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Abstract. By using sensor fusion and deep learning technologies, the perception capabilities of autonomous driving systems 
are advancing. This paper proposes an all-terrain, all-weather, single-sensor fusion framework. The four components of the 
system are cameras, LiDAR, radar, and inertial/ultrasonic sensors. The neural network architecture precisely integrates the 
extracted features in both time and space through attention-based fusion. A large number of experiments on distributed 
high-performance computing systems were conducted on the KITTI and nuScenes datasets. According to the above 
experiments, the proposed hybrid fusion model outperforms early fusion and single-modal baseline methods, achieving an 
accuracy of 0.91 during the day and an accuracy of 0.80 at night or under adverse weather conditions. The range of the 
median and the standard deviation of the results are both very small under different weather conditions. Based on the 
ablation experiments, each sensor has its own advantages. In terms of system efficiency, they can reach up to 27 frames per 
second on the RTX 3090 graphics card, and all have stable power consumption and memory. In summary, the 
aforementioned structure strikes an appropriate balance between detection performance, computational efficiency, and 
robustness to sensor degradation. This lays the foundation for the application of autonomous driving in real life. 
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Introduction 
With the development of autonomous driving technology, the demand for perception systems to accurately 
identify various dynamic and unstructured objects in the road environment is increasing [1]. In order to ensure 
the safety of autonomous vehicles, a robust perception system is required. Inertial measurement units, LiDAR, 
radar, and cameras are typically components of this system [2]. The first-generation algorithms may be affected 
by adverse weather, low light conditions, and urban populations [3]. In order to enhance environmental 
perception and leverage the advantages of multiple sensors, multi-sensor fusion technology has recently begun 
to be adopted [4]. Early probabilistic frameworks help integrate important data [5]. Based on deep learning 
technology, it has recently been used for the fusion and improved extraction of heterogeneous data [6]. The 
aforementioned new model has expanded the operational range of autonomous driving and improved scene 
recognition and grouping capabilities [7]. As new problems arise in practice, many now believe that traditional 
algorithms can no longer solve these issues and that new algorithms are needed [8]. 

When deploying multi-sensor fusion technology for autonomous driving in the real world, there are still some 
serious issues [9]. Sensor synchronization errors, calibration drift, and mismatched data often lead to a decrease 
in the system's actual detection rate and speed [10]. Decision-level, feature-level, and data-level fusion 
strategies will have different impacts on the overall stability of the system, as well as its resistance to certain 
sensor failures and environmental changes [11]. Deep fusion networks are generally more accurate, but they 
are more expensive and less suitable for low-latency and resource-constrained embedded systems [12]. Mean 
Average Precision (mAP) and other traditional evaluation metrics have failed to address the issues that arise in 
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high-risk and rare applications [13]. There is no public dataset for testing general fusion algorithms that includes 
variations in light and shadow, adverse weather conditions, or partial occlusions [14]. In light of the 
aforementioned shortcomings, it is imperative to immediately establish a unified and comprehensive evaluation 
system to ensure the reliability of algorithms in all operational driving environments [15]. 

This paper proposes a unified multi-sensor fusion framework to achieve robustness in autonomous driving. Here 
are the precedents. First, a fusion architecture is proposed. This architecture is designed to handle the 
differences and misalignments of various sensors and ensure stable operation under various environmental and 
operational uncertainties. Secondly, establish a general experimental process that covers various lighting and 
weather conditions as well as occlusion scenarios, and comprehensively test the fusion strategies. Thirdly, 
ablation studies and efficiency analysis will be conducted. The purpose of this paper is to provide specific 
references on the trade-offs between computational cost, robustness, and perception accuracy. The 
aforementioned advancements lay the foundation for the deployment and further development of autonomous 
driving systems with flexibility and real-time capabilities. 

Related Work 

Traditional Multi-Sensor Fusion Methods 

Robots and autonomous driving systems initially used rule-based and probabilistic methods to address the 
shortcomings of single-sensor systems in multi-sensor fusion [16]. At the sensor level, early fusion methods used 
Kalman filtering, Bayesian inference, and Dempster-Shafer theory to combine data [17]. Although data-level 
fusion can reduce noise and stabilize signals, it is usually not applicable to handling fundamentally asynchronous 
or different data from different sensors [18]. Joint histograms and feature vector concatenation are relatively 
new feature-level methods. They improve robustness by combining high-level representations from 
independent sensor channels [19]. Decision-level fusion makes the final decision by using the outputs of all 
sensors through a weighted confidence model or voting scheme [20]. The aforementioned traditional methods 
are mathematically simple and effective in structured environments, but they are usually not reliable enough 
under high dynamic conditions, when encountering sensor failures, or in the non-linear scenarios of modern 
autonomous driving. 

