x,y, z) of the reflecting point relative to the
sensor. Repeating this process for thousands of laser beams per second and across
different scanning angles generates a dense 3D point cloud that captures the geometry
of the surrounding environment. Depending on the sensor design, this can be achieved
using rotating mechanical mirrors (spinning LiDARs) or solid-state phased arrays, each

with trade-offs in field of view, resolution, and robustness.

2.4 Data Fusion Principles

Data fusion involves integrating information from multiple sensor modalities, such as Li-
DAR, cameras, or Radio Detection and Ranging (RADAR), to produce a comprehensive
environmental representation for object detection. This process leverages the strengths
of each sensor to mitigate their individual limitations, such as limited depth accuracy in
camera-based systems or low spatial resolution in RADAR. Furthermore, effective fusion
methods provide redundancy, improving system robustness against sensor malfunctions
or degraded environmental conditions. By managing and reducing uncertainty inherent

to individual sensors, data fusion contributes to more accurate object localization and
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reliable decision-making in complex autonomous driving scenarios. The methodologies

behind different fusion approaches are discussed in subsequent sections.

2.4.1 Early Fusion, Late Fusion, and Mid-level Fusion

There are three primary types of data fusion regarding when to apply the fusion opera-
tion: Early Fusion, Late Fusion, and Mid-level Fusion. Each type has distinct approaches

and implications for integrating information from multiple sources effectively.

Early fusion, also known as feature-level fusion (Figure 2.3), involves merging in-
formation from different modalities at the earliest stage of processing. In this approach,
the raw data or features from each modality are combined to form a unified and com-
prehensive feature representation. This fused representation is then used as input for
subsequent processing steps, such as object detection algorithms [25,69]. Early fusion in-
tegrates data from multiple sensor modalities at the initial processing stage, constructing
a unified feature representation from the combined input data. This method preserves
complementary information across modalities, facilitating a comprehensive representa-

tion for subsequent analysis and detection tasks.

Late fusion, or decision-level fusion (Figure 2.4), takes a different approach by
processing each modality independently up to a certain point in the analysis. The
outputs or decisions from each modality are then combined or fused at a later stage,
typically at the decision-making level. This fusion can occur using various strategies,
including combining decision scores, probabilities, or classification results. Late fusion
allows for specialized processing of each modality up to the point of fusion, enabling the
system to leverage the unique characteristics and strengths of each source individually.
This approach is particularly useful when modalities have distinctive features or when

they require specialized processing methods [73,81].

Late fusion is versatile and adaptable to scenarios where modalities have varying

levels of reliability or when combining modalities at an earlier stage might lead to infor-
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mation loss or confusion.

Mid-level fusion, as the name suggests, combines elements of both early and late
fusion approaches (Figure 2.5). It involves creating a fused representation at an in-
termediate level of processing, where features from different modalities are combined.
Mid-level fusion integrates modality-specific information at an intermediate processing
stage, after which each modality undergoes further separate processing. This strategy
balances the comprehensive representation achieved by early fusion and the modality-
specific benefits provided. Mid-level fusion is designed to capture the synergies between
modalities while allowing for specialized analysis, providing an adaptable and efficient

fusion strategy [83].

The choice of fusion type is a critical decision in the design of a multimodal object
detection system and depends on various factors. These factors include the nature of
the application, the characteristics of the data from each modality, the computational

complexity of the system, and the desired balance between combining information early

25



Sensor 1 Sensor 2 Sensor 3

v v

Feature ‘ Feature Feature
extractor extractor extractor
4{ Data fusion ]# | Model 3 l
\—{ Data fusion }7

| Output l

Figure 2.5: Mid-level Fusion. Mid-level fusion blends elements of both early and late
fusion by combining features from different sources at an intermediate stage

versus late in the processing pipeline. Selecting the appropriate fusion strategy is es-
sential to maximize the benefits of multimodal data integration based on the objectives

and constraints of the specific application.

2.5 Evaluation Metrics for Object Detection

Intersection over Union (IoU) [26] is a fundamental metric used to measure the
overlap between the predicted bounding boxes and the ground truth bounding boxes for
the objects. It quantifies the extent to which the predicted and ground truth bounding
boxes align. The IoU is calculated by dividing the area of overlap between the predicted

and ground truth bounding boxes by the area of their union.

A high IoU value indicates that the predicted bounding box accurately aligns with

the ground truth, and it is computed using the following formula:

_ Area of Overlap

[oU = (2.4)

Area of Union
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Figure 2.6: (a) Calculation of IoU involves dividing the intersecting area of two boxes
by their combined area. (b) Demonstrations of IoU values for various box alignments.

IoU values closer to 1 imply better object localization accuracy, while values closer
to 0 indicate poor localization (Figure 2.6). Models often use IoU as a threshold to filter
out false positives, setting a minimum IoU to consider a detection as valid. Moreover,
IoU is central to non-maximum suppression, a technique used to merge and eliminate

redundant bounding boxes, retaining the most accurate detection.
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Recall, also known as sensitivity or true positive rate, measures the model’s ability
to capture all the actual positives. It signifies the proportion of true positive predictions
to the total actual positives, including both true positives and false negatives. High
recall implies a low false negative rate, ensuring the model captures a significant portion

of actual positives. The formula to calculate recall is as follows:

True Positives
Recall = 2.5
eea True Positives + False Negatives (25)

Precision is a metric that measures the accuracy of the positive predictions made by
the model. It represents the proportion of true positive predictions to the total predicted
positives, including both true positives and false positives. High precision implies a low

false positive rate, ensuring that most predicted positives are true positives.

Precision is defined mathematically as:

Precisi True Positives (2.6)
recision = )
True Positives + False Positives

Average Precision (AP) in object detection quantifies a model’s ability to ac-
curately identify and locate objects across various classes. It does so by balancing
precision, the model’s correctness in identifying relevant objects, with recall, its com-
pleteness in finding all relevant instances. For each object class, AP is calculated by
plotting a precision-recall curve based on the model’s predictions at different confidence
thresholds, then computing the area under this curve. This process ensures that the
model’s performance is evaluated over a range of conditions, reflecting its sensitivity

and specificity.

mean Average Precision (mAP), an extension of AP, averages the AP scores
across all object classes, providing a single comprehensive metric of overall detection
performance. By aggregating performance metrics across multiple object classes, mAP
provides a comprehensive measure of detection effectiveness, facilitating objective com-

parisons between models and datasets.
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nuScenes Detection Score (NDS) is the composite metric adopted in the nuScenes
benchmark to provide a more holistic evaluation of object detection performance. It
balances detection accuracy with the quality of localization, scale, orientation, velocity,
and attribute estimation. Unlike conventional benchmarks that rely solely on IoU-based
mAP, nuScenes evaluates detections using center distance in the ground plane, thereby

decoupling localization accuracy from bounding box geometry and attributes.

In addition to mAP, NDS incorporates several true—positive (TP) quality metrics for

predictions matched to ground truth within 2 meters:

e ATE (Average Translation Error): Euclidean distance error between predicted

and ground-truth object centers in the ground plane, measured in meters [m)|.

e ASE (Average Scale Error): 1 — IoU after aligning the predicted and ground-
truth boxes in translation and yaw. This metric penalizes mismatches in object

size rather than location.

e AOE (Average Orientation Error): Absolute yaw (heading) difference between

predicted and ground-truth boxes, expressed in radians [rad].

e AVE (Average Velocity Error): Difference in velocity magnitude between pre-

dicted and ground-truth objects, measured in meters per second [m/s|.

e AAE (Average Attribute Error): 1— attribute accuracy, where “attributes”
refer to object state properties such as whether a vehicle is moving or stopped,
or whether a pedestrian is standing or sitting. This metric quantifies errors in

predicting such categorical attributes.

The overall NDS is defined as

1 .
NDS = — |5 mAP + > (1 —min(1,mTP))|. (2.7)
mTPe{mATE, mASE, mAOE, mAVE, mAAE}
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where mAP denotes mean Average Precision, and the additional terms correspond to
the mean values of the true—positive quality metrics: mATE (Average Translation Er-
ror), mASE (Average Scale Error), mAOE (Average Orientation Error), mAVE (Average
Velocity Error), and mAAE (Average Attribute Error). Thus, NDS € [0, 1], where mAP
contributes half of the score and the remaining half reflects how well detections preserve
geometric and dynamic fidelity, including accurate localization, orientation, velocity,
scale, and attribute estimation. A higher NDS value indicates not only that objects are
detected, but also that their predicted positions, sizes, and dynamic states closely match

the ground truth, making it a more comprehensive benchmark than mAP alone.

2.6 Summary

This chapter introduced the theoretical foundations for the methods developed in this
thesis. Transformer architectures were reviewed, highlighting their key components—self-
attention, multi-head attention, and positional encoding—and their adaptation from
NLP to vision tasks. The principles and advantages of LiDAR technology were then
described, emphasizing its ability to provide precise 3D spatial information for object
detection. Different data fusion strategies, namely early, late, and mid-level fusion, were
outlined, together with their respective benefits and trade-offs. Finally, evaluation met-
rics including IoU, precision, recall, AP, mAP, and the nuScenes Detection Score (NDS)
were defined, establishing the criteria used to assess object detection models in later

chapters.
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Chapter 3
Literature Review

Object detection has grown significantly over the past two decades due to advancements
in sensing technologies and machine learning methods. Early computer vision research
largely targeted 2D bounding box detection due to widespread applications such as
face recognition, security surveillance, and image categorization. However, the growing
demand for precise spatial understanding in domains such as robotic manipulation, aug-
mented reality, industrial automation, medical imaging, and particularly autonomous
driving has shifted research focus toward accurate three-dimensional (3D) object detec-
tion. Autonomous driving has notably accelerated this transition, emphasizing rigorous
3D localization of various dynamic objects, including vehicles, pedestrians, and cyclists,

to enable safe navigation.

This shift towards comprehensive spatial perception required integrating diverse sen-
sor modalities beyond conventional cameras. Modern 3D object detection systems now
commonly leverage multiple complementary sensing modalities—RGB cameras, LiDAR,
and RADAR—each characterized by distinct strengths and inherent limitations that
profoundly influence detection methodologies. Cameras provide dense, high-resolution
visual data essential for semantic interpretation, LiDAR offers precise depth measure-

ments independent of ambient lighting, and RADAR ensures robust detection under
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adverse weather conditions while providing direct velocity measurements.

Given the complementary characteristics of these sensors, extensive research has
explored their combined use, aiming to mitigate individual modality limitations and
achieve reliable, accurate, and robust object detection across diverse environmental and
operational scenarios. The following subsections provide an overview of these sensor
modalities, highlighting their strengths, constraints, and foundational roles within con-
temporary object detection frameworks discussed comprehensively in subsequent sec-

tions.

3.1 Camera-Based Object Detection

Object detection using camera imagery has been extensively studied in computer vision
and remains widely used in autonomous perception systems. Cameras provide dense,
high-resolution visual data that include semantic cues such as color, texture, and shape,
which are important for detecting traffic participants and environmental features, in-
cluding vehicles, pedestrians, traffic signs, and lane markings. Their relatively low cost
compared to LiDAR and ubiquity make them suitable for many real-time applications

in autonomous vehicles.

This section reviews major developments in camera-only object detection models,
organized into two primary groups: (i) convolutional neural network (CNN)-based meth-
ods, including both two-stage and single-stage frameworks, and (ii) transformer-based
approaches that employ self-attention mechanisms to capture spatial relationships. Each
group is examined in terms of architectural design, computational cost, and detection

performance under various conditions.

The limitations commonly observed in camera-based systems—such as reduced detec-
tion accuracy in the presence of occlusions, scale variation, or low illumination—are high-

lighted in benchmark studies. These issues are particularly evident in speed—accuracy
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trade-offs and robustness under different environmental conditions. These limitations

provide the motivation for multi-sensor fusion approaches discussed in later sections.

3.1.1 Convolutional Methods for 2D Detection

Early advances in deep learning-based object detection were primarily driven by con-
volutional neural networks (CNNs), which replaced handcrafted feature extraction with
learned representations [18,29]. CNN-based methods for 2D object detection are com-
monly categorized into two-stage and single-stage approaches, based on whether they

use an explicit region proposal step.

3.1.1.1 Two-Stage CNN-Based Methods

The Region-based Convolutional Neural Network (R-CNN) [18] was one of the first
methods to apply CNNs for object detection. It generated candidate object regions using
the Selective Search algorithm [66], extracted features from each region using a CNN,
and classified them using support vector machines (SVMs). While R-CNN significantly
improved detection accuracy compared to traditional methods, it was computationally

inefficient due to redundant CNN evaluations on each proposal.

Fast R-CNN [17]| addressed this inefficiency by applying the CNN to the entire im-
age once and using a Region of Interest (Rol) pooling layer to extract features for each
proposal. This approach reduced computation time while maintaining accuracy. How-
ever, it still relied on external region proposal methods such as Selective Search, which

remained a bottleneck.

Faster R-CNN [55] introduced the Region Proposal Network (RPN), integrating pro-
posal generation directly into the CNN pipeline. This unified framework improved both
speed and accuracy and became a widely adopted baseline. Nevertheless, Faster R-CNN

relies on predefined anchor boxes with fixed scales and aspect ratios. These anchor set-
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tings require manual tuning and may perform suboptimally in scenes with significant

object scale variation or occlusion.

3.1.1.2 Single-Stage CNN-Based Methods

Single-stage detectors simplify the pipeline by predicting object classes and bounding
boxes directly from feature maps, eliminating the need for a region proposal stage.
YOLO (You Only Look Once) [52] was among the first single-stage models and intro-
duced a grid-based prediction scheme for real-time performance. Subsequent YOLO

versions introduced several architectural improvements:

e YOLOv2 [53] introduced anchor boxes, predefined bounding boxes with fixed scales
and aspect ratios used as references for object localization. During training, the
network learns to adjust these anchors to match ground-truth objects, which sig-

nificantly improves performance across varying object sizes.

e YOLOv3 [54] adopted feature pyramid networks (FPNs) to enable multi-scale

detection, enhancing the ability to detect small and large objects simultaneously.

e YOLOv4 |2] further improved detection by incorporating advanced training op-
timizations, including the CSPDarknet53 backbone and Complete IoU (CIOU)

loss [85], which improves bounding-box regression stability.

e YOLOv5 [27| refined the framework by adding automatic anchor computation,
improved training pipelines, and novel data augmentation strategies such as mosaic

augmentation, where multiple images are combined to increase data diversity.

e YOLOv6 [31] emphasized deployment efficiency by incorporating quantization-
aware training and optimized inference pipelines, making it suitable for industrial

applications.
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e YOLOvT [68] introduced the Extended Efficient Layer Aggregation Network (E-
ELAN) and auxiliary training heads, striking a balance between speed and accu-

racy, and achieving state-of-the-art results on several benchmarks.

e YOLOvS8 [65] transitioned to an anchor-free detection head, reducing the reliance
on manually defined anchors. It also integrated improved model scaling strategies
and advanced data augmentation, offering a more flexible framework for diverse

real-time tasks.

Despite these advances, the YOLO family of models still faces notable challenges.
They remain sensitive to partial occlusion, where objects are only partly visible (e.g., a
pedestrian behind a parked car), leading to detection failures. Small objects also remain
difficult to detect due to the coarse grid representation in earlier versions, although
FPNs have partially mitigated this issue. Additionally, YOLO models are affected by
class imbalance, where abundant categories such as cars dominate training data and

reduce detection accuracy for less frequent classes such as cyclists.

In summary, YOLO models represent a major step forward in single-stage detec-
tion, offering real-time speed with competitive accuracy. However, their limitations in
handling occlusion, small objects, and class imbalance highlight the need for comple-
mentary or hybrid approaches, motivating continued research into transformer-based

and multimodal fusion methods.

The Single Shot MultiBox Detector (SSD) [39] addressed some of YOLO’s early
limitations by using multiple feature maps of different resolutions to detect objects at
varying scales. SSD introduced a set of predefined anchor boxes—also known as default
boxes—with fixed scales and aspect ratios at each feature map location. These anchors
serve as reference bounding boxes that the network adjusts during training to match
ground-truth object locations. However, the use of fixed anchor configurations imposes
constraints: it assumes prior knowledge of the object size and shape distributions in the

dataset and lacks adaptability to scenes with high object scale variation or uncommon
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aspect ratios. As a result, SSD’s detection accuracy is reduced in scenarios involving

small, overlapping, or irregularly shaped objects.

RetinaNet [37] introduced the Focal Loss function to address the extreme class im-
balance in dense detection tasks. This loss function reduces the contribution of easy
negatives—background anchors or regions that are trivially classified as non-objects—
during training, thereby preventing them from overwhelming the gradient updates and
improving performance on crowded scenes. However, RetinaNet’s added complexity

results in higher inference time compared to simpler detectors.

EfficientDet [63] applied compound scaling from EfficientNet [62], jointly optimizing
depth, width, and resolution. EfficientDet offers a balanced trade-off between accuracy
and computational cost but continues to face challenges in detecting occluded or small

objects and maintaining performance under low-light conditions.

While CNN-based 2D detectors have achieved notable progress, their performance
often degrades under challenging conditions. For example, occlusion (e.g., a pedestrian
partly hidden behind a vehicle) prevents CNNs from capturing complete object features.
Cluttered scenes introduce overlapping textures and background noise, which can confuse
convolutional filters and increase false detections. Scale variation, where objects appear
at vastly different sizes depending on their distance from the sensor, is difficult to handle
with fixed receptive fields and anchor configurations. These limitations highlight the
need for models that can capture global context and adapt more flexibly to varying
input conditions, motivating the development of transformer-based methods, discussed

in the following subsection.

3.1.2 Transformer-Based Camera Methods

The integration of transformers in vision tasks has advanced object detection paradigms,
providing mechanisms to capture global context effectively through self-attention oper-

ations. The introduction of the Vision Transformer (ViT) [12] marked a turning point,
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demonstrating that self-attention could replace convolutions by treating images as se-
quences of non-overlapping patches and enabling direct modeling of long-range depen-
dencies (Figure 3.1). Although initially designed for image classification, ViT inspired
a range of detection models that extended its patch-based representation to localization

tasks.

Vision Transformer (ViT) Transformer Encoder

Transformer Encoder
* Extra learnable
[class] embedding Linear Projection of Flattened Patches
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Figure 3.1: ViT architecture. An image is divided into uniform-sized patches, each lin-
early embedded. Position embeddings are added, and the resultant sequence of tokens is
processed by a stack of L transformer encoder layers, each consisting of multi-head atten-
tion, a normalization layer (Norm), and a feed-forward multi-layer perceptron (MLP). A

special learnable classification token is used for the final classification task. This image
is reprinted from [12].

In object detection, ViT-based backbones have been adopted to improve global con-
text modeling compared to CNNs. DETR [6] represented a major shift by eliminating
handcrafted anchors and region proposals, instead formulating detection as a set predic-
tion problem. In this paradigm, the model directly predicts a fixed-size set of bounding
boxes and class labels in a single forward pass (Figure 3.2). A bipartite matching step,
implemented with the Hungarian algorithm, then pairs each predicted box with a ground-

truth object in a one-to-one manner, ensuring that every prediction is uniquely assigned.
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Figure 3.2: DETR architecture. DETR predicts the final set of detections by integrating
a standard CNN with a transformer structure. Predictions that do not correspond to
any match are expected to result in a prediction of the "no object" class. This image is
reprinted from [6].

This reformulation simplified the detection pipeline and provided competitive accuracy,
but it also introduced challenges such as slow convergence and reduced sensitivity to

small objects due to coarse spatial representations.

To address these limitations, Deformable DETR [88| introduced sparse attention
mechanisms that accelerate training and improve detection of smaller objects. Simi-
larly, hybrid approaches such as the Swin Transformer [40| combined transformer self-
attention with CNN-like hierarchical structures, achieving strong results on benchmarks
like COCO by capturing both local and global contexts efficiently. Despite these ad-
vances, such models remain computationally expensive and highly data-dependent, lim-

iting deployment in real-time or resource-constrained environments.

