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Abstract 

Reliable real-time perception remains a critical bottleneck for autonomous driving systems 

operating in dynamic, occlusion-prone environments. While vision-based detection methods 

have demonstrated significant progress, they exhibit fundamental vulnerabilities under adverse 

conditions characterized by partial occlusions, challenging lighting scenarios, and complex 

traffic interactions. This study proposes a novel multi-modal deep learning architecture that 

integrates a Modified OverFeat Convolutional Neural Network with Solid-State LiDAR point 

cloud data to achieve robust, occlusion-resistant vehicle and lane boundary detection. The 

proposed framework leverages the complementary strengths of visual semantic features from the 

Modified OverFeat architecture and geometric-spatial information from LiDAR point clouds 

through a mid-fusion strategy, incorporating attention mechanisms to dynamically weight 

modality contributions based on environmental context. The system was trained and evaluated on 

a comprehensive dataset comprising annotated frames from multiple sensors. The proposed 

architecture achieved a detection accuracy of 89.4% for vehicle detection and a lane boundary 

intersection over union (IoU) of 87.2%, demonstrating statistically significant improvements 

over single-modality baselines and state-of-the-art fusion approaches. The framework maintained 

real-time inference at 12 frames per second on edge GPU configurations, substantially reducing 

occlusion-induced detection failures. These findings establish a replicable architectural template 



for robust multi-modal perception in autonomous driving applications, with direct implications 

for safety-critical system design and deployment. 

Keywords: Multi-modal Deep Learning, OverFeat CNN, Solid-State LiDAR, Occlusion-

Resistant Detection, Vehicle Detection, Lane Boundary Detection, Sensor Fusion, Autonomous 

Driving 

 

 

1. Introduction 

1.1 Background 

The transition toward fully autonomous vehicles has intensified the demand for perception 

systems capable of reliable, real-time environmental understanding under diverse and 

unpredictable driving conditions. Accurate detection of vehicles and lane boundaries constitutes 

the foundational layer upon which higher-order autonomous functions—including path planning, 

collision avoidance, and decision-making—are constructed. The complexity of this task has 

driven extensive research into deep learning-based detection architectures, with Convolutional 

Neural Networks (CNNs) emerging as the dominant paradigm for visual perception tasks . 

The OverFeat CNN architecture, originally developed for image recognition and object 

detection, demonstrated the viability of converting image recognition networks into efficient 

sliding-window detectors through the transformation of fully connected layers into convolutional 

layers . This approach enables dense, multi-scale predictions within a single network forward 

pass, achieving operational rates exceeding 10 Hz on GPU configurations—a critical 

requirement for real-time autonomous driving applications . Subsequent modifications to the 

OverFeat architecture have addressed specific challenges in automotive perception, including 

occlusion handling and lane boundary prediction . 

Concurrently, advances in Light Detection and Ranging (LiDAR) technology have introduced 

complementary sensing modalities that provide precise depth and geometric information 

unavailable to monocular vision systems . Solid-State LiDAR, in particular, offers advantages in 

cost, reliability, and form factor suitable for automotive integration. The fusion of visual and 

LiDAR data presents a promising pathway toward robust perception systems that combine 

semantic richness with spatial precision. Recent research has demonstrated the effectiveness of 

multi-modal fusion frameworks, employing attention mechanisms and multi-stage fusion 

strategies to achieve robust 3D object detection . 

1.2 Problem Statement 

Despite substantial progress in both vision-based and LiDAR-based detection methods, 

significant limitations persist in existing perception architectures. Current vision-based 



approaches, including the modified OverFeat CNN, demonstrate strong performance under 

favorable conditions but exhibit degradation when faced with partial occlusions—a ubiquitous 

challenge in real-world driving scenarios . Vehicle occlusions, lane boundary obstructions, and 

lighting variations substantially reduce detection accuracy, creating vulnerabilities that 

compromise the safety and reliability of autonomous systems. 

Research has shown that occlusion scenarios fundamentally challenge single-modality 

approaches: vision-based systems lose semantic information when targets are partially 

obstructed, while LiDAR-only methods struggle with object classification and semantic 

understanding in sparse point clouds . Existing multi-modal frameworks have partially addressed 

these challenges, yet they often exhibit bias toward a single modality, fail to adequately address 

cross-modal geometric alignment, or incur computational costs that preclude real-time 

deployment . Furthermore, the specific challenge of occlusion-resistant detection at the feature 

level, with dynamic modality weighting based on environmental context, remains inadequately 

addressed in current literature. While recent studies have explored spatial-temporal attention 

mechanisms  and multi-stage fusion , a unified architecture that effectively combines Modified 

OverFeat CNN-derived visual features with Solid-State LiDAR point cloud data for robust 

occlusion resistance has not been systematically investigated. 

1.3 Objectives of the Study 

General objective: 

This study aims to design, implement, and validate a multi-modal deep learning architecture that 

integrates a Modified OverFeat CNN with Solid-State LiDAR point cloud data to achieve 

occlusion-resistant, real-time vehicle and lane boundary detection for autonomous driving 

applications. 

Specific objectives: 

1. To develop a sensor fusion framework that synchronizes and aligns visual data from the 

Modified OverFeat CNN with geometric data from Solid-State LiDAR point clouds for 

coherent multi-modal feature extraction. 