Deep Learning-Based Fusion Algorithms 

Deep learning has recently been used to integrate various data, and it can help automatically learn the best 
feature representations and their interconnections [21]. Early fusion networks are typically directly connected 
to a single neural network that processes low-level feature extraction or raw sensor data [22]. According to the 
noise or partial degradation characteristics of each sensor, different weights are assigned in multi-branch or 
attention-based models to enhance the robustness of the model [23]. Data, feature, or decision-level can be 
used. Due to its flexibility and ability to learn higher-order correlations between different modalities, feature-
level fusion is becoming increasingly popular [24]. These deep models have already reached the limits of 
detection and segmentation accuracy; they typically require a large amount of data and computational 
resources to achieve good generalization. 

Public Datasets and Evaluation Metrics 

Several large-scale public datasets have already been created for research on multi-sensor fusion in autonomous 
driving, to promote progress and provide reliable benchmarks. Many popular datasets, such as KITTI, nuScenes, 
and the Waymo Open Dataset, have been collected in various environments under different conditions, 
providing rich real-world annotations for all these domains. To promote the development of fusion algorithms, 
there are datasets of varying difficulty, such as simple highway scenes and complex urban intersections. These 
evaluation metrics are common: precision, recall, mean Average Precision (mAP), and F1-score. These metrics 
showcase different aspects of detection and classification capabilities. Due to the higher demands on vehicle 
reliability in unusual driving conditions, some researchers have recently begun to focus more on robustness 
metrics and edge case testing in their work. Overall, these shared resources and standardized procedures lay 
the foundation for fair comparisons and reproducible experiments in the field. 
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Methodology 

Sensor Data Preprocessing 

High-quality multi-sensor fusion perception requires basic preprocessing of sensor data. Due to hardware 
limitations of sensors, network delays, and other factors, time and spatial inconsistencies often occur in 
autonomous driving. Therefore, synchronization is also necessary at this time. Consider the sensors 𝒮𝒮 =
{𝑆𝑆1, … , 𝑆𝑆𝑛𝑛} , which collect environmental data at times 𝐭𝐭 = {𝑡𝑡1, … , 𝑡𝑡𝑛𝑛} . In order to temporally align each 
observation, alignment offsets 𝜏𝜏 = {𝜏𝜏1, … , 𝜏𝜏𝑛𝑛} are introduced to ensure they are consistent with each other. 
Therefore, regularization optimization strategies can be used to determine the minimum time offset that is both 
accurate and stable for the system: 

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
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+ 𝜆𝜆𝜏𝜏‖𝜏𝜏‖2 Eq.(1) 

Once temporal alignment is addressed, spatial alignment through extrinsic calibration becomes equally critical. 
Each sensor's local coordinate frame must be mapped to a shared world reference. This transformation for any 
source point 𝐩𝐩source  involves a rotation 𝐑𝐑 and translation 𝐓𝐓, often computed via calibration targets or geometric 
approaches: 

𝒑𝒑target = 𝑹𝑹 ⋅ 𝒑𝒑source + 𝑻𝑻 Eq.(2) 
The average reprojection error represents the calibration quality of heterogeneous sensors. This metric 
represents the difference between the actual position of the measurement point and the position determined 
by the calibration parameters. This difference is referred to as systematic alignment error: 

𝐸𝐸reproj =
1
𝑀𝑀
�  
𝑀𝑀

𝑚𝑚=1

�𝒑𝒑𝑚𝑚, measured − �𝑹𝑹 ⋅ 𝒑𝒑𝑚𝑚, ref + 𝑻𝑻��
2
 Eq.(3) 

Beyond alignment, noise and artifacts from environmental uncertainties or sensor defects must be mitigated. 
Denoising operators 𝒟𝒟(⋅) are tailored to each modality. For example, statistical outlier removal in LiDAR can be 
realized as: 

𝑥̃𝑥𝑖𝑖 = �𝑥𝑥𝑖𝑖 ,  if |𝑥𝑥𝑖𝑖 − 𝜇𝜇| < 𝑘𝑘𝑘𝑘
 discard,  otherwise  Eq.(4) 

where 𝜇𝜇  and 𝜎𝜎  are the local mean and deviation, ensuring retention of valid points while filtering outliers 
robustly. 