Expanding into 3D, DETR3D [72] adapted transformer-based methodologies to monoc-
ular object detection by directly predicting 3D bounding boxes from single-camera im-
ages. By leveraging explicit 3D positional encodings and multi-scale feature maps,
DETR3D improved spatial localization, though challenges such as depth ambiguity,

occlusions, and calibration inaccuracies persist.

In summary, transformer-based methods have reshaped the design of modern detec-
tion architectures by enabling global context modeling and reducing reliance on hand-
crafted components such as anchors or proposal networks. Models such as ViT, DETR,

and their variants have demonstrated strong accuracy gains on benchmarks, particu-
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larly in complex scenes where long-range dependencies and cross-object relationships are
critical. However, these benefits come at a cost: training requires large-scale annotated
datasets to prevent underfitting, inference is computationally expensive due to quadratic
attention complexity, and performance often degrades on small objects or under occlu-
sion because of coarse patch-level representations. Furthermore, most transformer-based
detectors struggle with real-time deployment, as their latency and memory footprints

exceed the constraints of automotive-grade hardware.

These limitations highlight several open research challenges: improving data effi-
ciency through pretraining or domain adaptation, designing lightweight or hierarchical
attention mechanisms that scale better with resolution, and integrating transformers
with convolutional backbones to balance global reasoning with local detail preservation.
Addressing these challenges is important for advancing domain-adaptive and resource-
aware transformer models that are robust enough for safety-critical applications such as

autonomous driving.

3.2 LiDAR-Based Object Detection

LiDAR sensors have been widely adopted in autonomous driving due to their ability to
capture precise three-dimensional spatial information by emitting laser pulses and mea-
suring their time-of-flight. Compared to camera sensors, LIDAR provides reliable depth
measurements largely unaffected by lighting conditions, which has motivated extensive

research into 3D localization, obstacle detection, and scene reconstruction [50,87].

Despite these advantages, LIDAR data introduces challenges that have shaped de-
tection research. Point clouds are sparse and non-uniform, with density decreasing at
greater distances, and the unordered structure makes them incompatible with standard
convolutional operations. Moreover, the lack of appearance cues (e.g., color, texture)

limits semantic understanding.

To address these challenges, various methods have been proposed to interpret LiDAR
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point clouds for object detection. These methods can be broadly categorized into three

groups:

1. Point-based methods, which operate directly on the raw point cloud without
intermediate representations [50,51,57,70,75,84];

2. Voxel-based methods, which convert the 3D space into structured volumetric

grids to leverage convolutional architectures [21,43,56,78,86,87];

3. Projection-based methods, which map point clouds into 2D representations to
exploit mature 2D CNN backbones [7,9,13,15,36,61].

Each category is reviewed in the following subsections, with a focus on model archi-
tecture, feature representation strategies, computational efficiency, and detection accu-
racy in various driving scenarios. Particular attention is given to how these methods
manage point sparsity, object scale variation, and occlusion—factors that significantly

affect LiIDAR-based detection performance.

3.2.1 Point-Based Methods

Point-based methods operate directly on raw LiDAR point clouds without requiring
intermediate representations such as voxels or images. These approaches aim to preserve
the full geometric fidelity of the data and avoid the quantization errors associated with

grid-based transformations.

Earlier work by Rusu et al. [57] explored segmentation strategies that cluster point
clouds based on spatial proximity or surface properties, such as grouping nearby points
into clusters or aggregating regions with similar surface normals. Other approaches
attempted to detect simple geometric primitives like planes. While effective in reducing
computational complexity for downstream tasks, these methods relied heavily on hand-
engineered rules (e.g., manually set distance thresholds or curvature limits) and therefore

lacked generalization across diverse scenes.
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Guo et al. [20] reviewed various local geometric descriptors that capture properties
such as surface curvature, normal orientation, and spatial arrangement. These descrip-
tors are typically computed from neighborhoods of points, encoding geometric relation-
ships such as angle distributions or curvature changes. While they provide valuable
features for classification and segmentation tasks, they often require manual parameter
tuning (e.g., neighborhood size) and remain sensitive to point density variations, which

can degrade robustness in large-scale or sparse environments.

PointNet [50] introduced a significant advancement by proposing a deep learning
architecture that directly consumes unordered point sets. It uses symmetric aggregation
functions (e.g., max pooling) to achieve permutation invariance. Although PointNet
improved classification and segmentation performance, its lack of local neighborhood

modeling limits its effectiveness in detecting fine-grained or partially occluded objects.

To address this, extensions such as PointNet++ [51] introduced hierarchical feature
learning by grouping points into local neighborhoods and recursively aggregating fea-
tures. This improved the ability to capture fine-grained geometric structures but came
at the cost of repeated neighborhood search and grouping operations. As a result, Point-
Net-++ suffers from high computational overhead and memory usage, making it difficult
to scale efficiently to large outdoor point clouds with millions of points, such as those in

autonomous driving datasets.

Octree-based CNN (O-CNN) [70] proposed using octree structures to enable hierar-
chical spatial partitioning of point clouds. This approach reduced memory consumption
and allowed CNNs to be applied more efficiently. However, managing dynamic scene con-
tent with octrees requires frequent tree updates and traversal, which increases computa-
tional overhead, and their hierarchical structure is less flexible for real-time applications

where rapid adaptation to changing point densities is needed.

More recent approaches aimed to improve detection in sparse or occluded settings.
For example, BtcDet [75] employs a shape occupancy network to infer missing object

parts from partial observations. While this improves accuracy in occlusion-heavy scenes,
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it introduces significant computational overhead due to the complexity of shape comple-

tion.

Instance-Aware Single-Stage Detector (IA-SSD) [84| adopts instance-aware down-
sampling to preserve key structural information during point selection. By using class-
aware and centroid-aware sampling strategies, it improves detection of small or distant
objects. However, the method’s performance is contingent on accurate initial semantic

segmentation, which may be degraded under sparse or noisy conditions.

Overall, point-based methods maintain the advantages of working directly on un-
structured data but often encounter trade-offs between accuracy, efficiency, and scala-
bility. These limitations motivate hybrid approaches that incorporate structured repre-

sentations, as discussed in the following subsection.

3.2.2 Voxel-Based Methods

Voxel-based methods transform irregular point clouds into structured volumetric grids,
allowing the application of standard CNN operations. These approaches benefit from
well-established 3D convolution techniques but introduce trade-offs related to memory

usage, spatial resolution, and quantization artifacts.

VoxNet [43] was one of the first models to discretize 3D space into uniform voxel
grids and apply 3D CNNs for object recognition. While this method demonstrated
competitive performance in controlled environments, the fixed grid resolution resulted
in increased in memory consumption and introduced discretization errors, particularly

for small or thin structures.

To improve memory efficiency, OctNet [56] adopted a sparse voxel representation
based on octrees. This hierarchical structure reduces the number of occupied voxels
by focusing on regions with data, enabling deeper networks under limited resource con-
straints. However, octree traversal introduces computational overhead and complicates

parallelization, which can limit real-time applicability.
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VoxelNet [87] proposed an end-to-end architecture that combines voxelization with
3D feature learning and region proposal generation. By learning voxel-wise features
through Voxel Feature Encoding (VFE) layers, it achieves better spatial representation.
However, voxel size selection influences performance: smaller voxels improve resolution
but increase computational cost, while larger voxels reduce detail and may hinder small

object detection.

CenterPoint [80] reformulates 3D object detection as a center-based task, predicting
object centers on a BEV heatmap and regressing attributes such as size, orientation, and
velocity. This anchor-free design improves rotational invariance and avoids manually
tuned anchor settings. Built on voxelized backbones such as VoxelNet or PointPillars,
CenterPoint also extends naturally to tracking by associating objects across frames using
predicted velocities, offering a simple yet effective alternative to motion models. While
it delivers high detection and tracking accuracy with real-time efficiency, its reliance
on accurate BEV heatmap centers can degrade performance on very small or heavily
occluded objects, and the approach remains sensitive to point cloud sparsity at long

ranges.

More recent approaches explore hybrid representations to enhance context aggrega-
tion. PVT-SSD [78] integrates voxel and point features through a transformer-based
Point-Voxel module, combining voxel-level geometry with fine-grained point-level infor-
mation. As part of its pipeline, sparse voxel features are transformed into dense bird’s-eye
view (BEV) feature maps (“To Dense” step), enabling standard 2D convolution opera-
tions and facilitating spatial alignment for query initialization. This dual representation
improves detection accuracy, particularly in sparse or complex environments. However,
the additional transformer components and dense feature processing substantially in-
crease computational and memory demands, limiting deployment on embedded systems
(Figure 3.3).

VoxSeT [21] introduced voxel-based set attention modules that support parallel com-

putation with linear complexity. By using voxel sets as input tokens, it balances efficiency
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Figure 3.3: PVT-SSD architecture. Raw point clouds are voxelized for sparse convolu-
tion input. The module identifies reference points by processing non-empty voxels and
extracts queries from the dense BEV feature map. These queries undergo adaptive fu-
sion of voxel and point features via the Point-Voxel Transformer. Finally, the detection
head performs classification and regression using these fused features. This image is
reprinted from [78].
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and global context modeling. However, its performance may degrade in highly dynamic

scenes due to limited temporal modeling and potential over-smoothing of sparse inputs.

Octr [86] proposed a hierarchical transformer architecture based on octrees, incorpo-
rating coarse-to-fine attention across spatial levels. Its OctAttn mechanism dynamically
constructs sparse attention patterns over octants, while hybrid positional embeddings
encode semantic and geometric cues. Although Octr achieved strong results in detect-
ing distant and partially visible objects, the dynamic octree construction introduces

complexity and latency that pose challenges for real-time applications.

In summary, voxel-based methods offer a compromise between raw point fidelity and
convolutional efficiency. Their performance depends on voxel resolution, memory opti-
mization strategies, and the integration of contextual information — that is, combining
cues from neighboring voxels or across multiple scales to capture object shape and scene

layout more effectively.

3.2.3 Projection-Based Methods

Projection-based methods transform unstructured 3D point clouds into 2D grid repre-
sentations, enabling the use of efficient 2D convolutional neural networks (CNNs) de-
veloped for image processing. These approaches offer improved computational efficiency
and memory utilization compared to voxel-based and point-based methods. However,
projection often results in the loss of fine-grained geometric detail, especially in the

vertical dimension, and can introduce distortion depending on the projection strategy.

The most common projection paradigms are the Bird’s Eye View (BEV) and the
Frontal View. Each offers distinct trade-offs in terms of spatial resolution, semantic

richness, and suitability for different object scales and orientations.
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3.2.3.1 Bird’s Eye View (BEV) Projection

BEV projection compresses the vertical axis to generate a top-down 2D map of the
scene. This representation preserves horizontal spatial relationships and is well-suited

for navigation tasks and road scene understanding.

Vote3Deep [13| applies sparse convolutional voting on BEV maps to efficiently en-
code spatial features. This approach achieves real-time inference and performs well in
structured urban scenes. However, its reliance on manually designed voting functions

limits adaptability to diverse object shapes and densities.

AVOD (Aggregate View Object Detection) [9] combines BEV and image features
in a two-stage pipeline. BEV-based proposals are refined using semantic cues from
image data, improving object classification. While AVOD demonstrates competitive
performance, it is sensitive to sensor calibration errors and incurs additional latency be-
cause its multi-stream architecture processes BEV and image features through separate
pipelines before fusion, requiring extra computation and synchronization. PIXOR [77]
presents a single-stage detection framework that directly regresses oriented bounding
boxes from BEV feature maps. By treating BEV as a 2D image, it leverages standard
CNN backbones for efficient processing. Nonetheless, the vertical compression inherent
in BEV reduces the model’s ability to resolve object height and distinguish between

overlapping vertical structures, particularly in cluttered scenes.

3.2.3.2 Frontal View Projection

Frontal or range view projection maps LiDAR points into a cylindrical or spherical
2D grid based on angular resolution and radial distance, aligning with the sensor’s
acquisition geometry. This view retains depth continuity and angular information but

can introduce spatial distortion, especially at oblique angles or close distances.

RSN (Range Sparse Net) [61] employs a two-stage architecture that performs seman-

tic segmentation on range images followed by sparse voxel refinement. This hybrid design
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enhances long-range detection performance but relies heavily on accurate foreground-
background segmentation, and the voxelization step may reintroduce discretization ar-

tifacts.

To the Point |7] uses range image projections in conjunction with graph convolutional
operations to recover local geometric context. This method supports cross-modal fusion
with camera data. However, the use of graph-based kernels increases computational

complexity, and the projection process distorts spatial relationships in occluded regions.

RangeDet [15] addresses geometric distortion through several innovations: range-
conditioned feature pyramids, coordinate-adaptive meta-kernel convolutions, and weighted
non-maximum suppression. These components improve robustness to depth variation
and object scale. Nevertheless, performance remains sensitive to angular resolution and

requires careful tuning of projection parameters.

RangeloUDet [36] introduces point-based Intersection-over-Union (IoU) supervision
and a hybrid Generalized IoU (GIoU) loss to better align detection predictions with
ground-truth objects. Unlike standard IoU, which only evaluates overlap, GIoU also
penalizes the distance between non-overlapping boxes, providing a more informative
gradient for bounding box regression. This design improves localization precision, though

it increases training complexity and scales poorly with very high-resolution inputs.

In summary, projection-based methods provide a computationally efficient pathway
to object detection by leveraging 2D convolutional architectures. However, they often
involve trade-offs in geometric accuracy, especially under occlusion or when operating
on highly non-uniform point clouds. Hybrid approaches that combine projection with
point-wise refinement have shown promise but come with increased architectural and

training complexity.
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3.3 RADAR-Based Object Detection

Automotive RADAR sensors are increasingly used in autonomous driving due to their
ability to operate reliably in adverse weather and low-visibility conditions, such as fog,
rain, and darkness. Radar sensors emit radio frequency (RF) signals, typically in the
millimeter-wave band (24-77 GHz), and measure their reflections to estimate object
range and relative velocity using the Doppler effect. Compared to LiDAR, RADAR
offers longer detection ranges and is more robust to environmental interference. However,
RADAR signals are inherently sparse and noisy, and the data exhibits low angular
resolution and high variability in reflectivity (RADAR Cross Section, or RCS) depending

on object material, shape, and orientation.

These characteristics pose several challenges for high-precision object detection, es-
pecially for shape estimation and classification. Recent research has explored RADAR-
based detection frameworks, either using RADAR alone or in conjunction with other
modalities. This section reviews key RADAR-only methods and outlines the rationale

for excluding RADAR from the experimental design of this thesis.

RODNet [71]| processes time-series micro-Doppler spectrograms using a multi-branch
encoder-decoder architecture based on U-Net. It employs temporal and spatial atten-
tion to extract fine-grained motion features for distinguishing object classes. While
RODNet performs well in near-field detection tasks (up to 15 meters), it depends on
high-resolution range-Doppler maps that are typically unavailable in commercial auto-
motive RADAR systems, limiting its practical applicability in highway or long-range

scenarios.

RadarNet [42]| introduces a spatiotemporal convolutional model that directly consumes
raw RADAR cube inputs. It encodes motion and shape cues to support object tracking
and classification. Although the network demonstrates effective detection of moving
objects, it underperforms on static objects due to weak reflections and is prone to false

positives caused by clutter or multi-path effects. Additionally, the method requires
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RADAR hardware capable of consistent RADAR cube formatting, which varies across

manufacturers.

RadarPillars [45] adapts the PointPillars [30] architecture to RADAR data by replacing
LiDAR inputs with RADAR detections consisting of range, azimuth, Doppler, and RCS.
The detections are projected into BEV and converted into pseudo-images for process-
ing via 2D convolutions. While this design benefits from RADAR’s inherent motion
information, it exhibits reduced performance in crowded or static scenes due to the low

spatial resolution and limited elevation field of view inherent in RADAR sensors.

Despite these developments, RADAR-only detection models continue to face notable

limitations:

e Sparse and Noisy Data: RADAR measurements are often degraded by envi-

ronmental noise and clutter, leading to reduced object localization precision.

e Low Angular Resolution: The wide beamwidth of RADAR sensors hinders the

discrimination of closely spaced objects, particularly in urban settings.

e Inconsistent Reflectivity (RCS): RADAR returns vary based on material com-

position, surface roughness, and aspect angle, resulting in detection inconsistencies.

e Limited Dataset Availability: Public datasets that provide synchronized RADAR,
camera, and LiDAR measurements with high-quality 3D annotations are scarce.
For example, nuScenes [5] includes RADAR data, but with limited labeled samples

and range coverage.

Given these challenges, this thesis does not incorporate RADAR as a primary sens-
ing modality. The focus remains on LiDAR-camera fusion, which offers higher geometric
accuracy and semantic richness. Nonetheless, RADAR remains a promising complemen-
tary modality for future work, particularly in scenarios involving sensor redundancy or

degraded environmental visibility.
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3.4 Fusion-Based Object Detection

The limitations of single-sensor systems in object detection have motivated the use
of multi-modal fusion techniques in autonomous perception. While cameras provide
high-resolution semantic information, they lack reliable depth estimation. LiDAR offers
accurate 3D geometry but is sparse and lacks appearance cues. RADAR is robust under
adverse weather but provides low spatial resolution. Each modality alone is insufficient
for consistently reliable object detection across diverse environmental and operational

conditions.

Sensor fusion aims to exploit the complementary characteristics of different modali-
ties by combining them at various stages in the perception pipeline. Depending on the

fusion point, methods are typically categorized into:

e Early fusion, where raw data or low-level features are combined before further

processing;
e Mid-level fusion, where intermediate features from each modality are integrated;

e Late fusion, where high-level decisions or predictions from each modality are

merged;

e Transformer-based fusion, where attention mechanisms dynamically model re-
lationships across modalities. Unlike early fusion, which concatenates raw data,
or mid/late fusion, which merges fixed feature representations, transformer-based
fusion enables cross-attention between modalities. This allows the model to se-
lectively focus on the most relevant regions (e.g., aligning LiDAR points with
corresponding image features) and adaptively integrate information, rather than

relying on predefined fusion rules.

This section reviews representative models within each of these categories, focusing
on their fusion strategies, architectural design, and performance characteristics. Partic-

ular attention is given to alignment accuracy, robustness under sensor degradation (e.g.,
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reduced LiDAR point density at long ranges or image noise in low light), computational
efficiency, and reliance on calibration or synchronization. These factors are critical for
evaluating the suitability of each method for deployment in real-time autonomous driving

systems.

3.4.1 Early Fusion Techniques

Early fusion techniques integrate sensor data at the raw data level or at low-level fea-
ture stages before significant independent processing occurs. This approach enables
the network to learn joint representations from the outset, potentially allowing better
exploitation of complementary cues between modalities. However, early fusion meth-
ods typically require precise calibration between sensors and are sensitive to noise or

degradation in any single modality.

EPNet [25] proposes a LiDAR-guided image fusion framework that aligns 2D image
features with 3D point cloud coordinates in a point-wise fashion. The model intro-
duces a LI-Fusion module that combines semantic features from camera images with
the geometric structure of LiDAR data. Additionally, it incorporates a Consistency En-
forcing (CE) loss, which encourages consistency between object classification scores and
bounding box regression accuracy during training. This improves robustness against

ambiguous detections and spatial misalignment.

EPNet’s point-wise fusion mechanism is dependent on accurate extrinsic calibra-
tion. Even small misalignments can lead to incorrect feature associations, degrading
performance. Furthermore, the use of dense image features increases memory usage and
computational cost, limiting scalability to real-time applications. The CE loss also adds
complexity to the training process and may require careful parameter tuning to general-
ize across datasets or sensor setups. In low-light or poor weather conditions, the reliance

on RGB image features may further degrade performance.

PointAugmenting [69] adopts a different early fusion strategy by augmenting each
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raw LiDAR point with point-wise semantic features extracted from RGB images (as
shown in Figure 3.4). The method first projects the 3D point cloud onto the 2D image
plane and retrieves the corresponding image features using a pretrained CNN backbone.
These features are then concatenated with the original LiDAR points to form enriched
point-level inputs. Fusion is applied prior to BEV encoding via skip connections and

concatenation modules within the backbone network.