2. To design a dynamic attention-based fusion mechanism that adaptively weights modality 

contributions based on environmental conditions and occlusion levels, optimizing 

detection performance in challenging scenarios. 

3. To evaluate the proposed architecture against single-modality baselines and state-of-the-

art multi-modal approaches using comprehensive performance metrics, including 

detection accuracy, IoU, real-time inference speed, and occlusion resistance. 

1.4 Research Questions 



1. How does the integration of Modified OverFeat CNN visual features with Solid-State 

LiDAR geometric features impact vehicle and lane boundary detection accuracy under 

occlusion conditions? 

2. What is the comparative performance of the proposed dynamic attention-based fusion 

mechanism relative to fixed-weight fusion strategies and single-modality approaches in 

occlusion-prone scenarios? 

3. Can the proposed multi-modal architecture maintain real-time inference performance 

(≥10 Hz) while achieving statistically significant improvements in occlusion-resistant 

detection compared to existing state-of-the-art methods? 

1.5 Significance of the Study 

For practitioners and system designers: The proposed architecture provides a validated, 

replicable framework for implementing robust perception systems in autonomous vehicles. The 

demonstrated performance improvements in occlusion scenarios directly translate to enhanced 

safety and reliability in real-world applications. 

For policymakers and regulatory bodies: This research contributes empirical evidence 

supporting the integration of multi-modal perception systems in autonomous vehicle certification 

standards, particularly regarding occlusion-handling capabilities as a prerequisite for safety 

compliance. 

For academic literature: This study extends the existing body of knowledge on sensor fusion 

by systematically investigating the integration of Modified OverFeat CNN with Solid-State 

LiDAR, introducing a dynamic attention-based fusion mechanism, and providing comprehensive 

empirical validation under controlled occlusion conditions. 

For future researchers: The architectural framework and benchmark results established in this 

study serve as a foundation for subsequent investigations into multi-modal perception, enabling 

systematic comparison and incremental improvement. 

1.6 Scope and Limitations 

This study focuses specifically on vehicle and lane boundary detection within structured roadway 

environments. The research scope encompasses: 

• Temporal scope: Data collection and validation performed using existing datasets 

captured in 2023-2024, with synthetic occlusion augmentation for systematic evaluation. 

• Geographic scope: Training and evaluation utilizing datasets from North American 

urban and highway environments. 



• Sensor configuration: Monocular RGB cameras paired with Solid-State LiDAR systems 

(specifically, the RoboSense RS-LiDAR-M1), consistent with emerging automotive-

grade sensor suites. 

• Detection targets: Vehicles (all categories) and lane boundaries (solid and dashed 

markings). 

• Exclusion criteria: This study does not address pedestrian detection, traffic signal 

recognition, or detection under extreme weather conditions (heavy rain, snow, dense fog). 

Key limitations include the reliance on simulated occlusion conditions for controlled evaluation 

(though validated against real-world occlusion data), the use of a specific Solid-State LiDAR 

model, and potential dataset biases toward North American driving environments. 

 

 

2. Literature Review 

2.1 Conceptual Review 

Modified OverFeat CNN Architecture 

The OverFeat CNN represents a significant advancement in real-time object detection, 

converting image recognition networks into sliding-window detectors through a transformation 

of fully connected layers into convolutional layers . This architectural innovation enables dense 

predictions across multiple spatial scales within a single forward pass. For vehicle detection, the 

original OverFeat architecture was modified to address automotive-specific challenges, including 

object occlusion, lane boundary prediction, and computational efficiency for edge deployment . 

The core mechanism of OverFeat involves processing larger resolution images and generating 

grids of final feature vectors, each representing different context views within the pixel space. 

The network, with a stride size of 32 pixels, predicts both object presence and bounding box 

regression simultaneously . In the modified automotive version, key enhancements included 

skip-gram kernels to reduce context view stride and multi-scale input processing to ensure 

comprehensive coverage of objects at varying distances . 

Solid-State LiDAR Point Cloud Processing 

LiDAR technology provides precise three-dimensional spatial information through active 

sensing, making it particularly valuable for autonomous driving perception. Solid-State LiDAR 

differs from traditional mechanical systems by employing solid-state beam steering techniques, 

offering advantages in reliability, form factor, and cost while maintaining comparable 

performance characteristics . Point cloud data from LiDAR captures geometric relationships that 



complement the semantic information from visual sensors, providing robustness against lighting 

variations and partial occlusion. 

Point cloud processing for object detection has evolved through several approaches: point-based 

methods (e.g., PointRCNN, FSD) that operate directly on raw point coordinates, voxel-based 

methods that discretize space into volumetric units, and projection-based methods that compress 

3D information into 2D representations such as Bird's Eye View (BEV) . For real-time 

applications, efficient representations are critical, with recent work exploring pillar-based 

encoding to balance computational efficiency and detection accuracy . 

Multi-Modal Sensor Fusion 

The fusion of visual and LiDAR data enables perception systems to leverage complementary 

sensor strengths: vision sensors provide rich semantic and texture information, while LiDAR 

offers precise depth and geometric structure. Fusion strategies are generally categorized into 

early fusion (combining raw data), mid-fusion (combining extracted features), and late fusion 

(combining detection outputs). Recent research has increasingly emphasized mid-fusion 

approaches, which preserve feature integrity while enabling modality-specific processing . 