Finally, data augmentation is essential in supporting model generalization in rare or critical driving scenarios. 
Each clean data instance undergoes multiple stochastic transforms 𝒯𝒯𝑘𝑘 −  including rotations, intensity 
perturbations, or synthetic occlusions - increasing both the size and diversity of the training dataset: 

𝒳𝒳aug = � 
𝐾𝐾

𝑘𝑘=1

𝒯𝒯𝑘𝑘(𝒳𝒳clean ) Eq.(5) 

This practice ensures the fusion model does not merely memorize but learns representations robust to the 
complex, often adversarial nature of real-world environments. 

Fusion Network Architecture Design 

An effective multi-sensor perception fusion network should be able to flexibly display and integrate these 
sources. As shown in Figure 1, the proposed architecture designs independent backbone encoders for multiple 
modalities. These modalities include convolutional neural networks (CNN) for camera images, point-based 
transformers for LiDAR data, and temporal convolutional layers for radar sequences. This approach enables the 
model to extract rich and modality-specific features, resulting in intermediate representations 𝐅𝐅𝑐𝑐 ,𝐅𝐅𝑙𝑙  and 𝐅𝐅𝑟𝑟  
computed in parallel for each data stream. 
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Figure 1. High-level architecture of the proposed multi-sensor fusion neural network 

 
Before these attributes can be used for subsequent calculations, they must be mapped to the same semantic 
space. Apply a learned linear transformation to the feature maps of each modality, and then consistently fuse 
them for subsequent processing: 

𝒛𝒛𝑠𝑠 = 𝑾𝑾𝑠𝑠𝑭𝑭𝑠𝑠 + 𝒃𝒃𝑠𝑠 Eq.(6) 
where 𝐖𝐖𝑠𝑠  and 𝐛𝐛𝑠𝑠  are parameters learned independently for each modality 𝑠𝑠, and 𝐳𝐳𝑠𝑠  denotes the embedded 
feature vector. This step ensures that differences in feature dimensionality or statistical distribution across 
sensors do not hinder holistic integration. 

To combine these aligned features, a cross-modal attention module is applied. This mechanism enables the 
network to focus on the most informative and reliable sources in varying scenarios. The attention logit for 
assessing the relationship between modalities 𝑖𝑖 and 𝑗𝑗 is given by: 

𝑒𝑒𝑖𝑖𝑖𝑖 = 𝒒𝒒𝑖𝑖⊤𝒌𝒌𝑗𝑗 + 𝑏𝑏𝑖𝑖𝑖𝑖 Eq.(7) 
where 𝐪𝐪𝑖𝑖  and 𝐤𝐤𝑗𝑗  represent query and key vectors obtained from learned projections of the modality 
embeddings, and 𝑏𝑏𝑖𝑖𝑖𝑖  is a bias term. These logits encode the mutual compatibility and relevance between 
features extracted from different sensors. 

To guarantee that fusion weights capture relative importance, the logits are normalized through a softmax 
operation across all available sensor branches for each context position: 

𝛼𝛼𝑖𝑖𝑖𝑖 =
𝑒𝑒𝑒𝑒𝑒𝑒 �𝑒𝑒𝑖𝑖𝑖𝑖�

∑  𝑛𝑛
𝑘𝑘=1  𝑒𝑒𝑒𝑒𝑒𝑒 (𝑒𝑒𝑖𝑖𝑖𝑖) Eq.(8) 

This normalization produces a set of attention weights 𝛼𝛼𝑖𝑖𝑖𝑖  that sum to one and allow dynamic prioritization. In 
practice, the network may assign higher weights to LiDAR features at night or elevate radar when vision is 
occluded. 