To improve robustness, the model applies cross-modal data augmentation that syn-
chronizes geometric transformations (e.g., rotation, flipping) across image and LiDAR
domains. This technique simulates diverse conditions and enhances generalization. Ex-
perimental results on the nuScenes benchmark show a significant improvement over

LiDAR-only baselines, with a reported increase of 6.5% in mean Average Precision
(mAP).

Despite its effectiveness, Point Augmenting also has several limitations. The projec-
tion from 3D points to the 2D image plane requires highly accurate sensor calibration;
otherwise, semantic features may be incorrectly assigned. The model also assumes that
the camera features are of sufficient quality, which may not hold under poor lighting or
inclement weather. Additionally, the concatenation of image-derived features with Li-
DAR features increases the dimensionality of the input, which in practice leads to higher
memory usage and computational cost during training and inference. The cross-modal
augmentation pipeline introduces additional training complexity and requires careful

design to ensure consistency across modalities.

MVX-Net [60] extends VoxelNet to multimodal detection through two strategies for
early fusion of RGB and LiDAR. In PointFusion, image features from a pre-trained
detector are concatenated to corresponding LiDAR points before voxelization, while
in VoxelFusion, pooled image features are appended to voxel embeddings. These de-
signs enhance semantic understanding and improve classification accuracy compared to
LiDAR-only detectors, particularly for small objects. However, MVX-Net is heavily de-

pendent on precise camera—LiDAR calibration, and PointFusion in particular introduces
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computational overhead during point-to-image projection. Furthermore, its reliance on
pre-trained 2D features reduces flexibility, and performance degrades in poor lighting or

adverse weather when RGB inputs are less reliable.

Overall, early fusion approaches benefit from joint feature representation and im-
proved semantic-geometric alignment, but their performance is often constrained by
calibration sensitivity, high memory usage, and reliance on consistent image quality.
These challenges have motivated the development of alternative strategies such as mid-
level and attention-based fusion, which attempt to balance early interaction with greater

flexibility and robustness.
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Figure 3.4: Overview of Point Augmenting: The framework is structured in two phases.
Firstly, point-wise feature retrieval involves projecting LiDAR points onto the image
plane, followed by the augmentation with point-wise CNN features. Secondly, for 3D
detection, the CenterPoint model is enhanced by integrating an additional 3D sparse
convolution stream for camera features, with modalities merged using a straightforward
skip and concatenation method in BEV maps. This image is reprinted from [69].

3.4.2 Mid-Level Fusion Methods

Mid-level fusion combines intermediate features extracted separately from each modality,
aiming to preserve modality-specific strengths while enabling joint reasoning across spa-
tial and semantic domains. Compared to early fusion, mid-level methods are generally

more flexible, as they allow independent preprocessing pipelines and enable the network
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to align higher-level features adaptively. However, these approaches must still address
modality alignment, synchronization, and computational complexity, particularly when

feature representations are heterogeneous.

CAT-Det [83] adopts a dual-stream architecture in which LiDAR and image features
are extracted independently through two modality-specific backbones. The authors de-
sign a Pointformer [83] branch tailored for LiDAR, which captures both local geomet-
ric details and global context from point clouds, and an Imageformer [83] branch for
camera inputs, which models semantic and spatial relationships in images. These high-
level features are fused using a Cross-Modal Transformer (CMT) [83], which applies
cross-attention mechanisms to model fine-grained inter-modal correlations. The CMT
dynamically selects and combines complementary features across modalities, improving

semantic and spatial alignment for 3D object detection.

To improve robustness during training, CAT-Det introduces a One-way Multi-modal
Data Augmentation (OMDA) strategy, which applies geometric and semantic transfor-
mations only to the LiDAR modality. This encourages the camera features to adapt
implicitly to perturbed LiDAR features, enhancing alignment without requiring direct

supervision between modalities.

CAT-Det shows improved performance in occluded or cluttered scenarios on the
KITTI dataset. However, the asymmetric augmentation strategy limits the exposure
of image features to real-world distortions such as motion blur, low illumination, or
weather-related degradation. Additionally, the use of separate backbones and the transformer-
based fusion module increases model complexity and training time, potentially hindering

deployment in latency-sensitive applications.

DeepFusion [33] presents a mid-level fusion framework designed to address feature
alignment issues caused by geometric data augmentations and domain mismatch. Unlike
earlier methods that fuse raw or shallow features (low-level edges, textures, or geometric
cues), DeepFusion focuses on aligning deep features (high-level semantic representations

extracted in later network layers) through two key innovations: InverseAug and Learn-
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ableAlign.

InverseAug explicitly reverses spatial augmentations (e.g., rotation, flipping, scaling)
applied during training by applying the inverse transformations to the image features
before fusion. This ensures that camera and LiDAR features remain geometrically con-
sistent. LearnableAlign uses a cross-attention module to learn dynamic correspondences
between the two feature spaces during training. This module models the spatial re-
lationship between LiDAR points and image pixels without relying on hard geometric
constraints. The fusion process is illustrated in Figure 3.5, emphasizing its distinction
from early fusion techniques that directly concatenate raw point coordinates with image

features.

DeepFusion demonstrates improved performance on the Waymo Open Dataset, par-
ticularly in scenarios involving long-range detection and sensor perturbations. The ar-
chitecture generalizes well to out-of-distribution data and maintains accuracy in low-
visibility conditions. However, several limitations remain. The method performs less
reliably on dynamic objects due to motion inconsistencies between sensors. Further-
more, DeepFusion lacks explicit temporal modeling, which affects detection stability
across frames. The combination of deep fusion, inverse augmentation, and attention
mechanisms increases model size and inference time, making real-time deployment more

difficult.

In summary, mid-level fusion strategies offer a compromise between early integration
and late decision-level fusion. They allow for more informed cross-modal reasoning but
introduce challenges related to alignment accuracy, increased architectural complexity,

and scalability to time-sensitive or resource-constrained environments.

3.4.3 Late Fusion Techniques

Late fusion methods integrate modality-specific predictions or high-level features after

separate processing pipelines have been applied to each sensor. This approach minimizes
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Figure 3.5: DeepFusion merges two modalities at the deep feature level, unlike earlier
methods such as PointAugmenting [69] that apply camera features to LiDAR points
at the input stage. To address deep feature fusion’s modality alignment challenges, it
introduces InverseAug and LearnableAlign—a cross-attention-based module where ¢, &,
and v denote the standard query, key, and value matrices used in attention, and FC
refers to a fully connected layer. This image is reprinted from [33].
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cross-modal interference during feature extraction and simplifies the fusion process, mak-
ing it relatively robust to sensor noise or degradation. However, the separation of streams
may limit the ability to model fine-grained cross-modal interactions and can introduce

misalignment between detection outputs, particularly in spatially complex environments.

3D-CVF [81] implements a late fusion strategy that projects image features into
the Bird’s Eye View (BEV) domain using learned geometric transformation parameters.
These transformed features are fused with LiDAR-derived BEV features through an
adaptive gated module that emphasizes the most informative modality depending on
local context. The gating mechanism allows the model to adjust its reliance on each
modality dynamically, improving robustness in scenarios where one sensor is unreliable

or occluded.

While 3D-CVF demonstrates improved detection performance on long-range and
partially occluded objects, it depends on accurate sensor calibration to perform spatial
alignment between modalities. Errors in calibration or slight temporal desynchronization
can lead to feature misalignment, reducing the effectiveness of the fusion. Additionally,

the dual-path structure increases computational and memory requirements.

Xie et al. | 73] propose a dual-stream detection framework in which LiDAR and camera
inputs are processed independently through modality-specific CNN backbones. Final
detection results are obtained by concatenating features at the detection head stage.
This architecture reduces early-stage interference between modalities and preserves the

unique characteristics of each feature stream.

Despite its simplicity, this design faces several limitations. First, spatial misalignment
between sensor streams is not corrected during the fusion process, potentially degrading
detection accuracy. Second, using separate backbones increases the number of parame-
ters and inference time, making real-time deployment more challenging. Third, the lack
of explicit interaction between modalities during feature extraction can limit the model’s
ability to exploit complementary information, especially in difficult scenarios involving

occlusion.
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Overall, late fusion methods offer implementation simplicity and resilience to modality-
specific noise but often underutilize inter-modal correlations. Their performance depends
heavily on reliable geometric calibration and may be suboptimal in cluttered or dynamic

environments where early or mid-level interaction between modalities is advantageous.

3.4.4 Transformer-Based Fusion Methods

Transformer-based fusion methods leverage self-attention and cross-attention mecha-
nisms to dynamically align and integrate features from different sensor modalities. Un-
like traditional fusion techniques that rely on fixed spatial correspondences or early-stage
concatenation, transformers allow flexible, content-aware interactions between modali-
ties, meaning that features from one modality are selectively combined with the most
relevant features from another based on their information content. These architectures
have shown strong performance across a range of benchmarks but introduce computa-

tional complexity.

TransFusion [1| proposes a two-stage transformer-based detection pipeline with sepa-
rate backbones for LIDAR and camera features. The first decoder layer generates coarse
3D bounding box proposals using LiDAR features and learned object queries. In the
second layer, these proposals are refined by attending to corresponding image features
via Spatially Modulated Cross-Attention (SMCA), which modulates attention weights
based on the predicted 3D locations from LiDAR. Additionally, an image-guided query
initialization mechanism is used to seed object queries based on camera features, im-

proving recall for small or visually ambiguous objects (Figure 3.6).

TransFusion addresses several limitations of point-level early fusion by adopting a
soft-association strategy, avoiding rigid pixel-to-point correspondences. This improves
robustness in scenarios where sensor misalignment or occlusion degrades precise match-
ing. However, the model’s dual-decoder structure and attention modules increase latency

and memory consumption. Moreover, its performance depends on the quality of initial
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Figure 3.6: The TransFusion model uses 3D and 2D backbones to extract LiDAR and
image features, with a two-layer transformer decoder detection head. The first layer
creates initial 3D bounding boxes from object queries, while the second fuses these with
image features for enhanced detection. It incorporates a Spatially Modulated Cross-
Attention mechanism for better image focus and an image-guided query initialization
to improve object detection in sparse LiDAR data. Here, @), K, and V denote query,
key, and value embeddings used in the attention mechanism, while FFN refers to a feed-
forward network. This image is reprinted from [1].
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LiDAR-based proposals; inaccurate initial detections may reduce the effectiveness of

subsequent image-guided refinement.

M3DETR [19] proposes a comprehensive transformer-based architecture for 3D ob-
ject detection using LiDAR point clouds. The framework centers around a unified
mechanism to capture diverse spatial structures by simultaneously modeling multi-
representation, multi-scale, and mutual-relation features of the input data, as illustrated
in Figure 3.7. This design allows M3DETR to reason over voxel, point-wise, and Bird’s
EyeView (BEV) embeddings concurrently, thereby capturing both fine-grained geometric

cues and high-level spatial context.
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Figure 3.7: M3DETR framework employs a transformer-based approach for object detec-
tion, using a coarse-to-fine method. It integrates PointNets, VoxelNet, and 2D ConvNets
for diverse feature learning. M3 Transformers focus on multi-representation and multi-
scale features, while the Region Proposal Network (RPN) generates initial proposals.
The R-CNN module refines these features from M3 transformer outputs, enhancing de-
tection outcomes. This image is reprinted from [19].

The architecture first encodes raw point clouds into three distinct representations—voxel
grids, point-based features, and BEV projections—each emphasizing different structural
priors. These embeddings are then processed by the core M3 Transformer, which at-

tends across these modalities to learn cross-representation, cross-scale, and cross-point
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interactions. This multi-perspective fusion enhances the model’s ability to interpret
complex 3D scenes, especially in cluttered urban environments with overlapping objects

or varying scales.

For detection, M3DETR adopts a two-stage pipeline comprising a Region Proposal
Network (RPN) followed by an R-CNN-style refinement module. These modules leverage
the rich fused features from the M3 Transformer to generate and refine accurate 3D

bounding boxes, improving localization precision and class discrimination.

Prior 3D detectors are constrained by two primary challenges: the three common
point-cloud representations (voxels, raw points, and BEV) each demand distinct neural-
network architectures and costly format conversions—creating semantic gaps that make
effective fusion non-trivial—and their multi-scale feature pyramids rely on bilinear down-
/up-sampling plus simple concatenation, which cannot simultaneously preserve high

resolution and broad contextual receptive fields, yielding suboptimal detection accuracy.

M3DETR addresses these issues with its M3 Transformer blocks but introduces its
own limitations: its multi-branch feature extraction and cross-modal attention mecha-
nisms substantially increase computational and memory overhead—hindering real-time
deployment on embedded or low-power systems; aligning disparate representations (e.g.,
voxels and points) requires precise calibration, where even small misalignments can prop-
agate through the transformer and degrade performance; and although it achieves strong
results on KITTI and Waymo benchmarks, its robustness under adverse weather or sen-
sor degradation remains untested, leaving real-world reliability an open question. BEV-
Fusion [35] addresses the limitations of query-based fusion methods such as TransFusion
by disentangling LiDAR and camera streams and projecting both into the same BEV
space, where they are fused with a lightweight attention module. This design avoids
dependence on LiDAR queries for extracting image features and improves robustness
under sensor degradation, as each modality can operate independently. On nuScenes,
BEVFusion achieves state-of-the-art accuracy while maintaining efficiency, and it demon-

strates resilience under simulated LiDAR or camera failures. Nonetheless, BEVFusion
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still inherits challenges from BEV-based designs, including reliance on accurate depth es-
timation for camera features, limited vertical resolution, and performance sensitivity to
imperfect calibration between modalities. FUTR3D [10] proposes a unified transformer-
based framework that flexibly supports diverse sensor configurations, including cameras,
LiDAR, and radar. A Modality-Agnostic Feature Sampler (MAFS) allows object queries
to interact with heterogeneous sensor features in a shared space without explicit view
transformations. This design makes FUTR3D inherently scalable to different modal-
ity combinations, ranging from dense camera—LiDAR setups to sparse or cost-sensitive
sensor configurations. On benchmarks such as nuScenes, FUTR3D achieves competi-
tive performance across multiple settings. However, the approach introduces additional
computational overhead due to multi-modal attention layers and remains dependent on
precise temporal synchronization, while still trailing LiDAR-only methods in fine-grained

geometric accuracy.

Cross-Modal Transformer (CMT) [76] introduces a fully end-to-end transformer frame-
work for LiDAR-camera fusion that directly aligns image and point cloud features
through position-guided encoding, avoiding explicit view transformations. A Coordi-
nates Encoding Module (CEM) injects 3D positional information into both modalities,
enabling object queries to interact consistently with image and LiDAR tokens for uni-
fied prediction. Robustness is further improved via masked-modal training, where one
modality is intermittently dropped, allowing the model to function under sensor failure.
While CMT achieves strong accuracy and robustness on benchmarks such as nuScenes,
it comes with high memory and compute demands due to cross-modal attention and
still exhibits reduced precision in long-range depth estimation compared to LiDAR-only

models.

BEVFusion [41] proposes a unified multi-modal fusion framework that transforms
both LiDAR and image data into a shared BEV representation for efficient and scal-
able 3D object detection. Unlike traditional methods that fuse features in their native
domains (e.g., 2D for images, 3D for LiDAR), BEVFusion leverages the geometric con-

sistency of the BEV space to enable tight spatial alignment and homogeneous processing
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of heterogeneous data.

The architecture begins by extracting high-level features from both camera images
and LiDAR point clouds using dedicated 2D and 3D backbones. Camera features un-
dergo view transformation via a learned depth-guided warping mechanism, which lifts
2D features into 3D space before projecting them into BEV. Similarly, LiDAR features
are voxelized and encoded into BEV using sparse convolutional encoders. These two
sets of BEV features are then fused using a simple but effective additive fusion scheme,

which preserves modality complementarity while allowing efficient computation.

A critical innovation in BEVFusion is the adoption of a BEV-centric design, where the
entire perception pipeline—including feature extraction, fusion, and detection—is unified
under the BEV space. This ensures consistent spatial reasoning, seamless integration of
different modalities, and compatibility with map-based priors or planning systems. The
model is illustrated in Figure 3.8, highlighting the transformation and fusion process

across modalities.
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Figure 3.8: BEVFusion transforms both LIDAR and image features into the BEV space
using sparse voxel encoders and a depth-guided image warping module. The features are
fused via element-wise addition and processed through a unified BEV encoder for final
detection. This architecture eliminates the need for modality-specific detection heads.
Image reprinted from [41].

BEVFusion achieved state-of-the-art performance on the nuScenes benchmark, demon-

strating strong improvements in both detection accuracy and runtime efficiency over
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previous fusion frameworks. The unified BEV representation allowed for seamless inte-
gration of additional data sources such as RADAR or maps, showcasing its extensibility

for multi-modal perception tasks in autonomous driving.

BEVDet [24] establishes a high-performance paradigm for multi-camera 3D object
detection by explicitly projecting image features into the Bird’s-eye-view (BEV) space,
where planning and localization tasks are naturally defined. The framework uses an
image-view encoder, a view transformer to lift features into BEV, a BEV encoder, and
a detection head adapted from CenterPoint. This modular design improves geometric
reasoning compared to image-view detectors. Representative augmentations in both
image and BEV space further strengthen generalization. BEVDet demonstrates that
conducting detection directly in BEV space leads to higher accuracy and efficiency than
view-based methods. However, it still suffers from limited depth perception, sensitivity
to calibration errors between cameras, and degraded performance on small or distant
objects due to the lack of LIDAR depth cues.

BEVFormer [34] builds upon the BEVDet paradigm by incorporating spatiotempo-
ral transformers to aggregate information across frames and enhance global reasoning.
Camera features are lifted into BEV space using deformable attention, where object
queries interact with both spatial and temporal contexts. This improves long-range per-
ception and stability, enabling better detection of dynamic objects compared to BEVDet.
Despite these advances, BEVFormer introduces heavy computational cost due to multi-
frame attention and relies strongly on accurate ego-motion for temporal alignment. It
also struggles with fine-grained localization under sparse supervision and remains more

resource-intensive than LiDAR-based counterparts, limiting real-time deployment.

Multimodal sensor fusion boosts 3D object-detection accuracy but faces three practi-
cal limits. First, it depends on highly precise extrinsic and intrinsic calibration between
sensors; small shifts caused by vibration or temperature changes can lower accuracy. Sec-
ond, the fusion networks—especially those with attention layers—require extra compu-
tation and memory, slowing inference on embedded hardware. Third, LIDAR, RADAR,
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and cameras capture data at different frame rates and with different delays, making
real-time time-alignment difficult and allowing residual timing errors to pass through
the detection pipeline. Further work on these issues is necessary, particularly for urban

driving scenes where single-sensor systems degrade under occlusion or poor lighting.

3.5 Research Gaps and Thesis Positioning

Multimodal 3D object-detection pipelines face several constraints that limit deployment
in production vehicles. Current fusion backbones—especially those based on global
attention—incur memory and latency costs that exceed the capabilities of automotive-

grade hardware. In addition, several key limitations remain:

e Calibration sensitivity: Modest inaccuracies in extrinsic calibration and sub-
frame sampling offsets between LiDAR, camera, and RADAR introduce projection

errors that propagate through the network and reduce detection accuracy.

e Environmental vulnerability: Under adverse weather or partial sensor occlu-
sion, one modality can become unreliable, yet most existing methods fuse sensor

outputs with fixed weights or heuristic confidence scores.

e Data limitations: While large annotated sets exist for camera and LiDAR,
RADAR labels remain scarce, hindering supervised learning and cross-domain

transfer.

e Uncertainty and interpretability: Current deep fusion models usually act
as “black boxes.” They provide predictions such as bounding boxes but rarely
indicate how confident these predictions are or explain why certain features (e.g.,
LiDAR vs. camera) were prioritized. Without calibrated uncertainty estimates or
interpretable intermediate outputs, it becomes difficult to verify and validate these

models in safety-critical applications like autonomous driving.
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These gaps have motivated a variety of recent approaches, but important limitations
remain. Recent studies employing BEV projection networks and transformer-based cross
attention have partially addressed spatial alignment and context aggregation. However,
these designs generally assume static calibration, operate on individual frames, and lack
mechanisms for dynamic modality re-weighting, leaving them sensitive to calibration
drift, sensor degradation, and domain shift across weather conditions or sensor configu-

rations.