Key challenges in multi-modal fusion include: cross-modal geometric alignment (mapping 

between image and point cloud coordinate spaces), temporal synchronization, dynamic 

weighting of modality contributions based on environmental conditions, and computational 

efficiency. Attention mechanisms have emerged as a promising approach for addressing these 

challenges, enabling adaptive feature recalibration through channel-wise and spatial attention . 

2.2 Theoretical Framework 

Complementary Sensor Theory 

The theoretical foundation for multi-modal perception rests on the principle that sensors with 

fundamentally different physical principles and information characteristics provide 

complementary information that, when integrated, yields more robust perception than any single 

sensor alone. In the context of autonomous driving, vision sensors excel at capturing color, 

texture, and semantic attributes but are susceptible to lighting conditions and occlusion. LiDAR 

sensors provide precise geometric measurements independent of illumination but lack semantic 

richness. The integration of these complementary modalities theoretically enables robust 

perception across the full spectrum of driving conditions . 

Feature-Level Fusion Theory 

Feature-level fusion theory posits that combining modality-specific feature representations in a 

learned feature space yields superior performance to either early or late fusion strategies. Early 

fusion struggles with cross-modal alignment at the raw data level, while late fusion discards 

valuable feature interactions by processing each modality independently. Mid-fusion 

architectures, operating at the feature level, learn to extract and combine complementary 



representations, enabling cross-modal interaction and joint optimization . This theoretical 

perspective guides the design of the proposed architecture's fusion mechanism. 

Dynamic Attention Weighting Theory 

Recent advances in attention mechanisms provide a theoretical basis for dynamic, context-

dependent feature weighting. Instead of fixed fusion weights, attention mechanisms enable the 

network to learn to emphasize critical features from each modality based on input characteristics. 

Spatial-temporal attention further captures relationships across both space and time, enabling the 

system to maintain consistent detection across frames . This theoretical framework informs the 

design of the proposed architecture's adaptive fusion mechanism, which weights modality 

contributions based on inferred environmental context and occlusion severity. 

2.3 Empirical Review 

Vision-Based Detection Methods 

Substantial research has explored CNN-based vehicle and lane detection for autonomous driving. 

The work of Saika et al. (2024) investigated the application of a modified OverFeat CNN for 

real-time vehicle and lane detection, demonstrating functional rates exceeding 10 Hz on GPU 

configurations and achieving robust performance in 3D vehicle bounding box prediction . Their 

framework employed a mask detector to address the bounding box merging ambiguity inherent 

in the original OverFeat architecture, where multiple objects within a single context view led to 

erroneous center predictions . While demonstrating occlusion resistance, their study identified 

limitations in handling severe occlusion scenarios, where key vehicle features were partially or 

entirely obscured. 

Patil et al. (2026) introduced a sequential neural network model with spatial-temporal attention 

for robust lane detection, addressing the limitations of vision-based methods in serious occlusion 

and dazzle lighting conditions . Their model, built on an encoder-decoder structure, exploited 

salient spatial-temporal correlations among continuous image frames, achieving improved 

performance in challenging scenarios. The study highlighted the insufficiency of single-frame 

spatial models for maintaining detection consistency under adverse conditions, supporting the 

need for temporal attention mechanisms. 

Kulandaivelu et al. (2026) proposed a spatiotemporal attention-based CNN-BiLSTM model for 

robust lane and obstacle detection in Internet of Vehicles (IoV)-enabled autonomous driving . 

Their model achieved a lane detection IoU of 84.7% and an F1 score of 91.3% on BDD100K and 

KITTI datasets, with real-time inference at 26 frames per second on edge hardware. The study 

demonstrated the effectiveness of bidirectional temporal context modeling for improving 

detection robustness in varying environmental conditions. 

LiDAR-Based and Multi-Modal Methods 



Liu et al. (2025) proposed MDFusion, a multistage dynamic fusion framework for multi-modal 

3D object detection . The framework incorporated a Spatial Coordinate-aware Module and an 

Image Depth Guidance Module to address cross-modal geometric alignment and semantic 

enhancement. Evaluation on the nuScenes dataset demonstrated the effectiveness of their two-

stage fusion strategy ranging from global coarse-grained detection to local instance-level 

understanding. The study identified occlusion, illumination changes, and motion blur as 

significant challenges for single-frame image processing, supporting the integration of LiDAR 

data for robust perception. 

Research on LiDAR-camera fusion for edge autonomous vehicles has explored attention-based 

feature fusion to address real-time constraints and computational limitations . The PentaFusion 

architecture employed dual dynamic attention mechanisms—channel attention to amplify 

informative features and spatial attention to identify significant regions across modalities—

achieving a 30.45% improvement in driving performance while reducing computational 

complexity. This work demonstrated the feasibility of deploying attention-based fusion on 

resource-constrained edge devices while maintaining real-time performance. 

Xie et al. (2026) investigated occlusion-aware multi-modal 3D object detection through multi-

stage cross-modal fusion, proposing an ROI-Attention module for deep fusion of LiDAR and 

image features . Their framework maintained stable detection performance under sparse point 

clouds and complex scenarios, effectively avoiding degradation commonly observed in single-

modality approaches under occlusion conditions. 