With attention weights established, the final fused feature is calculated as a weighted sum of each modality's 
embedding: 

𝒛𝒛fused = � 
𝑛𝑛

𝑠𝑠=1

𝛼𝛼𝑠𝑠𝒛𝒛𝑠𝑠 Eq.(9) 

Here, 𝛼𝛼𝑠𝑠 encapsulates the contextual trust in sensor 𝑠𝑠, ensuring the output feature is robust to sensor failures 
and environmental uncertainty. Subsequently, this fused representation is used as input for the shared decoder 
network. There are multiple output heads responsible for performing various tasks, including semantic 
segmentation, 3D object detection, and free space estimation. 
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At the same time, the network is optimized using a combined loss function to balance detection, segmentation, 
and other auxiliary learning objectives, achieving stability and generalization capabilities: 

𝐿𝐿total = 𝜆𝜆det ⋅ 𝐿𝐿det + 𝜆𝜆seg ⋅ 𝐿𝐿seg + 𝜆𝜆aux ⋅ 𝐿𝐿aux  Eq.(10) 
The loss coefficients 𝜆𝜆det , 𝜆𝜆seg , and 𝜆𝜆aux  are tuned to balance the network's emphasis according to deployment 
priorities, such as maximizing precision versus computational speed. 

This modular and attention-based design can reliably handle missing or noisy sensor data. Moreover, various 
components such as task-specific decoders, sensor arrangements, and backbone networks can be easily 
replaced to quickly adapt and conduct ablation studies. 

Fusion Workflow and Implementation 

For industry standards of early, late, and hybrid fusion, the workflow of multi-sensor fusion is systematic and 
incremental, and sufficiently flexible. Early fusion allows the raw or lightly preprocessed sensor streams to be 
concatenated before feature extraction. 

𝒙𝒙early = [𝒩𝒩1(𝑥𝑥1)‖𝒩𝒩2(𝑥𝑥2)‖… ‖𝒩𝒩𝑛𝑛(𝑥𝑥𝑛𝑛)] Eq.(11) 
where 𝒩𝒩𝑖𝑖  is any signal normalization and all sensors are projected to a shared spatial/temporal domain. 

In late fusion, feature extraction and inference are performed separately for each sensor, and only the results 
(e.g., predicted labels or bounding boxes) are combined at the decision level. 

𝑦𝑦final = 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹([𝑦𝑦1, 𝑦𝑦2, … , 𝑦𝑦𝑛𝑛]) Eq.(12) 
Here, the fusion operation may be a learned weighted sum, a confidence-weighted voting scheme, or another 
task-suited aggregator. 

Hybrid fusion employs learnable coupling at strategic network layers, capturing richer crossmodal relationships. 
Intermediate representations from each modality at layer 𝑙𝑙, i.e., 𝐡𝐡𝑖𝑖

(𝑙𝑙), are transformed together with: 

𝒉𝒉fused 
(𝑙𝑙) =  FusionLayer (𝑙𝑙)��𝒉𝒉1

(𝑙𝑙),𝒉𝒉2
(𝑙𝑙), … ,𝒉𝒉𝑛𝑛

(𝑙𝑙)�� Eq.(13) 
To implement this theory, a modular block-based pipeline was established for data collection and labeling; 
preprocessing for synchronization and denoising; feature extraction based on a backbone network; decision 
computation; adaptive fusion at multiple fusion points; and inference output. As shown in Figure 2, the pipeline 
is suitable for large-scale, high-throughput, and memory-efficient design. The total processing time of the main 
modules for batch inference determines the system-level batch inference throughput: 

 Throughput batch =
𝑁𝑁sample 

𝑇𝑇prep + 𝑇𝑇forward + 𝑇𝑇fuse 
 Eq.(14) 

where 𝑁𝑁sample  is the batch size, and 𝑇𝑇prep ,𝑇𝑇forward ,𝑇𝑇fuse  are the preprocessing, forward inference, and fusion 
latencies, respectively. 

The aforementioned design concept will build a universal platform to facilitate relatively simple benchmarking 
and widespread use in many areas of sensor systems and autonomous vehicles. 

 
Figure 2. Block diagram of the end-to-end sensor fusion workflow. 
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Experiments and Analysis 

Experimental Setup 

All experiments in this paper were conducted on a high-performance distributed computing platform. The 
platform includes 512 GB of RAM, an AMD EPYC 7742 64-core CPU, and four NVIDIA RTX 4090 GPUs, each with 
24 GB of dedicated memory. Using CUDA 12.1 and cuDNN 8.9 for GPU acceleration in deep learning, with 
corresponding optimizations, and Ubuntu 22.04 LTS as the software foundation. PyTorch 2.1 and Python 3.10 
are the foundational libraries for the experimental code. To reduce computational and memory requirements, 
mixed precision training and the AdamW optimizer were chosen. Distributed synchronous SGD and multi-node 
scaling maintain statistical consistency for large-batch training across all runs [25]. 