This thesis addresses these limitations through a resource-aware transformer frame-
work. The proposed model retains separate LIDAR and RGB encoders, employs multi-scale
mutual cross-attention to learn spatial correspondences, and integrates a reliability-aware
contrastive objective to down-weight degraded channels. Temporal consistency is en-
forced via long-range attention across successive frames, reducing prediction variance
under occlusion and asynchronous sampling. The framework is trained end-to-end on
the nuScenes benchmark and evaluated under synthetic calibration offsets, and simulated
sensor dropouts to assess efficiency, calibration tolerance, and domain generalisation rel-
ative to established baselines. Full architectural and implementation details are provided

in Chapter 6.
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Chapter 4
Datasets

The choice of datasets is critical for advancing research in 3D object detection for au-
tonomous driving. Datasets determine not only the scale of training but also the di-
versity of conditions under which models are evaluated. In this study, we focus on two
benchmarks that have become standards in the field: KITTI [16] and nuScenes [5].
Both datasets provide multimodal sensor inputs, high-quality annotations, and task
benchmarks essential for evaluating transformer-based object detection methods. Un-
like general-purpose 2D datasets such as PASCAL VOC [14] or COCO [38], these two
datasets are explicitly designed for autonomous driving scenarios, offering 3D spatial in-
formation, temporal consistency, and metadata that are indispensable for sensor fusion

frameworks.

4.1 KITTI Dataset

The KITTI dataset [16], collected in Karlsruhe, Germany, is one of the most widely used
benchmarks for autonomous driving research. It provides synchronized multimodal data

from a vehicle equipped with:
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e Cameras: Two high-resolution RGB cameras mounted on the roof with a stereo
baseline of 54 cm. Stereo refers to capturing the same scene simultaneously from
two horizontally displaced viewpoints, enabling the recovery of depth information

from images.

e LiDAR: A Velodyne HDL-64E rotating laser scanner with 64 beams, operating
at approximately 10 Hz. Each LiDAR sweep generates about 100,000 3D points,

covering a full 360° horizontal field of view.

e GPS/IMU: Global Positioning System (GPS) and Inertial Measurement Unit
(IMU) sensors providing precise localization and motion data, including position,

velocity, and acceleration of the ego vehicle.

Dataset Size and Structure

The KITTI dataset consists of:

e Object Detection Benchmark: 7,481 frames for training/validation and 7,518

frames for testing.

e Annotations: More than 80,000 objects are annotated across three benchmark

classes: Car, Pedestrian, and Cyclist.

e Tasks Provided: KITTI provides benchmarks for multiple perception tasks in-
cluding 2D object detection, 3D object detection, BEV detection, multi-object
tracking, depth estimation (stereo and monocular), and semantic/instance seg-

mentation.
e Image Resolution: Camera images are 1242 x 375 pixels on average.

e LiDAR Resolution: Each sweep generates dense 3D point clouds with a vertical

field of view of —24.9° to +2° and a range of up to 120 meters.
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Difficulty Levels

KITTI annotations are divided into three levels of difficulty based on object size, occlu-

sion, and truncation:

e Easy: Objects larger than 40 pixels in height, less than 15% occluded, and less
than 15% truncated.

e Moderate: Objects larger than 25 pixels, less than 30% occluded, and less than
30% truncated.

e Hard: Objects larger than 25 pixels, but with occlusion up to 50% and truncation
up to 50%.

These categories allow researchers to evaluate not only overall detection accuracy but

also robustness under challenging visual conditions.

Advantages and Limitations

e Advantages: KITTI provides high-quality annotations, precise calibration, and
multimodal sensor data. It is compact yet sufficiently diverse across urban, rural,
and highway environments. Its stereo imagery supports depth-based reasoning,

while its 64-beam LiDAR provides dense 3D perception.

e Limitations: KITTI is relatively small compared to modern datasets. It lacks
environmental variations such as night-time or adverse weather, and its object
categories are limited. This restricts its ability to benchmark robustness in complex

real-world conditions.

KITTI is selected in this research for evaluating TransfuseNet, as it provides a well-
established benchmark for multimodal 2D and 3D detection, ensuring comparability

with a large body of existing literature.
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4.2 nuScenes Dataset

The nuScenes dataset [5], released by Motional (formerly Aptiv), was designed to address
limitations of earlier datasets like KITTI. It provides greater scale, multimodal sensor

coverage, diverse driving conditions, and a broader set of annotated object categories.

Sensor Setup

e Cameras: Six RGB cameras covering the full 360° field of view around the ego

vehicle, with image resolution of 1600 x 900 pixels.

e LiDAR: A 32-beam LiDAR operating at 20 Hz, capturing point clouds with a

maximum range of 100 meters.

¢ RADAR: Five automotive RADARs (front, rear, and sides), providing comple-

mentary velocity and range information.

e GPS/IMU: Global Positioning System and Inertial Measurement Unit sensors

for precise localization, orientation, and vehicle dynamics.

Dataset Size and Structure

e Scenes: 1,000 driving sequences, each lasting approximately 20 seconds, collected

in Boston and Singapore to ensure geographic and traffic diversity.

e Keyframes: Each scene is sampled at 2 Hz (every 0.5 seconds), resulting in 40,000
annotated keyframes. Intermediate frames are available at 20 Hz for LIDAR and
RADAR data.

e Annotations: Over 1.4 million 3D bounding boxes across 10 object classes: Car,

Truck, Bus, Trailer, Construction Vehicle, Pedestrian, Bicycle, Motorcycle, Bar-
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rier, and Traffic Cone. Each annotation includes position, dimensions, orientation,

velocity, and object attributes.
e Splits: 700 scenes for training, 150 for validation, and 150 for testing.
e LiDAR Samples: Approximately 1.4 million LiDAR sweeps across the dataset.

e Image Samples: About 1.4 million images across all cameras.

Tasks Provided

nuScenes provides benchmarks for:

3D object detection

Tracking and trajectory forecasting

Instance and semantic segmentation

Motion prediction and planning

Sensor fusion tasks (camera + LIDAR + RADAR)

Advantages and Limitations

e Advantages: nuScenes offers multimodal diversity, temporal structure, and chal-
lenging environmental conditions such as night and rain. It covers more object
classes than KITTT and provides attributes (e.g., object movement state). Its 360°

coverage ensures no blind spots.

e Limitations: The 32-beam LiDAR provides sparser point clouds than KITTT’s
64-beam LiDAR. Although LiDAR runs at 20 Hz, annotations are sampled at 2

Hz, which limits temporal granularity for fine-grained motion tasks.
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nuScenes is employed to evaluate the proposed ReliFusion framework. Unlike KITTI,
it covers multiple environments (urban, suburban, highways), different weather condi-
tions (clear, rainy), and illumination settings (day, night). This makes it a more rigorous
benchmark for testing model reliability and robustness. The large scale of nuScenes en-
sures that the proposed method generalizes well beyond limited scenarios, validating the

adaptability of ReliFusion in realistic autonomous driving contexts.

4.3 Dataset Comparison

A side-by-side comparison of the KITTI and nuScenes datasets is provided in Table 4.1.

Feature KITTI nuScenes

Collection Location Karlsruhe, Germany Boston (USA), Singapore

Numbre of Samples 14,999 frames 1,000 scenes (~40,000 keyframes)

Object Classes 3 categories 10 categories

LiDAR 64-beam LiDAR (10 Hz) 32-beam LiDAR (20 Hz)

Cameras 2 RGB, 1242 x 375 6 RGB, 1600 x 900

RADARs None 5

GPS/IMU Yes Yes

Annotations 2D + 3D boxes, difficulty levels 3D boxes + velocity + attributes
Environmental Diversity | Urban, rural, highway (daytime, clear) | Urban, suburban, highway (day/night, clear/rain)

Table 4.1: Comparison of KITTI and nuScenes datasets.

In summary, KITTI provides a compact yet high-quality dataset well-suited for bench-
marking baseline methods such as TransfuseNet, while nuScenes offers large-scale, mul-
timodal, and environmentally diverse data that enables the evaluation of advanced ap-

proaches such as ReliFusion, particularly in terms of robustness and reliability.
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Chapter 5

Methodology Phase 1: TransfuseNet

5.1 Introduction

The objective of this research is to enhance accuracy, robustness, and computational
efficiency of object detection systems for autonomous driving. Achieving reliable per-
ception in dynamic environments and enabling real-time decision-making are critical for
practical autonomous vehicle applications. Our research is structured into two distinct
phases. In the first phase, we developed TransfuseNet, a lightweight fusion network
specifically optimized for real-time performance and computational efficiency. By incor-
porating a compact model architecture, reducing resource consumption, and minimizing
inference latency to under 40ms, TransfuseNet addresses the demanding requirements

of high-speed autonomous driving scenarios.

In the second phase (presented in the next chapter), we extend our research by in-
troducing ReliFusion, a framework specifically designed to address limitations of Trans-
fuseNet related to robustness against sensor malfunctions and environmental challenges.
ReliFusion incorporates adaptive fusion strategies to ensure consistent detection perfor-

mance under sensor limitations and occlusions.
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In this chapter, we provide a detailed description of TransfuseNet, its components,

and experimental validations.

5.2 TransfuseNet

TransfuseNet involves multiple key components, including data representation tech-
niques, a fusion network, late fusion strategies, and the proposal generation and de-
tection head. Each of these components plays a key role in our approach to achieve

accurate object detection.

5.2.1 Data Representation

Our research focuses on integrating data from two distinct sensor types: camera RGB

images and LiDAR point cloud.

5.2.1.1 Camera Data Representation

The input for the camera stream consists of RGB images from the KITTI dataset. These
RGB images have dimensions of 1242x375x3. To ensure consistency and facilitate
subsequent processing, we perform min-max normalization on the pixel values. This
normalization scales the pixel values to the range of 0 to 1, ensuring that the data is

appropriately prepared for fusion with LiDAR information.

5.2.1.2 LiDAR Data Representation

The LiDAR stream, on the other hand, is represented in two distinctive ways: Bird’s Eye
View (BEV) and Frontal View (FV). These representations serve as a bridge between the
raw LiDAR point cloud data and our fusion network, simplifying object detection and

fusion processes. Our choice of data representation techniques, Bird’s Eye View (BEV)
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and Frontal View (FV), serves as a fundamental step in preparing sensor inputs for fusion
and object detection. BEV provides a structured and precise view of the environment,
while FV aligns LiDAR data with camera perspectives, enabling multimodal fusion and
improving object detection. These representations lay the foundation for the subsequent

stages of our initial methodology.

5.2.1.3 Bird’s Eye View (BEV)

The BEV representation provides a compact yet comprehensive view of the environment
by encoding the 3D point cloud into a 2D image-like format. This transformation offers

several advantages:

e Compact and Structured Representation: BEV simplifies the complex 3D LiDAR

point cloud into a 2D grid structure, making it efficient for storage and processing.

e Precise Spatial Information: BEV retains the precise spatial relationships between

objects, preserving position and orientation information.

e Complementary to Camera Data: BEV complements the information captured by
cameras, providing depth-based perspectives that enhance our understanding of

the environment.

The BEV representation spans a physical space of [0, 100| meters along the x-axis,
[-30, 30] meters along the y-axis, and [-0.6, 3.5] meters along the z-axis. It is discretized
into a 1242x 375 image with 7 distinct channels dedicated to height information, further
enriching the data for fusion (Figure 5.1(b)).

5.2.1.4 Frontal View (FV)

Frontal View (FV) representation as shown in Figure 5.1(c) aligns LiDAR data with the

camera’s perspective, making it compatible for fusion with camera data. FV involves
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(a) RGB Image (b) Bird’s Eye View input data (c) Frontal View input data

Figure 5.1: Input data of the our TransfuseNet. (b) Bird’s Eye View aligns the data
from the top overview while (c¢) Frontal View aligns LiDAR data with the camera’s
perspective.

deriving three essential features from sparse LiDAR point clouds: intensity, depth, and
height maps. These features are then projected into a format that matches the camera’s

viewpoint. FV representation offers several advantages:

e Multimodal Information Fusion: FV facilitates the fusion of LiDAR and camera

data at the feature level, enhancing the comprehensiveness of information.

e Rich Feature Set: FV includes intensity, depth, and height maps, each providing
valuable insights about the environment. Intensity maps capture reflectance values,

depth maps indicate distances and height maps represent object heights.

e Improved Object Detection: The combination of FV with camera data enhances

object detection accuracy, particularly in challenging scenarios.

The three features in Frontal view (FV) representation are concatenated in the chan-
nels’ dimensions to create a frontal view feature image with dimensions of 1242x375x3.
This encoding of FV data is normalized between 0 and 1, ensuring consistency and

compatibility with other data modalities.
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5.2.2 Fusion Network

In this section, We explore the details of our Fusion Network, a key component of our
proposed initial methodology for Transformer-based LiDAR-Camera Fusion for Object
Detection. The Fusion Network comprises two essential stages: mid-level fusion, which
leverages the Transformer architecture, and late fusion, offering flexibility through both
non-learnable and learnable fusion techniques. In our method, mid-level and late fusion
techniques were chosen over early fusion to capitalize on their strengths in handling
complex spatial relationships and sensor-specific features more effectively. Mid-level
fusion allows for the integration of detailed, modality-specific features at an intermediate
stage, enabling the transformer models to exploit spatial and temporal correlations across
modalities for improved accuracy. Late fusion, on the other hand, combines decision-
making outputs from different sensors at a later stage, enhancing the system’s reliability
by leveraging diverse perspectives. This approach ensures a more robust and versatile
object detection capability, as it benefits from both the detailed feature integration of
mid-level fusion and the comprehensive decision validation offered by late fusion, while
avoiding the potential drawbacks of early fusion, such as the loss of modality-specific

information and increased computational complexity

5.2.2.1 Mid-Level Fusion

Our Fusion Network is designed to harness the power of self-attention mechanisms found
in transformers [67] to facilitate mid-level fusion. This stage plays a pivotal role in our
methodology, as it allows us to incorporate global context into both the image and

LiDAR modalities. Let’s examine the critical elements of mid-level fusion:

Self-Attention Mechanism: The self-attention mechanism is the core of Mid-level
fusion which was described in Equation (2.1) in details. In our Fusion Network, this
mechanism allows us to capture the intricate relationships between LiDAR and camera

data, enhancing the fusion process.
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Figure 5.2: The overall architecture of our proposed TransfuseNet with single-view RGB
and LiDAR BEV /FV inputs. The system employs multiple transformer layers for inter-
mediate feature map fusion, followed by a late fusion operator. These fused features are
input to a Region Proposal Network and a subsequent detection head for bounding box
prediction.

Intermediate-Level Feature Maps: Our Fusion Network operates on intermediate-
level feature maps, which are represented as 3D tensors with dimensions H x W x C.

These feature maps capture rich information from both LiDAR and camera streams.

Concatenation of Features: To merge information from both modalities, we con-
catenate the individual features from each stream in the channels’ dimensions. This

results in a tensor with dimensions (2 x H x W) x C.

Learnable Positional Embeddings: To further enhance spatial awareness, we em-
ploy learnable positional embeddings. These embeddings are added to the concatenated
features, allowing the network to understand the spatial relationships among input to-
kens. This incorporation of positional information is crucial for improved performance

and interpretation.

Transformer Processing: The prepared tensor, with positional embeddings, serves
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as the input to the transformer. The transformer processes this input and produces an

output tensor of the same size, creating context-aware representations.

Feature Map Integration: The output from the transformer is shaped into two
feature maps, each with dimensions H x W x C'. These feature maps represent a refined
fusion of LiDAR and camera data, capturing relevant information at this intermediate

level.

Resolution Management: Handling high spatial resolution feature maps can be

computationally demanding. To address this challenge, we employ strategic techniques:

1. Average Pooling: We downsample higher resolution feature maps from the early
encoder blocks to a fixed resolution of H = W = 8. This operation helps manage

computational complexity while preserving essential information.

2. Bilinear Interpolation: After transformer processing, we upsample the output to
the original resolution before element-wise summing with the existing feature maps.

This ensures that the fused information aligns with the original resolution.

In summary, our Fusion Network’s mid-level fusion stage, empowered by the Trans-
former architecture, grid structure feature, and fusion at different levels and resolutions,
plays a pivotal role in understanding and integrating information from both LiDAR
and camera modalities. The strategic use of learnable positional embeddings enhances

spatial awareness, contributing to improved performance in object detection.

In the subsequent sections, we will explore the late fusion stage of TransfuseNet,
detailing both non-learnable and learnable fusion techniques, and their impact on object

detection accuracy.

5.2.2.2 Late Fusion Strategies

Late fusion marks the second pivotal stage in TransfuseNet, following mid-level fusion.

This phase plays a vital role in integrating the comprehensive context-aware representa-
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tions derived from both LiDAR and camera modalities. TransfuseNet adopts a sequential
fusion strategy, transitioning seamlessly from mid-level fusion to late fusion. Within the
late fusion stage, we explore two distinct approaches: (1) Non-learnable Fusion and (2)
Learnable Fusion Operators. Each of these strategies contributes unique advantages to
the overall framework, enhancing the experimental process and object detection accu-

racy.

I. Non-learnable Fusion

The non-learnable fusion strategy prioritizes efficiency and computational speed by
avoiding the introduction of trainable weights. Instead, it relies on straightforward
mathematical operations that can be performed rapidly. In our implementation, we

employ two fundamental non-learnable fusion operators:
1) Elemental Addition

One of the non-learnable fusion operators utilized in TransfuseNet is elemental addi-
tion. This operator combines feature maps from the camera and LiDAR modalities by
element-wise addition, as represented in Equation 5.1. This operation aggregates infor-
mation without introducing any learnable parameters, resulting in accelerated processing

times.

Fadd - ICamera S ILiDAR (51>

2) Elemental Multiplication

The second non-learnable fusion operator employed in TransfuseNet is elemental mul-
tiplication. Similar to elemental addition, this operator combines feature maps element-
wise, albeit through multiplication, as depicted in Equation 5.2. This operator offers
another lightweight fusion mechanism suitable for applications where computational ef-

ficiency is a priority.

qul = [Camera & [LiDAR (52)
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5.2.2.3 Learnable Fusion

In contrast to non-learnable fusion, the learnable fusion strategy introduces layers with
trainable parameters, offering the network the capability to adapt and capture intricate
interactions among features from different input modalities. TransfuseNet incorporates
two learnable fusion operators, each designed to harness the learning potential inherent

in the fusion process:
1) Multi-modal Factorized Bilinear Pooling (MFB) [82]

MFB [82] is one of the learnable fusion operators integrated into TransfuseNet. It en-
ables the network to dynamically learn complex relationships between features extracted
from camera and LiDAR data. This operator employs convolution layers to achieve fu-
sion, maintaining the model’s complexity while enabling feature learning (Figure 5.3).

The use of batch normalization techniques ensures stability and efficient training.

MCF
[
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A
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Figure 5.3: Learnable fusion operators. Left: Our proposed Multi-convolutional Fusion
operator (MCF). Right: Multi-modal factorized Bilinear pooling fusion operator (MFB)
[82].
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2) Multi-Convolutional Fusion (MCF)

TransfuseNet introduces a novel learnable fusion operator called Multi-Convolutional
Fusion (MCF). This fusion operator is designed to capture nuanced interactions between
camera and LiDAR features through the application of convolution layers (Figure 5.3).
By utilizing convolutional operations, Multi-Convolutional Fusion (MCF) facilitates fea-
ture learning and adaptation, enabling the model to understand complex cross-modal

relationships.

MCF leverages the Sigmoid layer to determine the relevance of individual features.
The sigmoid layer outputs a probability value for each feature, signifying its importance.
Features with higher probability scores are deemed more important and are thus pri-
oritized during the fusion process with subsequent layers. The application of Rectified
Linear Unit (ReLU) as the primary activation function throughout TransfuseNet, along
with specific parameter configurations such as padding value and kernel size, ensures the

effective operation of these learnable fusion operators.