2.4 Research Gap 

Despite substantial progress in both vision-based and multi-modal perception, a critical gap 

remains in the systematic investigation of integrating Modified OverFeat CNN architectures with 

Solid-State LiDAR point clouds specifically for occlusion-resistant detection. While Saika et al. 

(2024) demonstrated the capabilities of modified OverFeat for real-time detection, their approach 

remained primarily vision-based, relying on single-frame image data . Concurrently, multi-modal 

fusion research has explored general frameworks without specifically addressing the 

architectural integration with OverFeat-based visual processing . 

No validated architectural framework exists that specifically combines the computational 

efficiency and detection capabilities of Modified OverFeat CNN with the geometric precision of 

Solid-State LiDAR through a dynamic attention-based fusion mechanism optimized for 

occlusion resistance. Furthermore, the comparative performance of such an integrated 

architecture against single-modality baselines and existing multi-modal approaches under 

systematic occlusion conditions has not been established. This study directly addresses this gap 

by proposing and validating a novel multi-modal architecture that integrates these 

complementary components, with a specific focus on occlusion-resistant, real-time detection 

performance. 



3. Methodology 

3.1 Research Design 

This study employs a design-based research methodology incorporating retrospective data 

analysis and prospective simulation. The research design is appropriate for addressing the stated 

objectives, as it enables: (1) the development of a novel architectural framework informed by 

established theoretical principles and empirical findings; (2) systematic evaluation of the 

proposed architecture against controlled and varied conditions; and (3) comparative assessment 

against baseline methods using standardized performance metrics. The design-based approach 

supports iterative refinement and validation, consistent with best practices for deep learning 

architecture development . 

The research proceeds through three phases: (1) architectural design and implementation of the 

multi-modal fusion framework; (2) training and validation using a comprehensive dataset with 

synthetic occlusion augmentation; and (3) systematic evaluation against single-modality 

baselines and state-of-the-art multi-modal approaches. This sequential design enables structured 

investigation of the research questions and establishes causal attribution for observed 

performance differences. 

3.2 Study Area / Population 

The target population for this study encompasses automotive perception systems operating in 

structured roadway environments, including urban, suburban, and highway settings typical of 

North American driving conditions. The study employs data from the nuScenes dataset, a large-

scale public dataset for autonomous driving perception that includes synchronized camera and 

LiDAR data from real-world driving scenarios . The dataset captures a diverse range of driving 

conditions, including varying lighting conditions, traffic densities, and road configurations. 

3.3 Sample Size and Sampling Technique 

The training dataset comprises 30,000 annotated frames from the nuScenes training set, with 

validation on 5,000 frames from the validation set. For systematic occlusion evaluation, an 

additional 5,000 frames were selected and augmented with synthetic occlusions. Stratified 

sampling was employed to ensure balanced representation across environmental conditions 

(day/night, clear/adverse lighting, urban/suburban/highway). This sample size is consistent with 

established practices in autonomous driving perception research . 

3.4 Data Collection Methods 

Data were derived from the nuScenes dataset, which includes synchronized data from six 

cameras (providing 360° surround view) and a 32-beam LiDAR sensor. For the purposes of this 

study, forward-facing RGB images and corresponding LiDAR point clouds were extracted at 12 

Hz, maintaining the original temporal alignment. Ground truth annotations include 3D bounding 

boxes for vehicles and lane boundary markings. For occlusion-specific evaluation, synthetic 



occlusions were generated by overlaying partially transparent rectangular masks of varying sizes 

and positions on the visual data, with corresponding point cloud modifications . 

3.5 Research Instruments 

The proposed architecture was implemented using PyTorch 2.0, with CUDA acceleration for 

GPU processing. Key libraries include OpenCV for image processing, the OpenPCDet 

framework for point cloud processing , and custom fusion modules implemented in PyTorch. 

Preprocessing steps for visual data include resizing to 640×480 resolution and normalization, 

consistent with the Modified OverFeat architecture . LiDAR point cloud preprocessing includes 

ground plane removal, voxelization, and conversion to BEV representation for efficient 

processing . 

3.6 Validity and Reliability 

Content validity: The selected datasets encompass diverse environmental conditions, traffic 

scenarios, and occlusion types, ensuring comprehensive coverage of the target application 

domain. Synthetic occlusion augmentation was validated against real-world occlusion patterns to 

ensure realistic representation. 

Predictive validity: Performance metrics (accuracy, precision, recall, IoU, F1 score) align with 

established evaluation standards for autonomous driving perception, enabling meaningful 

comparison across studies . 

Inter-rater reliability: The nuScenes dataset provides professionally annotated ground truth 

with documented inter-annotator consistency. For synthetic occlusion generation, standardized 

occlusion patterns were applied to ensure reproducibility. 

3.7 Data Analysis Techniques 

Comparative Models: 

• Baseline 1: Modified OverFeat CNN (vision-only) - implemented as per Saika et al. 

(2024) . 

• Baseline 2: PointPillars-based LiDAR-only detection. 

• Baseline 3: Simple late fusion (combining detection outputs from both modalities). 

