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Motivation-Prevailing methods often overlook that misalignment is Method-(a) Prior Guided Depth Calibration (PGDC) and (b) Discontinuity
not randomly distributed, but originates from two pri mary sources: Aware Geometric Fusion (DAGF), proactively mitigate multi-sensor feature
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Prevailing methods often overlook
that misalignment is not randomly
distributed, but originates from two
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Figure 1. LIDAR points from the distant wall (cyan) are incorrectly projected onto the foreground vehicle (which should appear red) due to identify these specific regions, locating

a sharp depth change. In contrast, the boundary between background objects like the wall (light cyan) and garage (dark cyan) is correctly real misalignment and accurately
projected thanks to a gradual depth transition. This shows that misalignment is most severe at abrupt foreground-background boundaries. solving it while maintaining already
And our motivation is to rectify misaligned points while maintaining already aligned points. aligned regions, as illustrated in Fig.

1(C).



The overall architecture consists of three
synergistic modules:
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This paper proposes a multi-modal 3D detection framework based on the unified Bird's Eye-View (BEV) space and fuses
"Look Before You Fuse" principle, designed to address the spatial them with LiDAR BEV features, ultimately
misalighment between LiDAR and camera features through proactive pre- achieving 3D object detection that is both

alignment. highly accurate and robust.



Table 1. Performance comparison of 3D object detection methods on the nuScenes validation set across 10 classes: Car (C), Truck (T),
Construction Yehicle (CV), Bus (B), Trailer (Tr), Barrier (Ba), Motorcycle (M), Bicycle (Bi), Pedestrian (P), and Traffic Cone (TC).

Method Present at mAP NDS c T v B Tr Ba M Bi P TC
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Table 3. Ablaton study of owr three proposed modules on
nuscenes datasel. LT 15 an abbreviation for latency.

PGDC DAGF 5{':DM|mAP{%} NDS (%) LT (ms)

- : . e . : e : z i . " x % 67.9 71.0 +0.0

(d) Edge weight map G (BEVFusion) (e) Edge weight map G (GraphBEV) (1) Edge weight map G (Ours) P & p 60.8 175 +13.0
b v v 69.0 71.6 +7.0

vy v v 71.5 73.6 +15.0

Tuble 5. Ablation study on the impact of 2D detectors.

: : : 2D Prior Source mAP (%) NDS (%)
{g) BEVFusion (h) GraphBEV (1) Ours

Random Priors 68.5 71.2
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Figure 4. {a) Represents the original projected depth. (b) Represents the projected depth after applying Discrepancy Masking. (c¢) Shows YOLO-X Priors 70.3 12.5
the block-wise depth map after Block-based Densification: (d). (e). and (f) are the final depth change magnitude maps of different methods Realistic 2D Priors (YOLOvY) 715 13.6
after Block-based Gradient Extraction. {g), (h) and (i) are visualization of detection results, in which green boxes are True Positives (TP), Ground Truth 2D Priors 73.5 74.2

solid red boxes are False Positives (FP), and dashed red boxes are False Negatives (FN). It is obvious that our method (f) outperforms
GraphBEV (e} and BEVFusion (d) because we accurately delineated regions with drastic depth variations and avoided over-smoothing.
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Table 6. Impact of different 2D prior qualities on PGDC module Camera Features |\ 2D Camera Features Enhance Module § | Hyper Parameters
configurations.
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