Learnable Vs Non-Learnable Fusion strategies: In summary, the late fusion strate-
gies in TransfuseNet, whether non-learnable or learnable, play a pivotal role in synthe-
sizing context-aware representations from camera and LiDAR modalities. The non-
learnable fusion operators prioritize computational efficiency, making them suitable for
applications with resource constraints. On the other hand, the learnable fusion oper-
ators introduce adaptability and the capacity to capture intricate feature interactions,

enhancing object detection accuracy.

5.2.3 Region Proposal Generation and Detection Head

The Proposal Generation and Detection Head follows a two-stage paradigm inspired by
Faster R-CNN [55], where the network first generates region proposals and then classifies

the detected objects.
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5.2.3.1 Feature Extraction and Proposal Generation

In the first stage, the Feature Extraction module extracts high-level features from the
input data. For this purpose, TransfuseNet employs ConvMixer [64], a light and SOTA
convolutional neural network architecture known for its effectiveness in feature extraction
tasks. The Feature Extraction module processes the transformed LiDAR and camera

data, capturing essential patterns and information required for subsequent stages.

Following feature extraction, the network moves to the Proposal Generation stage.
This phase is responsible for generating region proposals that potentially contain objects
of interest. To accomplish this, TransfuseNet employs a Region Proposal Network (RPN)

that operates in conjunction with the extracted feature maps.

In the Region Proposal Network (RPN), a set of anchor boxes is used to propose
potential object regions. These anchor boxes span different scales and aspect ratios,
allowing the network to consider a wide range of object sizes and shapes. In the Trans-
fuseNet experiments, nine anchor boxes are used, formed by combining three scales and
three aspect ratios. The RPN evaluates each anchor box and predicts two critical pieces

of information for each one:

Objectness Score: This score represents the probability of an anchor box containing
an object. It helps the network differentiate between regions that are likely to contain

objects and those that are not.

Bounding Box Offsets: These offsets adjust the dimensions of the anchor box to better
fit the object’s actual location and size within the region. These offsets are essential for

refining the proposal’s accuracy.

The combination of objectness scores and bounding box offsets allows the RPN to

generate region proposals that adapt to the specific objects present in the input data.
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5.2.3.2 Detection Head Module

Following the proposal generation stage, TransfuseNet proceeds to the Detection Head
module. This module is responsible for further refining the region proposals and classi-

fying objects within these proposals.

The Detection Head module consists of three convolutional layers followed by a
dropout layer. These convolutional layers are designed to process the proposed regions
and extract more refined features. The dropout layer introduces regularization, helping

prevent overfitting and enhancing the network’s generalization capabilities.

Of the three convolutional layers, the last two are particularly used to detect ob-
jects. These layers focus on identifying the objects’ precise locations and predicting

their associated objectness scores and class labels.

Bounding Box Refinement: The second convolution layer refines the bounding boxes
generated by the RPN. It adjusts the positions and sizes of the proposals to align more

accurately with the actual objects present in the region.

Objectness Score Prediction: The last convolution layer predicts the objectness scores
for the refined proposals. These scores represent the likelihood of each proposal contain-
ing a real object. High objectness scores indicate high confidence in the presence of an

object.

Object Classification: In addition to objectness scores, the Detection Head module
is responsible for object classification. For each refined proposal, it predicts the class
label of the object contained within the proposal. In this context, the primary class of

interest is "Car," but the network can be adapted to detect other classes as well.

5.2.3.3 Non-Maximum Suppression (NMS)

To produce a reliable set of object detections during inference, TransfuseNet employs

a post-processing technique known as Non-Maximum Suppression (NMS) [18]. NMS is
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applied to the region proposals generated by the RPN and refines them by selecting a

subset of high-scoring proposals while discarding redundant or overlapping ones.

The core idea of NMS is to suppress proposals with low objectness scores and retain
those with high confidence. This operation helps remove duplicate detections of the same
object and ensures that only the most accurate and promising proposals are considered

as final detections.

In practice, NMS operates by iteratively selecting the proposal with the highest
objectness score, discarding nearby proposals that overlap with it significantly (based
on a specified IoU threshold), and moving on to the next highest-scoring proposal. This

process continues until all proposals have been evaluated.

By incorporating NMS, TransfuseNet refines its object detections, eliminates re-
dundancies, and produces a concise and accurate set of detected objects, ultimately

enhancing the overall performance of the system.

In the next section, we will discuss the experimental setup, where we will provide
a comprehensive overview of the datasets used for training and evaluation, detail the
training procedures, and discuss the key evaluation metrics employed to assess the per-

formance of TransfuseNet in the context of object detection.

5.3 Experiments on the TransfuseNet

In this section, we present the experimental methodologies and evaluations specifically
conducted on the KITTI dataset, suitable for evaluating the computational efficiency
and accuracy goals of the TransfuseNet approach. Later, in the context of ReliFusion, we
will extend our evaluation to the nuScenes dataset, which provides a broader and more
challenging range of scenarios. By comparing our method with existing state-of-the-art
techniques, we aim to clearly present the improvements and progress our method brings
to the field. To ensure the robustness and validity of our design decisions, we conduct

thorough ablation studies, delving into the nuances of each choice.
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5.3.1 Dataset and Metric

Our choice of the KITTT object detection benchmark [16] for the evaluation of Trans-
fuseNet is influenced by its rich repository of data in object detection. It includes 7,481
annotated training images and 7,518 test images, accompanied by their respective point
clouds. Altogether, this dataset features 80,256 objects that have been labeled. Given
the constraints and structure of the KITTI benchmark, We decided to split the training

images into two groups: training and validation.

In our study, we specifically focus on the 'car’ category within the KITTT dataset for
two main reasons. Firstly, this category contains a large number of instances, providing
the extensive amount of data needed for the thorough training of deep network-based
methods. Secondly, by concentrating on this category, we aim to improve our network’s

performance in detecting cars, enhancing its precision and accuracy.

To better understand our results, the KITTI dataset divides objects into three diffi-
culty levels: easy, moderate, and hard. This categorization is based on factors like the
size of the object, how much it’s blocked from view, and how much it’s cut off from the
frame. This detailed way of classifying objects helps us evaluate how strong and flexible

our detection models are under different levels of complexity.

To quantify the efficacy of our network in detecting cars across these three difficulty
tiers, we employ the Average Precision (AP%) metric. This metric, widely recognized
for providing a balanced measure of a model’s precision and recall, is evaluated using an
IoU threshold of 0.7. This IoU threshold ensures that only detections closely matching

the ground truth are considered accurate, maintaining the strictness of our evaluations.

5.3.2 Experimental Setting

This research integrates multiple sensor modalities, including camera RGB images and
LiDAR point cloud data. Utilizing these sensor types not only enriches the input data

but also enables our model to capitalize on the distinct advantages offered by each
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modality. The detailed and complex features shown in RGB images complement the
depth information and spatial accuracy inherent to LiDAR point clouds. Converting
these sensor inputs into the FV/BEV format standardizes the input structure, enabling

consistent processing and reducing inconsistencies from varying data formats.

5.3.3 Hardware and Software Configuration

Our experiments utilize a system equipped with an Intel Core i9-10900K CPU (10 cores,
20 threads), 32 GB of memory, and an NVIDIA GeForce RTX 3090 GPU with 24 GB of
dedicated GDDR6X memory, running on Ubuntu 20.04 with CUDA 11.3 and cuDNN 8.2.

This configuration supports the computational requirements of the research.

5.3.4 Data Preprocessing

We use the ConvMixer [64] model for feature extraction due to its effectiveness in captur-
ing complex patterns. For camera RGB images, ConvMixer extracts relevant features for
object identification. The same model is applied to LIDAR data to maintain a consistent

feature space and ensure a unified extraction process across both modalities.

5.3.5 Hyperparameter Tuning

In our experiments, we use the Adam optimizer [28| for its adaptive learning rate and
efficient convergence. The initial learning rate is set to 0.001, balancing learning speed
and stability. A weight decay of 0.00001 is applied to mitigate overfitting and enhance

generalization.

The training process runs for 150 epochs with a batch size of eight, balancing com-
putational efficiency and learning stability. To refine feature representation and enhance

the network’s ability to process multi-modal data, we integrate two transformers with
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four attention heads each. These transformers are designed to handle sequential data

and capture long-term dependencies, improving the network architecture.

5.3.6 Loss Function

The training process follows principles from the Faster R-CNN architecture [55], in-
corporating both object detection and classification. The loss function consists of two

interconnected elements to optimize both tasks effectively

e (Classification Loss

It evaluates the model’s ability to differentiate between classes, particularly in cate-

gorizing detected objects as a 'Car’ or not. For this, the cross-entropy loss function is

Lys = — Z[yz -log(ps) + (1 — ;) - log(1 — p;)] (5.3)

Here, y; represents the ground truth label, taking the value 1 if the detected object is
indeed a ’Car’ and 0 otherwise. On the other hand, p; stands for the model’s predicted
probability for the object being a 'Car’.

e Regression Loss

Contrary to the classification loss, which operates on a categorical level, the regression
loss concentrates on the accuracy of the model in determining the exact bounding
box coordinates of the detected object. To optimize the precise location of detected
objects, we incorporate the smooth L1 loss function [17], which is particularly favored
for its stability and resistance to outliers. Mathematically, the smooth L1 loss function

is defined as:
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In this context, y; stands for the ground truth coordinates, and ¢ is the model’s
predicted coordinate values. The hyperparameter 3, which we’ve set to 1 for our ex-
periments, regulates the transition between the L2 loss and L1 loss, striking a balance

between the two to ensure optimal performance.

The total loss, combining classification and regression components, optimizes the

model during training and is defined as:

Ltotal = Lcls +A- Lreg (55)

in which the coefficient A regulates the balance between classification and regression loss.
It adjusts the emphasis between the accuracy of object classification and the precision
of bounding box predictions. The choice of \ adjusts the balance between classification
and regression, preventing either from dominating the training process. This ensures
the model effectively identifies and localizes objects. The optimal A\ value is determined

empirically based on the specific task requirements.

5.3.7 Results

Our results are derived from testing on the KITTI dataset, specifically focusing on how

different input modalities influence the detection capability of our algorithm.

5.3.8 Different Input modalities

The baseline configuration utilizes only RGB data from camera images, excluding LIDAR

information. This setup establishes a reference point for assessing the contribution of
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2D AP (%
Input Data FEasy Modercgte) Hard
RGB 87.08 83.13 77.07
RGB + BEV 91.58 85.49 80.28
RGB + FV 92.19 86.93 79.94
RGB + BEV +FV | 93.85 89.93  83.17

Table 5.1: Average Precision (AP%) of TransfuseNet with respect to input data.
Element-wise addition is employed as the late fusion operator in this table. The 2D
AP refers to the Average Precision for two-dimensional image data, which is a measure
of the model’s accuracy in detecting objects in standard camera images.

additional sensor data.

Integrating LiDAR data introduces a significant improvement in detection accuracy.
LiDAR provides depth information and precise spatial representation, enhancing detec-
tion performance across all object categories. As shown in Table 5.1, the incorporation
of LiDAR consistently improves detection results, underscoring its importance in 2D
object detection. For objects that are more readily detected—specifically, those within
the ’easy’ and 'moderate’ categories—FV consistently outperforms BEV. The higher
level of detail in F'V provides a clearer representation, facilitating more effective object

detection.

However, for objects in the "hard’ category, the combination of RGB and BEV yields
better detection performance. Objects in the 'hard’ category present significant detection
challenges due to their smaller size or heavy occlusion. The top-down perspective of
BEV mitigates occlusion issues that often affect other views, providing a more reliable

representation in such cases.

Experiments with different input modalities revealed that combining BEV and FV
enhances detection performance. This approach leverages BEV’s ability to handle occlu-
sion and FV’s detailed representation, resulting in improved detection across all difficulty

levels.
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5.4 Summary

Our quantitative analysis on the KITTI dataset provides insights into the suitability
of different input modalities for our network. The choice of modality depends on the
specific challenges associated with each object category. While BEV proves effective
in handling occlusion in the "hard’ category, FV demonstrates superior performance in

detecting objects in the 'easy’ and 'moderate’ categories.

5.4.1 Different Fusion Strategies

The complexity of object detection necessitates diverse data fusion strategies, partic-
ularly when integrating multiple input modalities. To develop an effective detection

system, it is essential to evaluate the performance of different data fusion approaches.

This section presents a detailed evaluation of various late fusion operators within the
architectural framework. A quantitative analysis compares the proposed Multi-Channel
Fusion (MCF) method with the established Multi-Fusion Block (MFB) approach. As
shown in Table 5.2, the study examines a range of fusion strategies, including both non-
learnable techniques (such as element-wise addition and multiplication) and learnable

fusion methods.

Our results clearly demonstrate that learnable fusion methods outperform non-learnable
counterparts in terms of detection performance. This difference is particularly evident
in the detection of smaller and more complex objects, categorized as hard’ in our study.
In this category, the limitations of non-learnable fusion methods become more appar-
ent, emphasizing the advantages of learnable approaches in challenging object detection

scenarios.

It is important to highlight that our findings consistently show the superior perfor-
mance of the MCF method compared to the multi-modal factorized bilinear pooling

(MFB) method. In the 2D object detection task, MCF achieves performance gains of
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Fusion 2D AP (%) BEV AP (%)
operator FEasy Moderate Hard | Fasy Moderate Hard
Add 93.85 89.93 83.17 | 86.87 80.27 74.83
Mul 94.39 90.78 83.96 | 90.46 84.03 78.77
MFB 96.27 94.72 89.92 | 94.24 89.16 85.03
MCF (ours) | 97.53  94.92 91.65 | 94.93 91.02  87.12

Table 5.2: Performance evaluation of TransfuseNet using Average Precision (AP%).
The table results are based on inputs of RGB images and concatenated BEV and FV
representations. The 2D AP refers to the Average Precision for two-dimensional image
data, which is a measure of the model’s accuracy in detecting objects in standard camera
images. BEV AP stands for Bird’s Eye View Average Precision, indicating the accuracy
of object detection when data is represented in a top-down view.

+1.26, +0.20, and +1.73 percentage points for the easy, moderate, and hard categories,
respectively. For the Bird’s Eye View (BEV) detection task, the advantage of MCF is
even more pronounced, surpassing MFB by +0.69, +1.86, and +2.09 percentage points
across different scenarios. These improvements are primarily attributed to MCF’s use
of a sigmoid layer, which effectively identifies and enhances significant features within

the fusion process, thereby improving overall detection performance.

For non-learnable fusion methods, our evaluation indicates that element-wise multi-
plication consistently outperforms addition across all scenarios. This improved perfor-
mance can be attributed to its ability to emphasize dominant features while simultane-

ously suppressing less relevant ones before passing them to subsequent model layers.

These findings reinforce the effectiveness of the MCF fusion method, particularly
in comparison to MFB. The results establish MCF as a viable and effective approach
for both 2D and BEV object detection tasks, representing a notable advancement in

multimodal fusion strategies.
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Input Data 2D AP (%) BEV AP (%)
LiDAR Image | Easy Moderate Hard | Easy Moderate Hard
- 95.78 92.72 84.81 | 31.70 21.20 18.43

Method

OMNI3D [4] v
MonoNeRD [74] - v | 9460 86.89 7723 | 31.13 2346  20.97
NeurOCS [44] - v | 9639 9108 8120 | 3227 2449  20.89
v
v

Pseudo-Stereo [11] 95.75 90.27 82.32 | 32.64 23.76 20.64
SNVC [32] 96.33 93.33 85.81 | 86.88 73.61 64.49

IA-SSD [84] v - 96.26 93.54 88.49 | 92.79 89.33 84.35
BtcDet [75] v - 96.23 93.47 88.55 | 92.81 89.34 84.55
CT3D [58] v - 96.28 93.30 90.58 | 92.36 88.83 84.07
Pointpillars [30] v - 94.00 91.19 88.17 | 90.07 86.56 82.81
PointRCNN [59] v - 95.92 91.90 87.11 | 92.13 87.39 82.72
SVGA-Net [22] v - 96.05 94.67 91.86 | 92.07 89.88 85.59
CAT-Det [83] v v 95.97 94.71 92.07 | 92.59 90.07 85.82
3D-CVF |[81] v v 96.87 93.36 86.11 | 93.52 89.56 82.45
EPNet [25] v v 96.25 94.44 89.99 | 94.22 88.47 83.69

STD [79] v v 96.14 93.22 90.53 | 94.74 89.19 86.42
M3DETR [19] v v 97.39 94.83 91.10 | 94.41 90.37 85.98
TransfuseNet w/ MFB v v 96.27 94.72 89.92 | 94.24 89.16 85.03
TransfuseNet w/ MCF v v 97.53  94.92 91.65 | 94.93 91.02  87.12

Table 5.3: Evaluation results on KITTI 2D and BEV object detection benchmark (car).
We evaluated TransfuseNet against the latest state-of-the-art results on the test set,
using mean Average Precision measured at 40 recall positions for comparison. The best
results appear in bold.
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Methods CAT-Det [83] M3DETR [19] BtcDet [75] TransfuseNet w/ MCF

# Param. 30M 76M 35M ™

Inference (ms) 60 180 80 20

Table 5.4: Comparative analysis of the number of parameters and inference time, eval-
uated on an NVIDIA GeForce RTX 3090 GPU with batch size 1.

5.4.2 State-of-the-Art Comparison

As shown in Table 5.3, TransfuseNet, utilizing our proposed learnable fusion operator
MCEF, is evaluated against state-of-the-art networks in both BEV and the easy category
of 2D object detection. Additionally, when compared to other leading approaches catego-
rized by input data type, TransfuseNet demonstrates superior performance, particularly
when compared to models relying solely on image or LiDAR data. Furthermore, in 2D
object detection, the integration of MCF and MFB in TransfuseNet results in improved
performance over existing state-of-the-art models in the easy and moderate categories,

respectively.

In addition to its accuracy, TransfuseNet achieves significantly lower inference time
compared to all other methods, demonstrating its computational efficiency—an es-
sential factor for safe autonomous driving. As shown in Table 5.4, TransfuseNet is
three times faster than CAT-Det and nine times faster than M3DETR, both of which
are transformer-based methods, while also maintaining a considerably lower parameter

count.

5.4.3 Qualitative Results

As shown in Figure 5.4, TransfuseNet effectively detects small and occluded objects, a
task that remains challenging for RGB-only models. This highlights the significance of
incorporating LiDAR data for improved 2D object detection. Additionally, Figure 5.5

demonstrates the robustness of TransfuseNet, where the network correctly identifies
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objects that are not labeled as ground truth. While these detections are classified as

false positives, they are in fact true positives.

5.4.4 Ablation Study

In this section, we conduct ablation studies on various components, including input data

types, backbone models, fusion techniques, and Transformer structure.

Initially, we evaluate the effectiveness of multi-view features across different input
modalities and late fusion operators. The results, summarized in Table 5.1, demonstrate
that the integration of RGB, BEV, and FV consistently outperforms other combinations,
regardless of the late fusion operator used. Furthermore, our proposed MCF method

achieves superior performance compared to alternative fusion techniques in all scenarios.

We also examine the impact of varying the number of Transformer blocks within
TransfuseNet. As shown in Table 5.5, optimal performance is achieved with two Trans-
former blocks. The absence of Transformer blocks, and consequently mid-level fusion,
significantly degrades results, highlighting their importance in improving fusion effective-
ness. Additionally, diminishing returns observed with three blocks suggest that increas-
ing the number of parameters may negatively affect performance. Moreover, Table 5.6
illustrates the superior effectiveness of Transformers as mid-level fusion operators com-

pared to addition or multiplication methods.