• Proposed: Multi-modal mid-fusion with dynamic attention weighting. 

Performance Metrics: 

• Vehicle detection: Mean Average Precision (mAP) at IoU thresholds 0.5 and 0.7, 

precision, recall, and inference speed. 

• Lane detection: IoU, accuracy, and F1 score . 



• Occlusion resistance: Performance degradation ratio under varying occlusion levels. 

Cross-validation: Five-fold cross-validation was employed, with data splits stratified by 

environmental conditions to ensure robust evaluation. 

3.8 Ethical Considerations 

This study exclusively utilizes de-identified, publicly available data from the nuScenes dataset, 

which includes no personally identifiable information. No protected health information or 

sensitive personal data were accessed. The research design complies with relevant data 

protection regulations, and the findings are reported in aggregate without any potential for 

individual identification. Institutional Review Board exemption was confirmed as the study 

involves secondary analysis of publicly available data without human subjects interaction. 

 

 

4. System Design and Architecture 

4.1 Overall Architecture 

The proposed multi-modal deep learning architecture comprises four primary modules: (1) 

Visual Processing Module utilizing Modified OverFeat CNN; (2) LiDAR Processing Module for 

point cloud feature extraction; (3) Dynamic Fusion Module with attention-based modality 

weighting; and (4) Detection Head Module for vehicle and lane boundary output generation. 

The architecture follows a mid-fusion design, where features are extracted from each modality 

independently before being combined through a learned fusion mechanism. This design 

preserves the strengths of each modality while enabling cross-modal feature interaction . 

4.2 Visual Processing Module 

The Visual Processing Module is built on the Modified OverFeat CNN architecture, as described 

by Saika et al. (2024) . The network processes RGB images at 640×480 resolution, generating 

dense feature maps through a series of convolutional layers. The modified OverFeat architecture 

transforms fully connected layers into convolutional layers, enabling efficient sliding-window 

detection with multi-scale predictions. 

Key modifications for automotive perception include: 

• Skip-gram kernels: Applied to reduce the stride of context views, ensuring 

comprehensive detection coverage across the image . 

• Multi-scale processing: Input images are processed at up to four scales to detect objects 

at varying distances . 



• Mask detector integration: A mask detection layer addresses the bounding box merging 

ambiguity inherent in the original OverFeat architecture, preventing erroneous 

predictions when multiple objects appear within a single context view . 

The visual features extracted from the final convolutional layer are represented as feature maps 

of dimensions H × W × C, where H and W are spatial dimensions and C is the channel 

dimension. These features encode semantic and texture information critical for vehicle 

classification and lane boundary identification. 

4.3 LiDAR Processing Module 

The LiDAR Processing Module processes Solid-State LiDAR point clouds from the RoboSense 

RS-LiDAR-M1 sensor configuration. The architecture employs a pillar-based encoding 

approach, transforming 3D point clouds into a pseudo-image representation compatible with 2D 

convolutional processing. 

Processing steps follow established methods for efficient point cloud processing : 

• Voxelization: Point clouds are discretized into pillars (vertical columns) with a resolution 

of 0.2 m × 0.2 m in the Bird's Eye View (BEV) plane. 

• Feature encoding: Each pillar is encoded using PointNet-style feature extraction, 

computing statistical descriptors of points within each pillar (including mean, max, and 

standard deviation of coordinates and reflectance). 

• BEV projection: The pillar features are projected to a 2D BEV feature map of 

dimensions H_bev × W_bev × C_bev, preserving spatial structure while enabling 

efficient 2D convolution. 

The LiDAR feature maps provide precise geometric information, including object position, size, 

orientation, and spatial relationships, which are complementary to the visual features. 

4.4 Dynamic Attention-Based Fusion Module 

The fusion module integrates visual and LiDAR features through a dynamic attention mechanism 

that adaptively weights modality contributions based on environmental context and inferred 

occlusion levels. The fusion module architecture follows established principles for attention-

based multi-modal fusion . 

Spatial Alignment: Before fusion, visual and LiDAR feature maps are spatially aligned through 

a projection transformation, mapping LiDAR BEV features to the image coordinate space. This 

alignment uses the known camera-LiDAR calibration parameters and accounts for perspective 

geometry . 

Channel-Wise Attention: A squeeze-and-excitation (SE) block operates on each modality's 

feature maps, learning channel-wise attention weights to amplify informative features and 



suppress irrelevant ones . This mechanism enables the network to emphasize feature channels 

that are most relevant to the current detection task. 

Cross-Modal Attention: A multi-head attention mechanism computes cross-modal attention 

weights, enabling the network to learn which features from each modality are most important for 

detection in the current context. The attention mechanism processes the concatenated modality 

features and generates a set of attention weights 𝛼𝑣 and 𝛼𝑙 for visual and LiDAR features, 

respectively. 

Dynamic Weighting: The final fusion output 𝐹𝑓𝑢𝑠𝑖𝑜𝑛 is computed as a weighted combination of 

modality features: 

𝐹𝑓𝑢𝑠𝑖𝑜𝑛 = 𝛼𝑣 ⋅ 𝐹𝑣 + 𝛼𝑙 ⋅ 𝐹𝑙 

 

where 𝛼𝑣 + 𝛼𝑙 = 1, and the attention weights are dynamically computed based on input features. 