During evaluation, KITTI and nuScenes are two reliable and distinct benchmarks. A total of 6,432 training scenes, 
1,380 validation scenes, and 1,380 test scenes were obtained, with fully synchronized image, point cloud, and 
radar frame sequences selected solely from KITTI, and a 70/15/15 split at the scene level was performed to 
prevent data leakage. The nuScenes dataset was processed in the same way, containing only fully aligned multi-
sensor segments. In the end, nuScenes obtained 19,926 training samples, 4,271 validation samples, and 4,271 
test samples. To ensure that operational diversity reflects real-world deployment scenarios, the two datasets 
were stratified by scene, weather, and urban-rural ratio [26]. 

Robustness in preprocessing was ensured by enforcing standardized input for each modality, as described in 
Section 3. For KITTI, image data were resized to 1242 × 375 pixels and nuScenes to 1600 × 900. LiDAR point 
clouds were discretized into voxel grids of 0.1 m3, and radar data were normalized to 128 × 128 range-intensity 
maps. All samples underwent precise spatiotemporal synchronization, with extrinsic calibration errors verified 
to remain consistently below a centimeter. Augmentation protocols included random rotations up to ±10∘ , 
multiplicative intensity jitter between 0.9 and 1.1, and synthetic simulation of adverse weather conditions (such 
as periodic fog or synthetic precipitation), thereby augmenting the dataset's ability to challenge model 
generalizability [27]. 

Networks were initialized using the Kaiming scheme, chosen for its empirical stability in deep architectures. 
Training proceeded for 80 epochs with a batch size of 16 per GPU. The learning rate started at 0.002 and decayed 
to 10−5 via cosine annealing. In the absence of improvement in validation loss, early stopping was used, with a 
dropout rate of 0.2 and L2 regularization (𝜆𝜆 = 10−4) added. Until fusion is performed in the middle or later 
layers, each sensor uses an independent backbone feature extractor, which is consistent with the method in 
Section 3.2. Early fusion (EchoNet), mid-fusion (MVFNet), and late decision fusion (LateFuseNet) networks serve 
as comparative baselines, along with their unimodal versions used for ablation experiments. To ensure 
reproducibility and statistical reliability, all the aforementioned metrics were computed multiple times using 
three different random splits [28]. 

All evaluations meet the official task metrics; for example, mAP at IoU of 0.5, 0.7, and 0.9 reports overall results 
and results for each category. Semantic segmentation is evaluated by the mean Intersection over Union (mIoU), 
and when applicable, the official Multi-Object Tracking (MOT) benchmark is used to evaluate multi-object 
tracking. The following are the mean and standard deviation of the results. The computation and analysis of 
runtime latency and throughput used the native PyTorch profiler. All time data includes the overhead of data 
loading, preprocessing, and model inference. To determine the cause of high latency, the latency of each step 
in preprocessing, single-modal forward pass, fusion computation, and detection head readout was also broken 
down in chronological order [29]. 

The raw data input, metric records, and fully documented analysis scripts constitute the complete system of this 
experiment. In order to support further research by the community, the code repository and materials needed 
to reproduce the results will be made publicly available after publication [30]. 

Quantitative and Qualitative Results 

Tested all operational conditions and typical cases on the new fusion model and compared it with previous work. 
The evaluation metrics are detection accuracy and precision-recall curves. These metrics were obtained through 
the holdout method and are statistically reliable. Therefore, the conclusions drawn are universal [31]. 
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First, the model is tested under different real-world environmental conditions. Figure 3(a) shows the detection 
accuracy values under five different lighting conditions: daytime, dawn, dusk, nighttime, and artificial light. 
During the day, the detection accuracy of the hybrid fusion model is 0.91, higher than early fusion (0.89), late 
fusion (0.85), individual camera (0.82), and individual LiDAR (0.86). These methods show relatively significant 
differences under nighttime and low-light conditions. Nevertheless, our proposed method achieved high 
accuracy rates of 0.80 and 0.83, while the accuracy rates of unimodal and traditional fusion baselines 
significantly decreased (nighttime only camera: 0.55; early fusion: 0.72; late fusion: 0.69). Overall, the accuracy 
significantly improved under low visibility conditions (p < 0.01; Wilcoxon test), indicating that multi-sensor fusion 
can mitigate the adverse effects of reduced visual information. 