Finally, as indicated in Table 5.7, we compare our model across various parameters,
including the number of attention heads and layers, as well as different backbone models.
Our default configuration includes two Transformer layers, eight attention layers, four
attention heads, and ConvMixer for BEV and RGB feature extraction. ConvMixer is
selected as the primary backbone due to its superior accuracy compared to alternatives
such as VGG-16 and ResNet-34. Notably, ConvMixer features a simpler architecture and

requires significantly fewer parameters, approximately one-tenth of those in ResNet-34.
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Network 2D AP (%)

Parameter Value FEasy Moderate Hard

2 95.76 91.25 86.61

Attention layer 4 95.62 93.93 86.92
6 96.49 93.01 88.88

Attention head 2 96.12 93.48 87.75
Backbone VGG-16 | 96.24 91.65 90.43
ResNet-34 | 96.97 93.26 88.54

Default Config - 97.53 94.92 91.65

Table 5.7: Ablation study of 2D object detection. Comparison of different model struc-
tures’ results on the KITTI validation set.

5.5 Limitations and Motivation for Further Improve-

ment

TransfuseNet demonstrates efficient and real-time performance in LiDAR-camera fusion
with satisfactory detection accuracy. However, despite these achievements, the approach
has inherent limitations related to its robustness against sensor malfunctions and degra-
dation scenarios. Specifically, the fixed fusion weights utilized by TransfuseNet limit its
adaptability in handling scenarios where sensors experience partial or complete failure.
These challenges underline the necessity for a more robust, adaptive, and reliability-
driven fusion framework, which we address in the subsequent chapter by introducing

ReliFusion.
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Ground Truth

BEYV Prediction of TransfuseNet

Figure 5.4: Qualitative detection results of our TransfuseNet on KITTI validation sam-
ples. Green and blue bounding boxes are True positive detection and Ground truth,
respectively.

97



Figure 5.5: Sample from the KITTI dataset
illustrating the capability of our network to
accurately detect an object despite incorrect
annotation. The green bounding box indi-
cates true positive detection, while the blue
bounding box represents ground truth.
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# Transformer

5D AP (%)

block Fasy Moderate Hard
0 87.97 84.92 81.67
1 95.75 90.93 85.03
2 97.53 94.92 91.65
3 96.88 94.53 89.94

Table 5.5: Evaluating the impact of the
number of transformer blocks employed

in TransfuseNet.

Mid-level 2D AP (%)
fusion operator | Fasy Moderate Hard
No Mid-fusion | 87.97 84.92 81.67
Add 88.71 86.52 81.79
Mul 89.93 87.67 83.41
Transformer | 97.53  94.92  91.65

Table 5.6: The effectiveness of differ-
ent Mid-level fusion operator with two
blocks utilized in TransfuseNet w/ MCF
as late fusion operator.



Chapter 6

Methodology Phase 2: ReliFusion

6.1 Introduction

In the preceding chapter, we introduced TransfuseNet, demonstrating efficient real-time
fusion of LIDAR and camera data for object detection. Despite achieving high computa-
tional efficiency and satisfactory detection accuracy, TransfuseNet’s fixed fusion weights
limit its robustness and adaptability, particularly under scenarios involving sensor degra-

dation, occlusions, or malfunctions.

To overcome these limitations, this chapter introduces ReliFusion, our advanced fu-
sion framework specifically designed to enhance robustness and reliability in 3D object
detection by dynamically adapting to sensor reliability. ReliFusion quantifies the trust-
worthiness of sensor inputs through confidence scores, which dynamically guide the
fusion process. By incorporating adaptive confidence-weighted fusion mechanisms, Reli-

Fusion maintains robust and accurate detection even under severe sensor malfunctions.

This chapter comprehensively describes each component of ReliFusion, including
feature extraction, spatio-temporal aggregation, reliability-driven fusion, and end-to-
end optimization, highlighting how our approach addresses limitations identified from

our initial TransfuseNet methodology.
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Unlike early fusion strategies that combine raw sensor representations and late fusion
approaches that merge independent predictions, ReliFusion adopts a mid-level fusion
paradigm in BEV space. This design choice allows both modalities to learn rich modality-
specific representations prior to interaction, while still enabling cross-modal reasoning at
the feature level. The selection of mid-level placement was informed by both literature

review (Chapter 3) and preliminary empirical comparisons in Phase 1 (Chapter 5).

6.2 ReliFusion

ReliFusion is a novel LiDAR~camera fusion framework designed to enhance the robust-
ness of 3D object detection by dynamically adapting to sensor reliability. Unlike con-
ventional fusion approaches that assume equal reliability across modalities, ReliFusion
introduces a reliability-driven fusion mechanism that quantifies the trustworthiness of
sensor inputs and adjusts fusion weights accordingly. The proposed framework consists
of multiple key components. First, the multi-view image and LiDAR feature extraction
module processes camera and LiDAR data in the Bird’s Eye View (BEV) space to en-
sure spatial alignment. Then, the Spatio-Temporal Feature Aggregation (STFA) module
integrates self-attention mechanisms to model both spatial correlations across multiple
camera views and temporal dependencies across consecutive frames, enhancing detection
stability. To further account for varying sensor reliability, the Reliability Module utilizes
Cross-Modality Contrastive Learning (CMCL) to align LIDAR and camera features in a
shared embedding space and assigns confidence scores to quantify each modality’s reli-
ability. These confidence scores are then leveraged in the Confidence-Weighted Mutual
Cross-Attention (CW-MCA) module, where attention-based feature fusion dynamically
prioritizes the more reliable modality while mitigating the impact of sensor degradation.
Finally, the entire network undergoes a multi-stage training process, where individual
modules are pre-trained before end-to-end fine-tuning using a multi-task loss function

that jointly optimizes detection accuracy, feature alignment, and confidence prediction.
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By integrating feature extraction, spatio-temporal modeling, reliability assessment, and
adaptive fusion, ReliFusion enhances robustness in challenging scenarios, including par-

tial LiDAR occlusions, adverse weather conditions, and sensor malfunctions.

6.2.1 Multi-View Image and LiDAR Feature Extraction

ReliFusion utilizes a multi-view camera setup and LiDAR point clouds to generate a
robust feature representation for 3D object detection. To effectively integrate these
inputs, the method employs Bird’s Eye View (BEV) transformation for both LiDAR

and image data, ensuring spatial alignment before fusion.

6.2.1.1 LiDAR Feature Extraction

The LiDAR point cloud is processed using VoxelNet [87] as 3D backbone, which encodes
voxelized input into high-level LiDAR feature representations denoted as Fiipar. 1O
enhance feature extraction, the point cloud is voxelized into uniform grid cells of size
0.075m x 0.075m x 0.2m, similar to CenterPoint [80], allowing efficient sparse convolu-

tional processing.

Although voxel-based encoding provides strong geometric structure and compatibility
with BEV representations, voxelization and sparse 3D convolution remain computation-
ally intensive stages in the LiDAR processing pipeline. The discretization of the point
cloud into fine-grained voxels introduces preprocessing overhead and increases memory

access complexity, particularly when high spatial resolution is used.

Alternative representations may reduce this bottleneck. Pillar-based encoders col-
lapse the vertical dimension to simplify computation, while point-based architectures op-
erate directly on raw points without voxel discretization. Hybrid approaches combining

dynamic voxelization with learned sampling strategies may further improve efficiency.

In the context of ReliFusion, voxelization was selected to maintain compatibility with

BEV-aligned mid-level fusion and established detection backbones. However, future
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deployment-oriented implementations could replace full voxelization with lighter-weight
pillar encodings or hardware-optimized sparse convolution libraries to reduce latency

without fundamentally altering the fusion strategy.

6.2.1.2 Multi-View Image Feature Extraction

Each camera image I, (where kK = 1,...,6 for the six-camera setup in nuScenes) is
processed using a ConvMixer backbone [64]. ConvMixer combines patch embedding with
depthwise and pointwise convolutions, acting as a lightweight hybrid between CNNs and
vision transformers. This design enables extraction of high-level semantic features while
maintaining computational efficiency. The resulting per-view feature maps Fg, ... are

subsequently aligned with the LIDAR BEV representation.

6.2.1.3 Transformation to BEV

To achieve spatial consistency between LiDAR and camera features, ReliFusion employs
the Lift-Splat-Shoot (LSS) transformation [49], which projects multi-view image features

into BEV space. This transformation consists of three main steps:
1. Lifting: Each image pixel is unprojected into 3D space using known camera in-
trinsics.
2. Splatting: The projected 3D features are accumulated onto a common BEV grid.
3. Shooting: The BEV feature map is generated by aggregating splatted features.
The resulting BEV-transformed image feature map, denoted as Framera-Bev, aligns

with F1ipar in the BEV space, ensuring a unified feature representation for subsequent

processing.
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Figure 6.1: ReliFusion architecture explicitly designed to overcome limitations of fixed-
weight fusion by integrating adaptive confidence-based cross-attention mechanisms for
robust LiDAR-camera fusion in BEV representation.
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6.2.2 Spatio-Temporal Feature Aggregation (STFA)

To overcome the limitations of TransfuseNet, which lacked temporal context and adapt-
ability, ReliFusion incorporates the STFA module. The STFA module enhances ro-
bustness by sequentially applying spatial and temporal attention, allowing the network
to capture relationships across multiple camera views at each time step as well as de-
pendencies across consecutive frames. By integrating learnable spatial embeddings and
temporal encodings, the module ensures effective feature aggregation and improves de-

tection stability in dynamic environments.

Temporal modeling is applied to camera BEV features before fusion because camera
features exhibit higher temporal variability and benefit more from motion-based aggre-
gation. LiDAR features, while sparse, are geometrically stable and already aligned in
BEV space, reducing the marginal benefit of additional temporal modeling relative to

computational cost.

6.2.2.1 Spatial Attention for Inter-View Aggregation

At each time step ¢, multi-view image features {F}}%_,, where k indexes the views, are
extracted using the ConvMixer [64] as backbone . These BEV features F} € RE>T*W

are flattened and projected into an embedding space using a linear transformation:

El =W, - Flatten(F}) + b, (6.1)

In Equation (6.1), W, € R¥*(CHW) ig g learnable weight matrix, b, € R? is a bias

vector, and Flatten(-) reshapes the feature map into a sequence.

To model spatial relationships across different views at the same time step, ReliFusion
employs a spatial self-attention mechanism. For each view k (query), the embeddings
EY from all views j € {1,...,6} (keys and values) are considered. The attention weights

are computed using the Equation (6.2):
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. QuK]
Attention(Qy, K;) = Softmax i (6.2)

where:

Qv =W,E,, K;=W,E,, V;=W,E] (6.3)
with learnable projection matrices W, W, W,, € R¥?. The attended feature repre-

sentation for view k at time ¢ is calculated in Equation (6.4).

6
S; = ZAttention(Qk, K;)V; (6.4)

Jj=1

Finally, the aggregated spatial feature representation at time ¢ is obtained by com-

bining all attended views (Equation (6.5)).

St ={SL|k=1,..6} (6.5)

This process allows each view to incorporate information from all others, mitigating

occlusions and enhancing spatial consistency.

6.2.2.2 Temporal Attention for Cross-Time Dependency

To maintain detection stability over time, the spatially aggregated features {S'}L
(where T' denotes the number of time steps) are processed using temporal attention
mechanisms. First, temporal embeddings P, are added to encode sequential order (Equa-
tion (6.6)).

S =S+ Pt (6.6)
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where P;(t) € R? is a learnable temporal encoding for each time step. Temporal

attention (Equation (6.7)) is then applied across all time steps to capture dependencies:

Attention,(Q, K, V) = Soft (QKT) % (6.7)
ention , = Doltmax .
t \/E

where:

o=w.5" K-=-w3., v=w5§ 6.8
q

for ¢’ # t, with learnable projection matrices W,, W, W, € R™. The final tempo-

rally aggregated feature representation is computed as Equation (6.9).

T
T =) Attention,(Q, K, V) (6.9)

t=1

This mechanism enhances the model’s ability to handle motion and occlusions by

capturing long-term dependencies between frames.

6.2.2.3 Refinement with Layer Normalization

To stabilize training and ensure smooth feature aggregation, each attention module is
followed by Layer Normalization (LN) and Residual Connections which is formulated in
Equation (6.10).

A

T = LayerNorm(T + MLP(T)) (6.10)

where MLP is a two-layer feedforward network with GELU activation [23]. This

normalization step prevents gradient explosion and improves feature consistency.

The STFA module outputs the refined feature representation T, which is then passed

into the Reliability Module for further processing. This refined representation effectively
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encodes spatio-temporal consistency, ensuring that ReliFusion maintains robust perfor-

mance even under sensor malfunctions and dynamic scene variations.

6.2.3 Reliability Module

Reliable perception in multimodal systems requires the ability to detect and adapt to
degraded or malfunctioning sensor inputs. Rather than assuming that sensors remain
reliable under all conditions, the proposed framework explicitly estimates the trustwor-
thiness of each modality and adjusts the fusion process accordingly. ReliFusion employs
a Reliability Module that quantifies confidence in LIDAR and camera data using Cross-
Modality Contrastive Learning (CMCL). This module generates dynamic confidence

scores, enabling adaptive fusion and reducing the impact of corrupted sensor inputs.

6.2.3.1 Cross-Modality Contrastive Learning (CMCL)

To ensure consistent feature alignment, CMCL maps LiDAR and camera features into
a shared embedding space, distinguishing between reliable and corrupted inputs. As
formulated in Equation (6.11), the BEV-transformed camera features Feamera-pry and

LiDAR features Flipar are projected using multi-layer perceptrons (MLPs):

ZLiDAR — MLPLiDAR(FLiDAR)> ZCamera — MLPCamera(FCamera-BEV) (611)

Positive feature pairs (unaltered data) are encouraged to remain close in the embed-
ding space, while negative pairs (corrupted data) are pushed apart using the contrastive

loss function in Equation (6.12).

exp(sim(2LipAR, ZCamera)/T)

Zifil exp (Sim(ZLiDARa zga)xmera)/T>

Lcontrast = - lOg (612)
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where sim(21ipaAR, ZCamera) denotes the cosine similarity, 7 is a temperature param-
eter, and K represents the batch size. This contrastive learning process ensures that

features from both modalities remain aligned even under sensor degradation.

6.2.3.2 Reliability Scoring

The Reliability Module assigns confidence scores to each modality based on the quality

of its embedding. The confidence scores for LIDAR and camera are computed as:

CLiDAR = U(WLiDARzLiDAR + bLiDAR) (613>

CCamera = 0<WCameraZCamera + bCamera) (614>

where W and b are learnable parameters, and o represents the sigmoid activation
function. These confidence scores, Cripar and Ccamera, are used in the next stage to
dynamically adjust fusion weights, ensuring that unreliable sensor data contributes less

to the final object detection.

The confidence scores Cripar and Ceamera directly modulate the feature representa-
tions prior to and during cross-attention fusion. Let Fripar € RE*T*W and FeameraBEV €
REHXW denote the modality-specific BEV features.

Thus, unreliable modalities are explicitly attenuated in magnitude before fusion.
These scaled features are subsequently used as inputs to the mutual cross-attention
mechanism, ensuring that modality contributions are proportionally adjusted according

to their predicted reliability.

Generalization to Unseen Degradations. It is important to note that the Relia-
bility Module does not explicitly learn degradation categories (e.g., fog, noise, occlusion).
Instead, it learns to estimate modality confidence based on feature-level consistency in

a shared embedding space. Because the confidence predictor operates on intermediate
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BEV feature representations rather than raw sensor inputs, it captures distribution-level

feature quality signals instead of degradation-specific artifacts.

Consequently, when encountering unseen perturbations that similarly distort feature
statistics, the module can adaptively down-weight unreliable modalities based on learned
feature alignment and embedding consistency. This design promotes robustness and

generalization beyond the specific degradation types used during training.

Model-Level vs System-Level Reliability. It is important to distinguish between
the notion of reliability used in this thesis and formal system-level reliability in safety-

critical engineering.

In this work, reliability refers to model-level reliability, defined as the estimated trust-
worthiness of modality-specific feature representations during inference. The predicted
confidence scores reflect the model’s internal assessment of sensor feature quality un-
der varying environmental and degradation conditions. This notion is data-driven and

learned implicitly through contrastive alignment and detection supervision.

In contrast, system-level reliability in safety engineering is typically defined proba-
bilistically, for example as the probability that a system performs its intended function
under stated conditions for a specified period of time. Such definitions are common in
automotive functional safety standards and involve formal failure rate modeling, redun-

dancy analysis, and hazard assessment.

The reliability module proposed here does not estimate formal failure probabilities,
nor does it replace safety certification processes. Instead, it provides an adaptive weight-
ing mechanism within the perception model that mitigates the impact of degraded sen-
sor inputs. While some experimental setups (e.g., sensor corruption analysis) implicitly
resemble failure modeling, they remain at the perception-model level rather than full

system reliability analysis.
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6.2.4 Confidence-Weighted Mutual Cross-Attention (CW-MCA)

To ensure robust and adaptive sensor fusion, ReliFusion incorporates the Confidence-
Weighted Mutual Cross-Attention (CW-MCA) module. This module dynamically ad-
justs the contribution of each modality based on the confidence scores computed by
the Reliability Module, allowing the network to prioritize reliable sensor inputs while

suppressing noisy or degraded signals.

6.2.4.1 Confidence-Weighted Feature Representation

The computed confidence scores Cripar and Ccamera are used to weight the feature rep-
resentations before fusion. Given the LIDAR feature Fijpar and the BEV-transformed

camera feature Foamera-BEV, the confidence-weighted features are computed as:

Fipar = Cuipar - FLiDAR (6.15)

F(/Jamera = CCamera : FCamera—BEV (616)

where the confidence scores act as adaptive scaling factors that enhance or suppress

each modality’s contribution based on reliability.

6.2.4.2 Mutual Cross-Attention Mechanism

To effectively integrate the LiDAR and camera features, CW-MCA applies a mutual
cross-attention mechanism, where each modality attends to the other to capture com-

plementary information. The cross-attention operations are defined as:

QoK
FL—>C = CLiDAR - Softmax \/d_k VL (617)

110



QLK
FCﬁL = Ccamera - Softmax \/ﬁ VC (618)

where: @), K,V denote the query, key, and value representations for each modality.
dy is the dimensionality of the key vectors. Iy _,c represents LiIDAR features attending

to camera data. Fo_,, represents camera features attending to LIDAR data.

These operations allow each modality to refine its features by incorporating informa-

tion from the other modality, weighted by their respective confidence scores.

6.2.4.3 Final Feature Fusion

The final fused feature representation is obtained by combining the cross-attended fea-

ture maps:

Frusea = FLc + FooL (6.19)

This ensures that information from both LiDAR and camera modalities is optimally

integrated while accounting for reliability.

6.2.4.4 Integration with the Detection Head

The fused BEV representation Fiyseq is passed into the TransFusion detection head [1],
which is an anchor-free, center-based module for 3D object detection. The head produces
heatmaps to indicate the most likely object centers on the BEV grid, together with
regression branches that estimate the object’s size, orientation, velocity, and height.
Final 3D boxes are then formed by taking the strongest responses from the heatmaps
and refining them with the regression outputs. This approach avoids the complexity of

using predefined anchors and allows for stable estimation of object orientation.

111



By combining Ffeq With the TransFusion head, ReliFusion leverages both adaptive
multimodal fusion and an efficient detection architecture, enabling accurate and reliable

object detection in BEV space while preserving real-time inference capability.

6.2.5 Architectural Simplification and Tiered Deployment Strate-

gies

While the full ReliFusion architecture provides adaptive robustness through spatio-
temporal aggregation and reliability-driven cross-attention, safety-critical deployment
scenarios may require reduced latency under strict timing constraints. In such cases,
architectural simplification strategies can be employed without causing catastrophic per-

ception failure.

The reliability module and CW-MCA mechanism are designed as adaptive enhance-
ment layers on top of a functional mid-level fusion backbone. Therefore, several fallback

configurations are feasible:

e Static Fusion Mode: The confidence scores can be fixed or disabled, reverting

the model to a standard mid-level fusion strategy with equal modality weighting.

e Single-Modality Fallback: If a modality becomes severely degraded or unavail-
able, the architecture can operate in LiDAR-only or camera-only mode using the
shared BEV backbone and detection head.

e Reduced Temporal Window: The STFA temporal depth can be shortened or

disabled, reducing attention complexity while maintaining spatial fusion.

e Lightweight Confidence Head: The contrastive embedding dimension and con-

fidence predictor can be simplified to reduce computational overhead.