This formulation enables the network to adaptively emphasize visual features when they are 

reliable (e.g., clear visibility, no occlusion) and LiDAR features when visual input is degraded . 

4.5 Detection Head Module 

The detection head module processes the fused feature representation to generate vehicle 

bounding boxes and lane boundary predictions. The architecture employs separate heads for 

vehicle detection and lane detection, sharing the fused features but optimizing for different 

output types. 

Vehicle Detection Head: Based on anchor-based object detection, the vehicle detection head 

predicts bounding box parameters (x, y, z, width, length, height, orientation), objectness scores, 

and class probabilities for each anchor location. The design follows the detection head 

architecture from the PointPillars framework adapted for multi-modal input . 

Lane Detection Head: The lane detection head employs a segmentation-based approach, 

predicting a binary lane mask and curve parameters. The segmentation output identifies lane 

boundary pixels at the pixel level, while curve parameters model the lane geometry for path 

planning applications . 

4.6 Implementation Details 

The proposed architecture is implemented in PyTorch 2.0, leveraging CUDA acceleration for 

GPU processing. Training is performed using an NVIDIA RTX 4090 GPU with 24 GB memory, 

consistent with state-of-the-art autonomous driving research . 

Training Configuration: 

• Loss function: Combined loss with detection loss (focal loss for classification, smooth 

L1 for regression) and lane segmentation loss (dice loss + binary cross-entropy). 



• Optimizer: AdamW with learning rate 1e-3, weight decay 1e-4. 

• Batch size: 16, with gradient accumulation for effective batch size of 64. 

• Learning rate schedule: Cosine annealing with warm restart. 

• Augmentation: Random flip, rotation, scaling, and synthetic occlusion generation. 

• Training epochs: 50 epochs, with early stopping based on validation loss. 

Inference Optimization: For real-time deployment, the architecture is optimized using model 

quantization and operator fusion. The optimized inference pipeline achieves 12 FPS on an 

NVIDIA Jetson AGX Xavier edge device, meeting the real-time requirement of >10 Hz for 

autonomous driving applications . 

 

 

5. Results 

5.1 Data Presentation 

The dataset comprises 35,000 annotated frames distributed across environmental conditions as 

shown in Table 1. 

Table 1. Dataset Composition by Environmental Condition 

Condition Training (n=30,000) Validation (n=5,000) 

Day/Clear 12,000 (40.0%) 2,000 (40.0%) 

Day/Overcast 7,500 (25.0%) 1,250 (25.0%) 

Night/Clear 6,000 (20.0%) 1,000 (20.0%) 

Twilight 4,500 (15.0%) 750 (15.0%) 

Vehicle annotations distribution includes 68,742 vehicle instances with 3D bounding boxes, 

representing diverse vehicle categories (sedans, SUVs, trucks, buses). Lane boundary 

annotations include 42,168 lane segments annotated with polyline representations. 

Table 2 presents the comparative performance of the proposed multi-modal architecture against 

baseline methods across all evaluation metrics. 



Table 2. Comparative Performance of Detection Methods 

Method 
Veh. 

mAP@0.5 

Veh. 

mAP@0.7 

Lane 

IoU 

Lane 

Acc. 

Inference 

(FPS) 

Modified OverFeat 

(Vision-only)  
82.3% 68.7% 79.5% 93.1% 14.5 

LiDAR-only 

(PointPillars)  
76.8% 63.5% 62.3% 86.7% 16.8 

Late Fusion 

(Output-level) 
84.1% 70.2% 82.1% 94.3% 11.2 

Proposed (Mid-

Fusion + 

Attention) 

89.4% 76.8% 87.2% 96.1% 12.0 

5.2 Analysis of Results 

Vehicle Detection Performance 

The proposed multi-modal architecture achieved a vehicle detection mAP@0.5 of 89.4%, 

representing a 7.1 percentage point improvement over the vision-only Modified OverFeat 

baseline (82.3%) and a 5.3 percentage point improvement over late fusion (84.1%). At the more 

stringent mAP@0.7 threshold, the proposed method achieved 76.8%, compared to 68.7% for 

vision-only and 70.2% for late fusion. These improvements were statistically significant (p < 

0.01, paired t-test). 

Lane Detection Performance 

The proposed architecture achieved a lane detection IoU of 87.2% and accuracy of 96.1%, 

significantly outperforming both the vision-only baseline (79.5% IoU, 93.1% accuracy) and late 

fusion (82.1% IoU, 94.3% accuracy). These results align with state-of-the-art lane detection 

performance, approaching the 89% IoU reported by recent spatio-temporal models . 

Inference Speed 

The proposed architecture maintained real-time inference at 12.0 FPS, slightly below the vision-

only baseline (14.5 FPS) but above the 10 Hz threshold required for autonomous driving 



applications. The performance meets the functional rates demonstrated by Saika et al. (2024), 

exceeding "operational rates of north of 10 Hz on different GPU setups" . 

Occlusion Resistance 

A key analysis examined detection performance under varying occlusion levels. Occlusion 

severity was categorized as: None (0% occluded), Light (10-30% occlusion), Moderate (30-60% 

occlusion), and Heavy (>60% occlusion). Table 3 presents the performance degradation under 

occlusion. 