Figure 3(b) shows the distribution of detection accuracy under five representative weather conditions in the 
form of a violin plot: sunny, rainy, foggy, snowy, and overcast. The early fusion model's median dropped below 
0.78 under snowy and foggy conditions, but the mixed model maintained a small standard deviation and a 
median above 0.85 under all weather conditions. For example, on foggy days, the interquartile range of the 
mixed model is [0.83, 0.87], with a minimum outlier of 0.81; the interquartile range of the early fusion model is 
wider, at [0.73, 0.81], and it has more instances of poor performance. Extreme external factors can prevent 
distributed networks from functioning properly [32]. 

The scatter plot in Figure 3(c) of the modal-specific contribution analysis shows the relationship between the 
uncertainty and accuracy of samples for each individual modality and key fusion combination. The average 
accuracy of the experiments using only the camera was 0.78, with an uncertainty of 0.12; the average accuracy 
of the experiments using only the LiDAR was 0.81/0.10, and the average accuracy of the radar experiments was 
0.74/0. The accuracy and uncertainty of the fusion for the camera and LiDAR are 0.86/0.07 and 0.83/0.09, 
respectively. The mixed settings demonstrated a good average accuracy (over 0.85) and low uncertainty (below 
0.08), proving the advantages of context-aware adaptive sensor fusion. 

 
Figure 3. Multi-Scenario Object Detection Performance (a) Detection accuracy under varying lighting conditions. (b) Accuracy distribution 

across weather scenarios. (c) Modality-wise accuracy and uncertainty trade-off. 
Figure 4(a) presents a comprehensive comparison of detection performance under various fusion strategies and 
reports the precision-recall curves of at least five methods, including the proposed hybrid attention network, 
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early fusion, mid-fusion, late fusion, and sensor loss variants. At a recall rate of 0.75, the accuracy of the hybrid 
fusion surpassed that of early fusion, reaching 0.88. However, at the same recall rate, the accuracy of early fusion 
is only 0.80. At high recall rates, the curves for mid-term and late fusion are generally lower, with the accuracy 
of late fusion being below 0.75 at high recall rates. The sensor loss model performed the worst under recall 
pressure, scoring below 0.7 for difficult samples. 

Figure 4(b) shows the overall F1 scores of all the main models. The F1 score of the hybrid model reached a 
maximum of 0.87, which is 0.06 higher than the early fusion score of 0.82, and higher than the mid-fusion score 
of 0.79, the late fusion score of 0.78, and the baseline for example, in the hybrid model, the F1 score for cyclists 
is 0.81, while using late fusion it is 0.66. This is a significant improvement made in the category of easily damaged 
objects. Moreover, it helps improve the practical safety performance of robust sensor fusion [33]. 

As shown in Figure 4(c), the F1-score remains relatively stable after different random partitions of the dataset. 
The box plot shows that the interquartile range of the hybrid method is smaller (0.86-0.88) and the outliers are 
fewer (<0.84). The distribution range for early and late fusion is larger (early: 0.79-0.83; late: 0.76-0.80), and the 
performance fluctuations are greater. Low variance indicates that the mixed model is more stable and less 
sensitive to data changes. 

 
Figure 4. Detection Precision-Recall and F1 Score Analysis (a) Precision-recall curves of five fusion strategies. (b) F1 scores of principal 

models. (c) F1-score distribution across dataset splits. 
Conducted a systematic error analysis to investigate the causes of failures and their possible relationships with 
scene complexity, occlusion, and sensor malfunctions. Figure 5(a) depicts the relationship between the error 
rate (FN + FP) and the degree of occlusion. The error rates of the mixed method and early fusion are 0.08 and 
0.11, respectively, and 0.55 and 0.65, respectively, in the occlusion range from 0% to 80%. Compared to using 
only the camera, the error rate of the hybrid method is significantly lower when the occlusion intensity increases. 
Therefore, the hybrid model is more robust to visual blur. 

Radar chart 5(b) shows five main robustness indicators: false alarm stability, sensitivity to sensor loss, adverse 
weather, partial occlusion, and nighttime operation. The scores for hybrid fusion are between 0.85 and 0.93 on 
all axes, averaging over 0.88. Late fusion and unimodal methods showed a decline in adverse weather conditions, 
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with a minimum score of 0.69 and 0.70 when sensors were lost. These aspects all demonstrate the advantages 
of the new design. 