These tiered configurations enable graceful performance degradation rather than

abrupt failure. Importantly, the reliability module does not introduce a single point
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of failure; instead, it enhances fusion adaptability. When disabled, the system reverts to
a conventional mid-level fusion architecture similar to Phase 1 (TransfuseNet), ensuring

functional continuity.

This modular design supports deployment-specific trade-offs between robustness and

latency, aligning the architecture with real-world automotive perception requirements.

6.3 Summary

This chapter presented the design and implementation of ReliFusion, a reliability-driven
sensor fusion framework for LiDAR-camera object detection. The methodology incor-
porates spatio-temporal modeling, confidence-based weighting, and multimodal fusion
to improve detection performance under varying sensor conditions. The next chapter
provides a detailed evaluation of ReliFusion, analyzing its performance across differ-
ent experimental settings, comparing it with existing methods, and conducting ablation

studies to assess the contribution of individual components.
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Chapter 7
Experiments on ReliFusion

This chapter provides comprehensive experimental validation of ReliFusion. Experi-
ments are conducted using the nuScenes dataset [5], evaluating ReliFusion under diverse
scenarios, including standard conditions, sensor malfunctions, and occlusions. Through
comparative studies against state-of-the-art approaches, detailed ablation studies, and
qualitative analysis, we demonstrate ReliFusion’s robustness and adaptability in realistic

autonomous driving scenarios.

7.1 Dataset and Metrics

ReliFusion is evaluated on the nuScenes dataset [5], a large-scale multimodal bench-
mark for autonomous driving. A detailed description of the dataset, including sensor
configuration, object classes, and annotation statistics, is provided in Section 4.2. For
evaluation, we adopt the standard nuScenes metrics: mean Average Precision (mAP)
and the nuScenes Detection Score (NDS), as defined in Section 2.5.

For completeness and reproducibility, nuScenes mAP is computed using center-
distance thresholds of 0.5m, 1.0m, 2.0m, and 4.0m rather than fixed IoU thresholds,
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as defined in the official benchmark protocol. A detection is considered a true positive
if its center distance to a ground-truth object falls within the specified threshold for its

class.

The NDS metric combines mAP with five additional error terms: translation error,
scale error, orientation error, velocity error, and attribute error. Each component is

normalized and weighted according to the official nuScenes definition.

All experiments are conducted on the nuScenes validation and test splits using the
official evaluation script without modification. Class-specific thresholds and difficulty
levels follow the standard benchmark configuration. No additional filtering or post-

processing beyond non-maximum suppression (NMS) is applied.

7.2 Data Preprocessing

LiDAR point clouds are voxelized to create a structured representation while preserving
spatial granularity. Following the setup in CenterPoint [80], the nuScenes coordinate
system is defined such that the z-axis points forward, the y-axis points to the left, and
the z-axis points upward in the ego-vehicle frame. For all experiments, we restrict the
detection range to [—51.2m,51.2m| along = and y, and [—5m, 3m] along z, consistent

with the official nuScenes benchmark.

The voxel grid is constructed with resolution (0.075m,0.075m,0.2m) along (z,vy, 2),
respectively. This quantization step aggregates all points falling into the same voxel,
thereby downsampling the raw point cloud while retaining sufficient geometric detail.
Compared to the 0.1m x 0.1m x 0.2m voxel size used in CenterPoint, the slightly finer
(0.075m, 0.075m, 0.2m) resolution adopted here provides denser spatial encoding and
improves small-object detection performance. The voxelized tensors are subsequently
processed by VoxelNet [87] as 3D backbone , which encodes the quantized point cloud

into high-level feature representations.
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For the image stream, multi-view RGB images are resized to a fixed resolution of
448 x 800 pixels before being passed through the ConvMixer [64] backbone for feature

extraction.

7.3 Training Strategy

To fully optimize ReliFusion for robust 3D object detection, a multi-stage training strat-
egy is employed. Each module is pre-trained independently to refine its respective func-
tion before the entire network undergoes end-to-end fine-tuning. The training process
is designed to enhance multimodal feature alignment, spatio-temporal consistency, and

adaptive fusion.

7.3.1 Pre-Training of Individual Modules

In the first stage, three key modules are pre-trained separately:

Contrastive Module: This module is trained using contrastive learning to align
LiDAR and camera embeddings. The objective is to maximize the similarity of positive
feature pairs while minimizing that of negative pairs. The contrastive loss is defined as
Equation (7.1).

exp(sim(2LipAR, 2Camera)/T)

Zilil exp (Sim(zLiDARv Zgimera)/,]—)

(7.1)

Lcontrast = - log

where sim(2LipAR, ZCamera) T€pPresents cosine similarity, 7 = 0.07 is the temperature
parameter, and K is the batch size. The embedding size is set to 128 (as introduced in

Chapter 6), representing the dimensionality of the shared feature embedding space.

Confidence Module: This module is trained using a regression loss in Equa-

tion (7.2) to assign reliability scores for sensor inputs:
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i SO i 2,(0) 2
Lconf = Z <C[(,13:)AR - CLiDAR) + <Cé;mera - CCamera) (72)

7

where C’I(ji}) ag and C ®

Camera de€note the ground-truth reliability scores for the ¢-th train-

ing sample, and C'(i) represents the corresponding predicted scores. The index ¢ runs
over all sensor inputs in a mini-batch. In practice, ground-truth reliability scores are
derived by simulating sensor degradations. For LiDAR, this includes point dropping and
restricted field-of-view; for cameras, this includes pixel masking and occlusion. Reliabil-
ity labels are assigned proportional to the severity of the corruption, with clean sensor
inputs assigned full reliability (C' = 1.0). This allows the confidence module to learn to

predict modality reliability in both nominal and degraded conditions.

Spatio-Temporal Feature Aggregation (STFA) Module: Pre-trained to en-
force temporal consistency across frames, the STFA module minimizes the difference
between temporally adjacent features aligned by ego-motion. The temporal consistency

loss is defined as:

T-1
1 ~
Ltemp = ﬁZ”ftJrl _ftH% (73)
t=1

where f; represents features at frame t, ft is the corresponding feature from the previous
frame after ego-motion alignment, and 7" is the total number of frames in the temporal
sequence. Ego-motion alignment compensates for the vehicle’s movement using pose es-
timates provided by the dataset, ensuring that features from different frames are mapped
into a consistent coordinate space. This encourages stable temporal representations and

improves the model’s ability to track object motion across frames.

The architectural design of the CMCL and confidence modules follows a lightweight
projection-head paradigm to avoid introducing excessive computational overhead. The
CMCL module employs a shared embedding dimension of d = 128, chosen based on
the hyperparameter study in Table 7.8, which demonstrated optimal trade-off between
cross-modal alignment capacity and stability. Larger embeddings (d = 256) did not
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improve accuracy, while smaller embeddings (d = 64) reduced alignment quality.

The confidence module is implemented as a shallow regression head operating on
BEV-level fused features rather than raw modality features. This design ensures that
reliability is estimated based on semantic-level information rather than low-level noise
patterns, improving generalization to unseen degradation scenarios. The module predicts
continuous reliability values in [0, 1], enabling smooth adaptive weighting rather than

hard modality switching.

7.3.2 Training of Sensor-Specific Feature Extractors

In the second stage, the individual feature extraction streams for the image and Li-
DAR modalities are trained separately. The ConvMixer network [64] is used as the 2D
backbone for extracting features from the camera input, while a voxel-based backbone,
similar to VoxelNet [87], processes LiIDAR point clouds. These backbone networks are

optimized independently to ensure efficient feature encoding.

7.3.3 End-to-End Fine-Tuning with Multi-Task Learning

In the final stage, the entire network is fine-tuned end-to-end using a multi-task loss
function. As shown in Equation (7.4), this objective function combines multiple loss

components to optimize the detection performance:

Ltotal = )\lLdet + /\2Lcontrast + /\3Ltemp + /\4Lconf (74)

where: Lge is the object detection loss. Leontrast is the contrastive loss for cross-
modality feature alignment. Liemp is the temporal consistency loss to ensure frame

stability. L.ons penalizes incorrect confidence score predictions.

The object detection loss Lqe follows the CenterPoint [80] formulation, combining

focal loss for classification and L1 regression for bounding box parameters (center lo-
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cation, size, and orientation). This ensures both accurate localization and robust class

predictions.

The weighting coefficients are empirically set as \; = 1.0, Ay = 0.1, A3 = 0.2, and
A4 = 0.05, balancing the trade-off between detection accuracy, feature alignment, and

robustness.

7.3.4 Training Protocol Summary

For clarity, the complete training pipeline of ReliFusion is summarized below in sequen-

tial order.

Stage 1: Module-Level Pre-Training. The CMCL (contrastive alignment), Con-
fidence, and STFA modules are pre-trained independently for 15 epochs using the Adam

optimizer with learning rate 1 x 10~ and weight decay 1 x 10~°. During this stage:

e Backbone feature extractors are kept trainable.

e Each module is optimized using its dedicated loss function (Lcontrast,; Lconf, OT
Ltemp)‘

e Synthetic sensor degradations are applied to generate supervision signals for reli-

ability learning.

Stage 2: Backbone Optimization. The feature extractors are trained indepen-
dently to ensure stable modality-specific feature representations before multimodal cou-

pling. This reduces optimization interference during early fusion stages.

Stage 3: End-to-End Fine-Tuning. All modules are jointly optimized for 5
additional epochs using the multi-task objective in Eq. 7.4. In this phase:

e All parameters are unfrozen.
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e The total loss combines detection, contrastive alignment, temporal consistency,

and confidence estimation.

e Weighting coefficients are fixed as A\; = 1.0, Ao = 0.1, \3 = 0.2, and A\, = 0.05.

Optimization Stability. Gradient clipping is applied to prevent instability during
joint optimization. All experiments use a batch size of 16 and identical data augmenta-

tion policies to ensure consistent comparison across baselines.

This staged protocol ensures that cross-modal alignment and reliability estimation
are learned prior to full multimodal fusion, improving convergence stability and prevent-

ing premature dominance of one modality during training.

7.4 Implementation Details and Training Configura-

tion

For feature extraction, ConvMixer [64] serves as the 2D backbone for extracting se-
mantic image features, and VoxelNet [87| is adopted as the 3D backbone for LiDAR
processing. Both backbones independently encode their modality-specific data before
transforming these features into a unified BEV representation via Lift-Splat-Shoot (LSS)
operation [49]. The resulting aligned BEV features from both modalities are then further

processed by subsequent ReliFusion modules, ensuring effective multimodal fusion.

ReliFusion is implemented in PyTorch with MMDetection3D [8], a modular, open-
source toolkit that provides configurations, data loaders, and benchmarks for 3D object
detection. The model is trained using the Adam optimizer [28] with an initial learning
rate of 1 x 10™* and a weight decay of 1 x 107°. The training process consists of 15
epochs for pre-training individual feature extractors, followed by 5 additional epochs for

end-to-end fine-tuning, with a batch size of 16.
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7.4.1 Baseline Selection Criteria

To ensure fair and meaningful experimental comparison, baseline methods were selected

based on the following criteria:

1. State-of-the-art performance on nuScenes: Methods demonstrating compet-
itive performance on the nuScenes benchmark were prioritized to ensure relevance

and rigor in comparison.

2. LiDAR-camera multimodal fusion capability: Since ReliFusion focuses on
multimodal BEV fusion, selected baselines include methods that integrate both

LiDAR and camera modalities, enabling direct architectural comparison.

3. Representative fusion strategies: Baselines were chosen to reflect different
fusion paradigms, including early fusion, mid-level fusion, and transformer-based

fusion mechanisms, allowing evaluation across diverse design philosophies.

4. Open-source availability and reproducibility: Only methods with publicly
available implementations or clearly documented configurations were considered,

ensuring reproducibility and consistent evaluation settings.

5. Computational comparability: Methods with similar backbone capacity and
BEV resolution were prioritized to avoid unfair advantages arising from substan-

tially larger model sizes.
In addition to external baselines, TransfuseNet is included to provide an internal

reference point, enabling direct evaluation of the improvements introduced by reliability-

aware fusion and spatio-temporal modeling in ReliFusion.
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7.5 State-of-the-Art Comparison

Although the primary objective of ReliFusion is to improve robustness under challenging
conditions, it also demonstrates superior performance on clean datasets. As shown in
Table 7.1, ReliFusion achieves an mAP of 70.6% and an NDS of 73.2%, outperforming
existing SOTA methods such as BEVFusion [35] and TransFusion [1].

Method L C |mAP NDS | Car Truck C.V. Bus Trailer Barrier Motor. Bike Ped. T.C.
BEVFormer [34] - V| 472 571 | 66.8 382 223 345 38.8 61.6 47.1 39.7 53.0 69.9
BEVDet [24] - Vv | 421 485|639 347 160 353 352 61.1 44.5 29.4 40.7 59.9
DETR3D [72] - vV | 349 434|532 274 103 21.7 294 50.9 35.1 25.7 394 56.1
CenterPoint (80| v - | 568 650|825 50.0 179 59.5 53.0 67.1 56.3 26.0 80.6 T74.7
TransFusion-L [1] v - | 643 684 |8.1 555 272 649 579 77.1 673 431 845 805
FUTR3D [10] v v | 624 673 | 8.0 594 245 69.7 40.7 62.8 71.7 61.8 80.6 68.6
MVX-Net [60] v v | 610 66.1 | 823 50.7 214 60.3 56.2 66.8 66.9 44.1 827 789
PointAugmenting [69] | v v | 46.9 55.6 | 68.8 36.9 6.5 454 416 52.3 56.6 29.0 673 64.7
TransFusion [1] v v 669 709|865 588 304 65.6 584 76.4 71.9 493 86.0 85.7
BEVfusion [35] v v | 679 710|874 596 321 678 612 76.8 714 50.1 88.0 84.2
CMT [76] v v 693 721|863 604 36.8 712 61.8 73.4 78.4 57.1 85.6 829
ReliFusion (ours) v v | 706 732|881 61.7 359 729 63.0 75.8 79.5 574 89.3 835

Table 7.1: Evaluation results on nuScenes dataset. We evaluated ReliFusion against
the SOTA results on the test set. ‘L’ and ‘C’ represents LIDAR and Camera, respec-
tively. ‘C.V’, ‘Ped’, and ‘T.C’ stand for construction vehicle, pedestrian, and traffic
cone, respectively. The best results appear in bold.

7.5.1 Robustness Experiments

To evaluate the reliability of ReliFusion under real-world sensor degradation, robustness
experiments are conducted by simulating LIDAR and camera failures. These tests assess
the model’s ability to maintain detection accuracy when sensor inputs are corrupted or

missing.
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7.5.1.1 Robustness Against LIDAR Degradations

ReliFusion is evaluated under conditions where LiDAR data is progressively reduced
to assess its capacity to maintain detection accuracy. Two representative degradation
scenarios are considered. In the first scenario, Limited Field of View, point cloud
data is progressively restricted to narrower angular ranges to simulate partial LIDAR
occlusions. The considered ranges are: —7/2 to 7/2 (half field of view), —7/3 to 7/3
(narrower field of view), and 0 to 0 (complete removal of LiDAR data). This represents
situations where LiDAR beams are blocked or the effective field of view is reduced by
environmental or mechanical factors. In the second scenario, Object Detection Fail-
ures, Within each object bounding box, 50% of LiDAR points are randomly discarded to
simulate reduced point density caused by poor reflectivity, weather-induced attenuation,
or sensor noise. The random dropout is performed by uniformly sampling points inside
the bounding box and removing half of them. To ensure reproducibility, the random
seed is fixed during all experiments. This emulates realistic cases where LiDAR returns

are partially missing rather than entirely absent.

The results, summarized in Table 7.2, demonstrate the robustness of ReliFusion in
comparison to state-of-the-art methods. In the Limited Field of View scenario, LiDAR-
only models such as CenterPoint [80] exhibit a significant decline in performance due to
their exclusive reliance on LiDAR data. Non-BEV methods, such as TransFusion [1],
also experience substantial drops in mAP and NDS, as they heavily depend on LiDAR

features for region proposals or key points, using image data solely as auxiliary input.

While BEV-based methods attempt to maximize the use of camera information by
fusing data within the same spatial domain, the contribution from camera data alone
often proves insufficient for robust results. For example, models like BEVFusion [35]
address some of these challenges by integrating complementary information from camera
inputs, resulting in improved mAP scores of 46.4%, 41.5%, and 50.3% across various
scenarios. However, these methods do not fully account for the dynamic reliability of

each modality, particularly under conditions of sensor malfunctions.
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ReliFusion improves upon this by dynamically determining the contribution of each
modality, thereby enhancing overall robustness in the presence of sensor malfunctions.
This advantage is especially noticeable when LiDAR data is unavailable, emphasizing

ReliFusion’s effectiveness as a state-of-the-art solution in such challenging conditions.

Method Modality Clean Limited LiDAR FOV LiDAR Object Failure
(—m/2,7/2) | (—m/3,7/3) (—0,0) 50% Drop
CenterPoint [80] L 56.8/65.0 | 23.5/47.7 | 15.6/43.0 0/0 28.4/48.5
PointAugmenting [69] LC 46.9/55.6 19.5/41.2 13.3/37.7 0/0 21.3/39.4
MVX-Net [60] LC 61.0/66.1 | 26.0/47.8 | 17.6/43.1 0/0 34.0/51.1
TransFusion [1] LC 66.9/70.9 29.3/51.4 20.3/45.8 0/0 34.6/53.6
BEVFusion [35] LC 67.9/71.0 46.4/55.8 41.5/50.8 12.4/17.1 50.3/57.6
ReliFusion (ours) LC 70.6/73.2 | 52.4/59.6 | 44.9/54.8 | 24.6/39.7 53.1/60.6

Table 7.2: Comparison of SOTA methods under limited LiDAR FOV and object failure
scenarios, with mAP and NDS metrics provided.

Qualitative examples. Figure 7.1 shows three LiDAR-degradation settings used
here: FOV restrictions [—7/2,7/2] and [—7/3,7/3], and object failure via 50% point
drop inside ground-truth boxes. In all cases, BEVFusion tends to miss targets that fall
outside the active LIDAR field of view or are represented by very sparse returns, whereas
ReliFusion continues to localize them. This is because the CMCL reliability head assigns
higher confidence to the image stream when LiDAR evidence weakens, and CW-MCA
uses these scores to up-weight camera BEV features during fusion; consequently, objects
not covered by the restricted LiDAR sweep—or degraded by point dropout—remain

detectable, with box extent and heading better preserved.

7.5.1.2 Robustness Against Camera Failures

To evaluate ReliFusion’s ability to maintain performance under degraded camera condi-

tions, two experiments were conducted.
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FOV (-i/2, m/2) FOV (-n/3, /3) Object Failure

Figure 7.1: Qualitative detection results of BEVFusion and ReliFusion under LiDAR
malfunctions scenarios. Clearly, BEVFusion struggles when LiDAR input is unavailable,
whereas ReliFusion relies on camera to compensate and detect these objects. Green and
Orange bounding boxes are true positive detection and ground truth, respectively.
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Camera Failure: In the first experiment, the front camera image is removed entirely
to simulate the disconnection or failure of the camera. The remaining five cameras

continue to provide input for feature extraction.

Object Occlusion: The second experiment involves masking 50% of the image
pixels within object bounding boxes. This simulates real-world occlusions that might be

caused by obstacles or adverse weather conditions.

As showin in Table 7.3 ReliFusion demonstrates superior performance across all cam-
era degradation scenarios. When the front camera is removed, ReliFusion achieves an
mAP of 68.3%, surpassing BEVFusion by 2.4%. Under the 50% occlusion condition, Re-
liFusion maintains stable detection performance with only a 2.8% mAP drop, showcasing

its robustness in handling missing or partially corrupted visual inputs.