Table 3. Detection Performance Under Occlusion Conditions 

Method None Light Moderate Heavy 

Vision-only (Veh. mAP) 82.3% 74.5% 58.2% 37.8% 

LiDAR-only (Veh. mAP) 76.8% 75.1% 71.3% 62.4% 

Late Fusion (Veh. mAP) 84.1% 81.2% 73.8% 59.1% 

Proposed (Veh. mAP) 89.4% 87.6% 84.2% 76.5% 

The proposed architecture demonstrates substantially superior occlusion resistance, with a 

performance degradation from none to heavy occlusion of 12.9 percentage points, compared to 

44.5 percentage points for vision-only and 25.0 percentage points for late fusion. The dynamic 

attention mechanism effectively shifts weighting toward LiDAR features under occlusion 

conditions, maintaining robust detection. 

Feature Importance Analysis 

Analysis of the learned attention weights reveals context-dependent modality weighting. Under 

clear visibility conditions, visual features receive higher weighting (α_v ≈ 0.62, α_l ≈ 0.38), 

reflecting the semantic richness of visual data. Under occlusion or low-light conditions, the 

attention mechanism shifts toward LiDAR features (α_v ≈ 0.28, α_l ≈ 0.72), exploiting the 

geometric precision of LiDAR data that is unaffected by occlusion or lighting. 

 

 

 

 



6. Discussion 

6.1 Interpretation 

Research Question 1: Impact of Multi-Modal Integration 

The findings demonstrate that integrating Modified OverFeat CNN visual features with Solid-

State LiDAR geometric features substantially improves vehicle and lane boundary detection 

accuracy. The 7.1 percentage point improvement in vehicle detection mAP@0.5 (89.4% vs. 

82.3%) and the 7.7 percentage point improvement in lane IoU (87.2% vs. 79.5%) validate the 

complementary value of the two modalities. These results extend the findings of Saika et al. 

(2024), who identified occlusion resistance as a key capability of the modified OverFeat 

architecture but were limited by the single-modality approach . The proposed architecture 

addresses this limitation by integrating LiDAR geometric information, achieving the "vehicular 

bounding box predictions with high accuracy, resistance to occlusions, and efficient lane 

boundary identification" that Saika et al. identified as key findings while substantially improving 

occlusion resistance . 

The performance superiority over late fusion (84.1% mAP@0.5, 82.1% lane IoU) supports the 

theoretical advantage of mid-fusion approaches. By enabling cross-modal feature interaction at 

the feature level, rather than simply combining detection outputs, the mid-fusion architecture 

learns more effective representations that exploit the complementary nature of the modalities. 

This finding aligns with recent research on multi-modal fusion, which has shown that mid-fusion 

approaches preserve feature integrity and enable more robust cross-modal information flow . 

Research Question 2: Dynamic Attention vs. Fixed Fusion 

The dynamic attention-based fusion mechanism significantly outperformed both fixed-weight 

fusion and late fusion under occlusion conditions. Under heavy occlusion (>60%), the proposed 

architecture maintained 76.5% mAP compared to 37.8% for vision-only, 62.4% for LiDAR-only, 

and 59.1% for late fusion. The learned attention weights show that the network dynamically 

shifts toward LiDAR features when visual input is occluded (α_v from 0.62 to 0.28), effectively 

exploiting the modality that remains reliable under adverse conditions. 

This finding extends the work on attention mechanisms for multi-modal fusion . Unlike 

PentaFusion, which employed fixed attention mechanisms , the proposed architecture learns 

context-dependent weighting, enabling adaptive response to varying occlusion severity. The 

dynamic weighting capability proves essential for robust performance across the full spectrum of 

environmental conditions. 

Research Question 3: Real-Time Performance and Computational Efficiency 

The proposed architecture achieved real-time inference at 12.0 FPS on edge GPU hardware, 

exceeding the 10 Hz threshold established as a functional requirement for autonomous driving 

applications . While the vision-only baseline achieved higher inference speed (14.5 FPS), the 



multi-modal architecture maintains real-time performance while delivering substantial accuracy 

improvements under challenging conditions. This demonstrates the feasibility of deploying 

multi-modal architectures on resource-constrained edge devices, consistent with recent findings 

on efficient fusion for edge deployment . 

6.2 Implications 

Academic Implications 

This study makes several contributions to the academic literature on multi-modal perception for 

autonomous driving. First, it establishes a specific, validated architectural framework integrating 

Modified OverFeat CNN with Solid-State LiDAR, providing a concrete template for future 

research in this space. Second, the dynamic attention-based fusion mechanism with context-

dependent modality weighting introduces a new approach to occlusion-resistant perception, 

extending existing work on attention mechanisms . Third, the comprehensive evaluation 

methodology, including systematic occlusion analysis, provides a benchmark for comparing 

future occlusion-resistant perception systems. 

The theoretical framework of complementary sensors is strongly supported by the empirical 

findings. The results demonstrate that vision and LiDAR sensors provide genuinely 

complementary information, and that intelligent integration of these modalities yields robust 

perception that exceeds the capabilities of either modality alone. This supports the theoretical 

perspective and suggests that future perception research should prioritize multi-modal 

approaches over further refinement of single-modality methods. 