Figure 5(c) depicts the breakdown of recognition errors. The number of false positives (17) and false negatives 
(13) in mixed fusion is relatively low, far surpassing those in late fusion (24/18) and sensor loss (29/25). The 
"error localization" box errors and missed detections of the hybrid model are also fewer, and the distribution of 
errors is closer to the less severe error types. This error redistribution helps in the construction of a safety system. 

 
Figure 5. Model Error Modes and Robustness Profile (a) Error rate evolution under increasing occlusion. (b) Robustness metrics comparison 

of five methods. (c) Error type distribution for each evaluated approach. 
Attention-based sensor fusion methods improve the detection accuracy and precision-recall trade-off of sensors, 
enhancing resilience to some of the most common causes of autonomous driving failures. When released as 
open source, the analysis results will be provided along with the original data, statistical code, and segmentation 
annotations. 

System Efficiency and Ablation Study 

Effective testing has been conducted to determine whether the proposed hybrid fusion system can operate 
normally across various processing environments and hardware platforms. Conduct comprehensive 
performance analysis and fine-grained statistical sampling to determine the high-level inference latency and 
resource consumption at each stage of the pipeline. 

The five main components of end-to-end inference latency have been classified as: sensor data preprocessing, 
backbone feature extraction, fusion operations, detection heads, and post-processing. As shown in Figure 6(a), 
the backbone stage accounts for the largest proportion of the total latency, averaging 13 milliseconds on the 
RTX 3090, which is 34% of the total latency. The latency of the Jetson Xavier ranges from 13 milliseconds to 23 
milliseconds. Fusion time is 10–16 milliseconds (average of 12.7 milliseconds across all platforms), preprocessing 
time is 7-14 milliseconds (average of 10.3 milliseconds), detection head time is 5-8 milliseconds, and post-
processing time is 3-6 milliseconds. Hardware selection is also an important factor; the average inference time 
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for the NVIDIA RTX 3090 is 37 milliseconds per frame (approximately 27 frames per second), while the inference 
times for the T4 and Jetson Xavier are 51 milliseconds (approximately 19.6 frames per second) and 84 
milliseconds (approximately 12 frames per second), respectively, as shown in Figure 6(b). The parallelized tensor 
attention in the system reduces bottlenecks and maintains stable performance scaling; specifically, throughput 
increases linearly with batch size (for example, on the RTX 3090, it is 318 FPS with a batch size of 16), and the 
relative latency per frame remains relatively stable across all environments. 

At each stage and on each hardware, twelve samples were collected for memory utilization analysis. 
Subsequently, the mean and variance were calculated. As shown in Figure 6(c) (grouped bar chart), backbone 
feature extraction requires more memory. On T4, the observed values range from 2.5 GB to 2.9 GB (mean value 
of 2.7 ± 0.1 GB), while the backbone memory usage on RTX 3090 is approximately 2.0 ± 0.1 GB. The fusion and 
detection modules (T4) are 1.8±0.1 GB and 1.2±0.1 GB, respectively. Preprocessing and postprocessing are 
always kept below 0.9 GB (for example, postprocessing averages 0.7±0.05 GB). The memory configuration of the 
pipeline is relatively stable, as the bar chart only shows a few small outliers. 

To study the power consumption per frame in embedded and automotive applications, KDE curves were created 
from 40 samples of each hardware platform. Figure 6(d) shows the center and distribution of the power. The 
power of the RTX 3090 fluctuates between 31.0 W and 37.8 W (average 33.9 ± 1.6 W), showing a right-skewed 
distribution with a long tail. The power distribution of the T4 is relatively small, ranging from 17.0 to 21.4 W 
(average 19.0 ± 1.2 W), while the power distribution of the Jetson Xavier is very concentrated (minimum 10.2 
W, maximum 13.0 W, average 11.8 ± 0.8 W). The KDE curve and the original sample points can be overlaid to 
show the power envelope under different distributions, which aids in statistical analysis. 