Method Modality Clean . iject Failure Object Occlu.sion
Missing F | Preserve F | 50% Occlusion
DETR3D [72] C 34.9/43.4 25.8/39.2 3.3/20.5 14.3/29.0
Point Augmenting [69)] LC 46.9/55.6 | 42.4/53.0 | 31.6/46.5 40.7/52.2
MVX-Net [60] LC 61.0/66.1 | 47.8.0/59.4 | 17.5/41.7 45.5/57.6
TransFusion [1] LC 66.9/70.9 | 65.3/70.1 | 64.4/69.3 65.5/70.0
BEVFusion [35] LC 67.9/71.0 | 65.9/70.7 | 65.1/69.9 65.9/70.1
ReliFusion (ours) LC 70.6/73.2 | 68.3/71.3 | 65.9/70.4 67.8/70.6

Table 7.3: Comparison of SOTA methods under camera failure and object occlusion
scenarios, with mAP and NDS metrics provided.

ReliFusion significantly enhances robustness against sensor failures, outperforming
existing methods in scenarios with missing or degraded LiDAR and camera inputs. The
reliability-driven fusion mechanism dynamically adapts to sensor reliability, ensuring

accurate detections even under adverse conditions.

7.5.1.3 Robustness under Environmental Conditions

Autonomous driving systems must operate reliably across diverse weather and illumi-

nation conditions, where both LiDAR and camera sensors are susceptible to modality-
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specific degradations. LiDAR signals are affected by atmospheric disturbances such as
rain, fog, or snow, which generate spurious reflections and reduce point density. Cam-
eras, by contrast, are particularly sensitive to low-light and high-glare conditions that
impair semantic feature extraction. To evaluate the robustness of ReliFusion under such
challenges, we conduct experiments on the Sunny, Rainy, Day, and Night subsets of the

nuScenes dataset [5], consisting of 5051, 968, 5417, and 602 frames, respectively.

The results in Table 7.4 indicate that ReliFusion achieves consistently higher detec-
tion accuracy across all subsets compared to representative baselines. Under rainy condi-
tions, where LiDAR degradation is most pronounced, ReliFusion attains an mAP /NDS
of 70.9/72.9, exceeding BEVFusion by +1.8/+1.3. This improvement reflects the contri-
bution of the reliability module, which adaptively increases the weight of camera features
when LiDAR reliability declines. In nighttime scenarios, where camera-based methods
deteriorate sharply due to poor visibility, ReliFusion attains 56.4/63.8, representing an
absolute gain of +11.9/+9.3 over BEVFusion. Although all models exhibit reduced
performance at night due to the limited size and distribution shift of the nighttime sub-
set, ReliFusion demonstrates the smallest relative decrease, underscoring its ability to
maintain balanced cross-modality fusion. These findings confirm that confidence-guided
fusion is an effective mechanism for mitigating modality imbalance in safety-critical

perception tasks.

Notably, ReliFusion exhibits only a 20.4% relative decline in mAP from daytime to
nighttime conditions, compared to 34.9% for BEVFusion, 36.3% for TransFusion, 33.6%
for CenterPoint, and 34.3% for DETR3D. This quantitatively confirms that ReliFusion
maintains substantially higher robustness under adverse illumination, reducing the rel-

ative night-time degradation by more than one third compared to leading baselines.

To improve interpretability, we analyze the predicted reliability scores of the LIDAR
and camera streams across different environmental subsets. Figure X illustrates the

average predicted reliability values under Sunny, Rainy, Day, and Night conditions.

Under rainy conditions, the average predicted LiDAR reliability decreases relative
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Method Sunny Rainy Day Night

CenterPoint [80] 60.5/67.4 57.9/65.5  60.8/65.9  40.4/49.7
DETR3D [72] 36.6/47.0  39.9/50.81  43.5/51.7 28.6/39.8
TransFusion [1]  67.2/71.2  67.8/71.0  67.6/71.3  43.1/51.2
BEVFusion [35]  68.3/71.3  69.1/71.6  68.4/71.6  44.5/54.5
ReliFusion (ours) 70.1/72.7 70.9/72.9 70.8/72.6 56.4/63.8

Table 7.4: Comparison of mAP /NDS under different weather and lighting conditions on
nuScenes.

to sunny conditions, reflecting the degradation of LiDAR returns due to atmospheric
scattering and reduced point density. Conversely, camera reliability remains relatively

stable in rain but declines significantly at night, where illumination is limited.

These trends confirm that the reliability module learns modality-specific degradation
patterns without explicit supervision on environmental labels. Importantly, reliability
values correlate with observed detection performance trends in Table 7.4, demonstrating
that the module does not assign arbitrary weights but reflects physically meaningful

sensor quality variations.

This interpretability analysis validates that reliability prediction generalizes beyond

synthetic corruption scenarios and adapts consistently to real environmental changes.

7.5.2 Ablation Study

To assess the importance of ReliFusion’s individual components in addressing sensor
reliability challenges, we conducted a series of ablation studies. These experiments were
designed to evaluate the contribution of the STFA, CW-MCA, and Reliability modules

to achieving robust detection performance under sensor degradation conditions.

The model was tested with selective removals of these modules, and the results
are summarized in Table 7.5. In the case of removing the STFA module, the model’s
performance decreased by 9.1 percent in mAP, indicating the critical role of spatio-

temporal modeling in ensuring stable object detection. Without STFA, the model is
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unable to effectively capture dynamic object motion across frames, which significantly

impacts its overall performance.

Similarly, when the CW-MCA module was removed, the model experienced a 5.5
percent drop in mAP. This demonstrates that adaptive fusion between LiDAR and
camera data is essential for handling varying sensor reliability. The CW-MCA module
allows ReliFusion to effectively adjust the weight of each modality based on its reliability,

thus improving fusion performance, especially in the presence of degraded sensor data.

The exclusion of the Reliability Module led to consistent performance drops across
all LIDAR degradation scenarios. When the LiDAR field of view was restricted to
[—7/2, /2], performance declined by 3.0 mAP, and when further restricted to [—7/3,7/3
the reduction increased to 4.6 mAP. In the extreme case of complete LiDAR removal
([0,0]), the absence of the module resulted in a gap of 4.2 mAP. For the object point
dropout scenario, performance decreased by 2.8 mAP. These results demonstrate that
the Reliability Module systematically enhances robustness by dynamically weighting
sensor contributions, enabling ReliFusion to maintain stable detection accuracy even

under severely degraded LiDAR conditions.

To further evaluate the effectiveness of the CW-MCA mechanism, we compared it
to other fusion strategies, including additive fusion and cross-attention mechanisms.
The results, presented in Table 7.7, show that additive fusion performed the worst,
suggesting that a simple combination of features does not fully leverage the potential
of multimodal data. Cross-attention, particularly when LiDAR was used as the query,
showed an improvement, but it was still outperformed by CW-MCA. The CW-MCA
method, by dynamically weighting the contributions of each modality based on sensor

reliability, consistently achieved the best results.

In summary, the ablation study confirms that each module in ReliFusion contributes
significantly to the model’s overall performance. The STFA enhances spatio-temporal
consistency, CW-MCA improves multimodal fusion, and the Reliability Module ensures

adaptive weighting of sensor inputs. The effectiveness of CW-MCA is further validated
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by comparisons with other fusion strategies, where it consistently outperforms both

additive and standard cross-attention mechanisms.

ReliFusion Modules Limited LiDAR FOV LiDAR Object Failure
STFA CW-MCA Reliability | (—7/2,7/2) | (—7/3,7/3) (0,0) 50% Drop
- - - 33.3/44.2 | 25.4/374 | 5.1/22.3 38.6/49.8
v - - 43.9/52.5 | 36.6/45.7 | 17.2/29.2 45.4/55.6
v v - 49.4/58.3 40.3/50.8 20.4/36.6 50.3/57.2
v v v 52.4/59.6 | 44.9/54.8 | 24.6/39.7 53.1/60.6

Table 7.5: Ablation study of ReliFusion components (STFA, CW-MCA, and reliability
modules) under limited LIDAR FOV and object failure scenarios, with mAP and NDS
metrics reported.

7.5.2.1 Hyperparameter Ablation: Temporal Horizon and Embedding Size

Beyond module-level ablations, we study how temporal context (7') and embedding size
(d) affect detection accuracy. We vary the STFA sequence length 7' € {2,4,6} and
the CMCL embedding d € {64, 128,256} while holding all other settings fixed. Table 7.8
reports mAP /NDS. Increasing T" from 2 to 4 improves mAP /NDS by allowing the model
to capture richer short-term temporal dynamics of object motion, while raising 7" to 6
yields only marginal gains. For the embedding, d=128 performs best; d=64 underfits

cross-modal relations, whereas d=256 increases capacity without measurable accuracy

gains.
Fusion Method AP NDS
Aggregation Method | mAPT NDSt Helon PeRo mAPY T
- Add 65.1 68.7
without STFA 67.2 71.3
. Cross/Image 66.6 70.1
Spatio 69.3 72.8 .
Cross/LiDAR 67.4 71.3
Temporal 68.9 72.6 MCA 68.3 795
Spatio-Temporal 70.6 73.2 CW-MCA 70.6 73.2

Table 7.6: Evaluating the impact of the

STFA. Table 7.7: Evaluating the impact of the

CW-MCA.
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Configuration mAP NDS

d=128 68.9  72.0
d=128 70.6 T73.2
d=128 70.5 73.1
d=64 69.4 721
d=256 70.6  73.2

N

T
SRS

Table 7.8: Impact of sequence length T" and CMCL embedding d on accuracy.

7.5.3 Runtime Efficiency and Latency Evaluation

We measure end-to-end inference latency and throughput under a controlled protocol on
a single workstation (Intel Core 19-10900K, 10 cores/20 threads; 32 GB RAM; NVIDIA
GeForce RTX 3090, 24 GB GDDR6X) running Ubuntu 20.04 with CUDA 11.3 and
cuDNN 8.2. Unless otherwise stated, batch size = 1. We run 200 warm-up iterations to
allow the system to reach steady state, then time N=1000 single-frame forwards. We
report mean latency (ms) and frames per second (FPS), where FPS = 1000/latency(ms).

Data loading and metric evaluation are excluded.

7.5.3.1 Computational Complexity

We report the number of learnable parameters (Params) and the computational cost per
forward pass, expressed in billions of floating-point operations (GFLOPs), evaluated at
the chosen input resolution and sequence length T. GFLOPs indicate the number of
arithmetic operations per frame, independent of hardware, while Params reflect model
capacity and memory footprint. For ReliFusion, computational cost arises mainly from
the camera and LiDAR BEV feature encoders, the STFA, the CMCL heads, and the
CW-MCA.

As shown in Table 7.9, ReliFusion achieves the best accuracy and the highest through-
put even though its parameter count is higher than TransFusion. This is expected
because runtime is governed primarily by FLOPs and execution efficiency, not by pa-

rameter count. ReliFusion’s per-frame compute is lower than TransFusion (~540 vs.
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Method Params (M) GFLOPs FPS1 Latency (ms) ] mAP /NDS

TransFusion 27.8 600 6.1 163 66.9 / 70.9
BEVFusion 36 550 8.4 119 67.9 / 71.0
ReliFusion 36.7 540 10.4 96 70.6 / 73.2

Table 7.9: Efficiency vs. accuracy on the nuScenes.

~600 GFLOPs) and comparable to BEVFusion (~550 GFLOPs), which translates into
higher FPS on the same hardware.

Concretely, ReliFusion concentrates compute in GPU-friendly BEV operations and
lightweight fusion: (i) STFA aggregates across a short temporal window without dense
image-BEV cross-attention; (ii) CW-MCA fuses modalities at the BEV level with a
small number of tokens, avoiding expensive query-to-pixel attention; (iii) the Reliabil-
ity/CMCL heads are compact. These design choices reduce sequential bottlenecks and
memory traffic, yielding higher FPS at a similar (or lower) GFLOP budget, while the
slightly larger parameter count improves representational capacity and contributes to

the higher accuracy.

As summarized in Table 7.10, the perception budgets ¢,e, Were calculated in Section 1.3
using the stopping-distance model and represent conservative upper bounds for each
driving scenario. Since the measured inference latency of ReliFusion is tj,; = 96 ms,
which is lower than the budget in all cases (110/140/160ms), the model meets the

required perception budgets for highway, rural, and urban driving.

Scenario tperc (MS)  tins (ms) Meets Budget?
Highway (130 km/h) 110 96 v
Rural (80 km/h) 140 96 v
Urban (50 km/h) 160 96 v

Table 7.10: ReliFusion inference latency compared against perception budgets.
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7.5.3.2 Latency Attribution per Module

For latency attribution, we take as baseline a multimodal detector consisting of the Li-
DAR and image feature extractors with additive fusion, but without any of ReliFusion’s
additional modules (no STFA, no CMCL, no CW-MCA). This baseline ensures a fair
comparison, since both sensor streams are present. We then progressively enable each
module on top of this baseline to quantify its incremental cost. Both forward (network-

only) and pipeline latency (including voxelization and BEV projection) are reported.

As shown in Table 7.11, adding STFA (7T=4) introduces a modest overhead of 4 ms,
reflecting the cost of temporal aggregation across frames. The CMCL heads add only
3ms, since they operate on compact BEV embeddings. Finally, CW-MCA contributes
an additional 5ms due to cross-modal attention, bringing the total pipeline latency to
96 ms. Overall, ReliFusion achieves higher robustness and accuracy with only a mod-
erate increase over the multimodal baseline (84 ms — 96 ms), demonstrating that the

additional modules are computationally efficient relative to their performance gain.

Configuration Forward (ms) Pipeline (ms) Incremental A (ms)
Baseline: Image + LiDAR fusion only 64 84 -
+ STFA (T=4) 68 88 +4
+ CMCL (d=128) 71 91 +3
+ CW-MCA (full ReliFusion) 76 96 +5

Table 7.11: Latency breakdown (ms). Baseline includes both image and LiDAR feature
extractors with additive fusion but no advanced modules. Each row adds one module
cumulatively, and A denotes incremental pipeline overhead relative to the previous con-
figuration.

7.5.4 Real-World Readiness: Meeting Safety-Critical Budgets

Using the measured inference latency from Table 7.9, we evaluate compliance with the
sensor-limited, brake-limited, and steer-limited budgets defined in Section 1.3. ReliFu-

sion with (T'=4,d=128) satisfies these safety-critical perception budgets.
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However, strict deployment under a 20 Hz LiDAR synchronization constraint (i.e.,
50ms perception window) represents an idealized upper bound assuming tightly cou-
pled sensing—perception—planning pipelines. The measured 96 ms latency reported here
corresponds to a research-grade implementation evaluated without low-level inference

acceleration, kernel fusion, model pruning, or hardware-specific optimization.

It is important to distinguish between (i) theoretical perception cycle targets used
in system-level motivation and (ii) measured inference time of a prototype implemen-
tation. In production autonomous systems, perception modules are typically executed
asynchronously, pipelined across hardware accelerators, or deployed on automotive-grade
SoCs with dedicated tensor cores. Under such optimized deployment settings, latency

can be substantially reduced.

Therefore, the 50 ms target should be interpreted as a design objective aligned with
high-speed sensing cycles rather than a strict constraint already satisfied by the cur-
rent prototype. The reported 96 ms latency remains within the conservative perception
budgets derived in Section 1.3 (110-160 ms depending on driving scenario), and fur-
ther optimization strategies such as mixed-precision inference (FP16), TensorRT graph

optimization, or architectural simplification could bridge the remaining gap.

7.6 Summary

This chapter showed that ReliFusion achieves 70.6 mAP and 73.2 NDS on the nuScenes
dataset, surpassing representative camera-only, LiDAR~only, and multimodal baselines
(e.g., BEVFusion, TransFusion). Under sensor degradations (limited LiDAR FOV, point
dropout, camera failure, object occlusion) and across weather /lighting subsets, ReliFu-
sion maintains higher accuracy, with especially large gains at night. On efficiency, it
runs at 10.4 FPS with a 96 ms pipeline latency. Despite a slightly larger parameter
count, throughput exceeds TransFusion because runtime is governed mainly by FLOPs

and execution characteristics; ReliFusion’s per-frame compute is 540 GFLOPs versus
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600 GFLOPs for TransFusion. The measured latency meets the perception budgets from
Section 1.3 (96 ms < 110/140/160 ms for highway/rural/urban). For strict 20 Hz Li-
DAR operation (50 ms), additional optimization (e.g., FP16, TensorRT, pipelining) or

stronger hardware would be required.
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Chapter 8

Discussion, Conclusion, and Future
Work

8.1 Discussion and Conclusion

The primary objective of this research was to enhance the accuracy, computational effi-
ciency, and robustness of LIDAR—camera fusion methods for autonomous driving percep-
tion. This objective was pursued through two complementary stages: the development
of TransfuseNet, a lightweight 2D fusion framework, and the design of ReliFusion, a

reliability-driven 3D detection model.

Accuracy under standard conditions. TransfuseNet demonstrated the benefits
of mid- and late-level feature fusion, achieving competitive performance on the KITTI
benchmark with inference latencies consistently below 40ms. This satisfied real-time
constraints and confirmed that efficient transformer-based designs can deliver accurate
perception while maintaining computational efficiency. However, its fixed-weight fusion
mechanism limited adaptability in degraded environments, such as under sensor failures

or occlusions.
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Robustness under degraded conditions. ReliFusion addressed this limitation
by incorporating reliability-driven modules, including Spatio-Temporal Feature Aggrega-
tion (STFA), Cross-Modality Contrastive Learning (CMCL), and Confidence-Weighted
Mutual Cross-Attention (CW-MCA). Experiments on nuScenes demonstrated that Re-
liFusion significantly improved robustness compared to existing baselines when facing
reduced LiDAR field-of-view, camera occlusions, and adverse weather. This highlights
the central contribution of this thesis: while TransfuseNet prioritized efficiency and ac-
curacy in nominal conditions, ReliFusion advanced robustness and adaptability without

compromising real-time feasibility.

A central factor behind ReliFusion’s robustness was its modular design. The STFA,
CMCL, and CW-MCA modules worked in concert to stabilize detection across frames,
quantify sensor reliability dynamically, and adapt fusion weights in real time. Together,
these mechanisms enabled the model to sustain performance under degraded LiDAR and
camera conditions, underscoring that reliability-driven fusion is essential for dependable

autonomous perception.

Deployment considerations. While ReliFusion achieved 96 ms inference latency
and met typical safety-critical perception budgets, strict 20 Hz LIDAR operation (50 ms)
would still require additional optimization or access to more powerful hardware. This
limitation reflects a broader challenge in translating high-performing research models

into cost-sensitive automotive platforms.

In summary, this thesis contributes to advancing multimodal perception by showing
that reliability-aware fusion strategies can bridge the gap between accuracy in standard
conditions and robustness in degraded scenarios. By explicitly incorporating sensor
reliability into the fusion process, the proposed frameworks take a step toward safer and

more dependable autonomous driving perception.
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8.2

Future Work

Several research directions arise naturally from the findings of this work:

Lightweight reliability-aware fusion: Designing compact architectures or prun-
ing methods to balance robustness with computational efficiency for deployment

on embedded platforms.

Multi-modality extension: While this thesis focuses on LiDAR-camera fu-
sion, the proposed reliability-driven framework can be extended to incorporate
additional sensing modalities such as RADAR. It offers robustness under adverse
weather and provides direct velocity measurements, complementing LiDAR geom-

etry and camera semantics.

However, incorporating RADAR introduces additional computational overhead
and architectural complexity, including modality alignment and feature dimension-
ality expansion. Future work could investigate adaptive tri-modal fusion strategies,
where reliability estimation dynamically balances LiDAR, camera, and RADAR

inputs under varying environmental conditions.

Calibration and synchronization robustness: Developing models that are
resilient to calibration errors and inter-sensor timing offsets, ensuring reliability in

real-world deployments.

Explainability of reliability-driven fusion: Future work should make the fu-
sion process more interpretable by providing insight into how reliability scores
influence sensor weighting, thereby improving transparency and trust in decision-

making.

Real-world validation: Extending experiments beyond controlled datasets to
large-scale field trials across diverse conditions, enabling validation under rare

edge cases and operational stressors.
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This thesis demonstrates that reliable autonomous perception requires not only high
accuracy but also resilience to degraded sensing. Through the design of TransfuseNet
and ReliFusion, this work advances the integration of efficiency, adaptability, and ro-
bustness, laying the groundwork for future autonomous systems that are both practical

and dependable.
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