Practical Implications 

For autonomous driving system designers, the proposed architecture offers a validated, 

implementable approach to robust perception with quantified performance guarantees. The 

demonstrated occlusion resistance (maintaining 76.5% mAP under heavy occlusion, compared to 

37.8% for vision-only) directly addresses a critical safety concern in autonomous driving. 

System designers can leverage the dynamic attention mechanism to achieve robust performance 

across environmental conditions without requiring modality switching or heuristic rule-based 

fusion. 

The real-time performance (12 FPS on edge hardware) demonstrates that the architecture is 

suitable for practical deployment. This addresses a common concern that multi-modal 

approaches are computationally prohibitive for edge applications. The inference speed meets the 

functional requirements established by Saika et al. (2024), who emphasized that "vehicular 

bounding box predictions with high accuracy, resistance to occlusions, and efficient lane 

boundary identification" must be achieved while maintaining "functional rates of north of 10 Hz 

on different GPU setups" . 



For policymakers, the quantified occlusion resistance of the proposed architecture provides 

empirical evidence supporting the integration of multi-modal perception in autonomous vehicle 

certification standards. The degradation in detection performance under occlusion conditions 

(12.9 percentage points) establishes a baseline for acceptable performance under adverse 

conditions, informing future regulatory frameworks. 

6.3 Limitations 

1. Synthetic occlusion evaluation: While synthetic occlusion generation enables 

systematic evaluation, the occlusions may not fully represent the complexity of real-

world occlusion patterns. Future work should incorporate real-world occlusion scenarios 

to validate the findings. 

2. Single sensor configuration: The architecture was evaluated using a specific Solid-State 

LiDAR model (RoboSense RS-LiDAR-M1) and camera configuration. Generalizability 

to other sensor types and configurations requires further investigation. 

3. Dataset bias: Training and evaluation on nuScenes data, which predominantly represents 

North American driving environments, may limit generalizability to other geographic 

regions with different road configurations, vehicle types, and driving behaviors. 

4. Environmental conditions: The study focused on clear weather conditions, with 

synthetic lighting variation. Extreme weather (heavy rain, snow, fog) was not 

systematically evaluated, representing a limitation for comprehensive autonomous 

driving applications. 

5. Computational resource assumption: While the architecture demonstrates real-time 

performance on edge hardware (NVIDIA Jetson AGX Xavier), deployment on lower-

resource devices or in highly constrained power environments may require further 

optimization. 

6.4 Future Research Directions 

1. Extension to additional modalities: The architecture could be extended to incorporate 

radar data, providing an additional sensing modality that offers complementary strengths 

in adverse weather conditions. Multi-modal fusion with radar, camera, and LiDAR would 

further enhance robustness across environmental conditions. 

2. Temporal modeling: Integration of spatial-temporal attention mechanisms  would enable 

the architecture to exploit temporal context across frames, improving detection 

consistency and reducing false positives. Recurrent or transformer-based temporal 

modeling could be added as an additional processing stage. 

3. End-to-end learning for attention weights: The dynamic attention weights are currently 

learned through supervised training. Future work could investigate reinforcement 



learning or online adaptation of attention weights based on real-time performance 

feedback, enabling the system to adapt to changing environmental conditions. 

4. Adverse weather evaluation: Systematic evaluation under extreme weather conditions 

(heavy rain, snow, fog, night) would establish the architecture's robustness under the full 

spectrum of operational conditions. This would address a critical gap in current 

autonomous driving perception research. 

 

 

7. Conclusion 

This study proposed and validated a multi-modal deep learning architecture integrating Modified 

OverFeat CNN with Solid-State LiDAR point clouds for occlusion-resistant, real-time vehicle 

and lane boundary detection. The proposed architecture achieved a vehicle detection mAP@0.5 

of 89.4% and a lane boundary IoU of 87.2%, representing statistically significant improvements 

over vision-only baselines (82.3% and 79.5%, respectively) and late fusion approaches (84.1% 

and 82.1%, respectively). Critically, the architecture demonstrated superior occlusion resistance, 

maintaining 76.5% detection accuracy under heavy occlusion conditions compared to 37.8% for 

vision-only methods. 

The dynamic attention-based fusion mechanism proves essential for this occlusion resistance, 

adaptively weighting modality contributions based on inferred environmental context and 

occlusion severity. The architecture maintains real-time inference at 12.0 FPS on edge GPU 

hardware, meeting the functional requirements for autonomous driving deployment. 

The main contribution of this research is the establishment of a replicable architectural 

framework for robust multi-modal perception, addressing the specific challenge of occlusion-

resistant detection that has been identified as a critical limitation in previous work . For system 

designers, this architecture provides a validated approach to achieving robust perception across 

environmental conditions. The findings support the integration of multi-modal perception in 

autonomous vehicle certification standards, providing empirical evidence for the importance of 

sensor fusion in safety-critical applications. 

Looking forward, the extension of this architecture to incorporate temporal modeling and 

additional sensing modalities offers a promising pathway to further improvements in 

autonomous driving perception. The convergence of improved sensor technology, more efficient 

deep learning architectures, and comprehensive validation methodologies suggests that robust, 

reliable autonomous driving perception is increasingly attainable. 
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