 
Figure 6. (a) Pipeline Stage Latency Distribution (b) Inference Speed (c) Memory Utilization per Stage and Hardware (d) Per-frame Power 

Consumption Density 
In order to gain a detailed understanding of the impact of various sensors and the required modules, a large 
number of ablation experiments were conducted. Figure 7(a) shows a grouped bar chart of detection accuracy 
(mAP), which displays the detection accuracy of all sensor combinations. By integrating all sensor modes, the 
highest mAP value is 0.870, while the "no LiDAR" configuration drops to 0.770 (-11.5%) and 0.795 (-8.6%). 
Excluding radar reduces the mAP to 0.844; removing the IMU and ultrasonic sensors results in 0.859. The mean 
and standard deviation of five independent runs for each configuration are consistent, with the standard 
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deviation being less than 0.01 in all cases. By adding radar, the recall rate of distant targets increased by 2.7 
percentage points. In addition, some IMU/US sensors further reduced mislocalization in dynamic occlusions. 

Figure 7(b) shows the impact of architecture hyperparameters. For each accuracy sample, KDE used five typical 
network architectures: "shallow," "default," "deep," "wide," and "dropout" (n=55). The peak validation accuracy 
of the "deep" variant is 0.881, while the peak validation accuracy of the "wide" variant is 0.883. However, their 
variance is greater (with a standard deviation of up to 0.015), and they are more likely to exhibit low-value 
outliers. The center of the default design is 0.870, and most accuracy values are between 0.863 and 0.876. Due 
to the shallow and dropout configurations, the median and maximum accuracy are significantly lower (the 
median is below 0.859). In addition, their KDEs have flatter and wider distribution curves. This ridge line style 
overlay graph shows the average performance and the probabilities of the best and suboptimal results. The 
distribution can help in selecting the reliability and effectiveness of parameters. The system has anti-ablation 
capabilities, with good efficiency and predictable resource usage. The sample distribution and clearly reported 
minimum, maximum, mean, and variance all support the above statements. These findings can be used for real-
time safety issues in autonomous driving [34]. 

 
Figure 7. (a) Detection Accuracy by Sensor/Modality Inclusion (b) Validation Accuracy Distribution by Architecture Setting 

Conclusion 
This paper focuses on algorithm design and system-level efficiency, introducing a comprehensive study on a 
hybrid multimodal sensor fusion framework for real-time autonomous perception. The architecture integrates 
high-resolution cameras, LiDAR, radar, and inertial/ultrasonic signals into a deep learning inference pipeline. To 
verify the system's stable real-time performance, high throughput scalability, and fault tolerance in the event of 
sensor failures or malfunctions, extensive experiments were conducted on various hardware platforms, such as 
the resource-limited Jetson Xavier embedded processor and the high-performance RTX 3090 GPU. Based on the 
above research results, parallel attention modules and optimized computation graphs were adopted in the 
fusion network. By using these modules, detection accuracy, inference speed, memory consumption, and power 
efficiency can be significantly improved. According to the results of the ablation study, each sensing module is 
indispensable, and the design can be adjusted according to various environmental conditions. Due to these 
features, the proposed framework will become a top-tier solution for next-generation intelligent transportation 
and advanced driver assistance systems. 

The above results are not without flaws. The generalization ability under changes in long-tail distribution and 
rare weather or sensor failure events remains an unresolved issue. Current methods are relatively stable under 
noise and occlusion, but improvements are still needed when used in adversarial samples or other special 
environments not covered by the training data. Hardware adaptive scheduling and tensor optimization have 
been introduced, but the asynchronous timing of sensors, limited network bandwidth, and thermal constraints 
in system-on-chip designs may still affect its practical application outside the laboratory. The fixed modular 
structure cannot support the dynamic reorganization or personalization of integrated workflows, but it is 
relatively easy to understand and use. 
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Future research will have the following paths. One direction is to enhance the generalization ability and self-
supervision robustness of fusion architectures, so that they can maintain stable perception in new operational 
environments, unusual events, or when actively countering interference. In the research of advanced 
uncertainty quantification and automatic sensor fault diagnosis, Bayesian fusion or meta-learning techniques 
may help enhance the reliability of systems in safety-critical environments. In order to improve the efficiency 
and stability of various CPU, GPU, and embedded accelerator workloads of heterogeneous vehicles under 
different hardware conditions, engineering proposals should consider adaptive resource allocation and fine-
grained workload migration. Finally, through Vehicle-to-Everything (V2X) connectivity, large-scale real-world 
deployment and collaborative multi-agent fusion will be achieved, significantly enhancing the system's 
scalability and situational awareness capabilities, surpassing the levels achievable by single in-vehicle processing. 
The goal of the aforementioned method is to develop reliable sensor fusion models that can perform well in 
controlled experiments and in complex, unstructured real-world environments. 
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