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As a critical task in autonomous driving perception, 3D object

detection is essential for environmental understanding and opera-

tional safety. Recent studies have advanced from simple bird’s-eye-

view (BEV) transformations to sophisticated multi-modal fusion

paradigms. Representative frameworks such as TransFusion [1]

and ProFusion3D [2] demonstrate the effectiveness of transformer-

based queries for bridging LiDAR and camera streams, while BEV-

Fusion [3], DeepInteraction [4], and Mv2DFusion [5] further im-

prove performance through tighter cross-modal integration. How-

ever, these approaches largely rely on a “perfect sensor” assump-

tion, namely that both modalities provide reliable observations

with accurate spatial calibration. In real-world scenarios, this as-

sumption is often violated by environmental interference and hard-

ware malfunctions, which may corrupt one modality and propagate

errors through the fusion pipeline. Consequently, robust 3D per-

ception under severe sensor degradation remains challenging in two

aspects: (i) recovering semantically consistent features from cor-

rupted observations, and (ii) suppressing cross-modal noise prop-

agation during fusion. To address these challenges, we propose

Ro3DOP, which combines high-dimensional feature reconstruction

with geometry-constrained dual-attention fusion for robust 3D ob-

ject perception. Methodologically, Ro3DOP is characterized by

three aspects: active reconstruction of corrupted features, LiDAR-

driven initialization of input-aware object queries, and LiDAR-

guided attention for noise-resilient cross-modal interaction.

Method. Ro3DOP addresses the above challenges through two

tightly coupled components, as illustrated in Figure 1(a). HD-

FR reconstructs semantically consistent visual features from cor-

rupted observations, while the dual-attention fusion module per-

forms geometry-constrained cross-modal interaction to suppress

noise propagation and refine 3D object detection.

HD-FR. We model the corrupted feature X ∈ R
C×W×H as an

incomplete observation of a high-dimensional tensor which encodes

multi-dimensional structural and semantic dependencies. To ad-

dress incomplete tensors caused by sensor failure, HD-FR focuses

on structured recovery and exploits the structural and semantic

correlations within multi-modal inputs, ensuring that the restored

features maintain global coherence. The reconstruction task is

formulated as an optimization problem, seeking to recover a se-

mantically consistent tensor Y :

min
Y,U

1

2
||Y − TD(U1,U2,U3)||

2

F + Ls(Y), (1)

where TD(·) represents the tensor decomposition into latent fac-

tor tensors Uk and the decomposition rank R is determined by the

feature manifold’s intrinsic dimension, effectively balancing repre-

sentation fidelity and memory consumption. To anchor the struc-

tural recovery, the regularization term Ls(Y) incorporates a mask

tensor M (identified via sensor self-diagnosis) and an indicator

function to enforce global consistency with available observations.

This unsupervised proximal optimization framework ensures sta-

ble convergence and preserves local details under extreme noise.

Dual-attention fusion mechanism. Ro3DOP adopts a two-

stage decoding process. Initially, input-aware object queries Qobj

are initialized from LiDAR BEV feature maps via heatmap-based

hotspots, providing accurate spatial anchors.

Qobj = Top-N(Pool(φ(FL))), (2)

where FL denotes the LiDAR BEV feature map, φ is the heatmap

perception head, and Pool is a 3 × 3 max-pooling operation

for local-maximum extraction. By selecting the Top-N high-

confidence hotspots as initial spatial anchors, this input-driven
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Figure 1 (a) The proposed framework consists of a high-dimensional feature reconstruction module and a dual-attention fusion decoder.

(b) Quantitative comparison of average precision (AP) and inference speed (FPS) with representative multi-modal fusion baselines under 90%

camera noise. Bold values indicate the best results for each metric. Detailed explanations are provided in the Supplementary file.

strategy ensures that queries are localized in potential target re-

gions from the outset, significantly accelerating convergence com-

pared to input-agnostic methods. Subsequently, we introduce the

LiDAR-guided attention (LGA) mechanism to achieve resilient

cross-modal integration. For a scene with n targets, a multi-peak

spatial weighting function Wi is constructed by aggregating indi-

vidual Gaussian kernels centered at ci:

Wi = exp

(

−
‖p− ci‖

2

2

2σ2

)

, i ∈ {1, 2, · · · , n}, (3)

where p denotes a location on the image feature map, ci is the

center of the i-th object hypothesis, and σ controls the spatial tol-

erance. The resulting weight reweights the cross-attention map to

emphasize object-related regions and suppress noise-contaminated

visual responses. By using LiDAR-derived geometric priors as soft

constraints, LGA improves robustness under severe sensor degra-

dation and mitigates the effect of minor calibration errors.

Experiments. We evaluate Ro3DOP on the nuScenes-ArtNoise

benchmark, which is specifically designed to simulate severe sensor

degradation, and compare it against recent state-of-the-art fusion

methods under the same challenging conditions. As summarized

in Figure 1(b) and further detailed in the Supplementary Mate-

rial, existing multi-modal baselines generally maintain relatively

high accuracy for large objects, but their performance deteriorates

markedly on small and geometrically sparse targets when exposed

to severe noise. In contrast, Ro3DOP achieves 91.1% AP for cars

and 94.3% AP for pedestrians, while showing a particularly no-

table advantage for bicycles, where it reaches 65.0% AP and sur-

passes DeepInteraction by 21.6% under 90% camera noise. These

results demonstrate that HD-FR effectively restores semantically

critical visual information from corrupted observations, while LGA

suppresses noise propagation during cross-modal fusion and im-

proves the reliability of feature interaction. Despite the additional

iterative reconstruction step, Ro3DOP still runs at 3.34 FPS on

an NVIDIA RTX A6000 GPU, remaining competitive with recent

fusion baselines and demonstrating a favorable balance between

robustness and efficiency.
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