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EvR-DETR: Event-RGB Fusion for Lightweight End-to-End Object Detection

ZHOU Bingquan,JIANG Jie, CHEN Jiangmin and ZHAN Lixin

College of System Engineering, National University of Defense Technology,Changsha 410073, China
Abstract Event cameras based on neuromorphic spike signals can provide information about illumination changes,compensating
for the performance degradation of traditional RGB cameras in object detection under adverse environments. However, existing
methods fusing event cameras with conventional cameras suffer from large model parameters and non-end-to-end training approa-
ches, which restrict the effectiveness of modality fusion. To address this,this paper proposes a lightweight end-to-end object de-
tection framework that integrates event and RGB information through multi-granularity fusion of multi-scale features across dif-
ferent network levels. By implementing lightweight fusion modules with reparameterized convolutions and enabling end-to-end
training » the proposed framework enhances the model’s capability to extract complementary information from both modalities,
overcoming challenging conditions in autonomous driving. Evaluated on the large-scale PKU-SOD dataset containing vehicular
visual data under low-light, high-speed motion blur,and normal illumination scenarios,the proposed method significantly reduces
model parameters compared to state-of-the-art multimodal approaches while improving detection accuracy and inference speed,
demonstrating superior performance over existing methods.

Keywords Object detection, Neuromorphic camera, Autonomous driving.Deep learning, End-to-end object detection, Event-base-

dobject detection, Light-weight object detection
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Fig. 1 Visualization of event data
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Fig. 2 Comparison of RGB andevent image in different scenarios
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Fig. 3 Comparison of algorithms for fusing RGB images and event data for object detection
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Fig. 7 RepConv reparameterization diagram
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Table 1 Performance comparison with other object detection

benchmark models on PKU-SOD

wA ok sk mapy/y PEHA/
SSD-eventsi21) >60x100  22.1 7.2
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Spatial- Temporal DETRI3] 42105 33.4 25.0
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RGB # & JDF[8] >60X 100 44.2 8.3
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EvR-DETR(AK X ¥ %) 44X 105  52.9 31.4
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Fig. 8 Chart of performance parameter comparison bubble
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Fig. 9 Qualitative object detection results comparison in various scenarios
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Table 2 Comparison of related metrics for DETR-based models

%)

A 7k GFLOP mAPg mAPy mAP;
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RT-DETR[!*] 20.6 17.5 33.7 16.5

% RGB SODFormer13] 62.5 14,4 28.5 45,4

FHE EvR-DETRCAK X 7 #%) 36.8 18. 1 40.1 55.6
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Table 3 Ablation study results on modality types and fusion stages in low-light scenarios
%)
A< 2h AN B

b Y # RGB S :j; & b g\GB mAP mAPs, mAPzs mAPg mAPy mAP],
N - — 13.6 34.4 8.8 7.7 16.3 52.4

1% 58 N/ - - 15.2 36.1 11.5 13.4 16.4 39.9
& N N < 18. 6 42.9 13.7 12.9 20.7 56.8
V ~ N 21.2 52.1 15.0 16. 6 21.6 58.5

2) e 37 T R OGS He

TE s S B 7 5 T L 6 Rl AR T R RS A
FobJr kR 2 F M, sk 4 Bral, B .
We RS 7E mAP f5 48 LIEE T 22, 000, B T R W A&
19 7THRITT 2.3 M H b A X —RIFERAR TR
191 Rl BE 8 7 R A 4R BUS FE 2 AT 4R A AL AT RGB AR AL

B9 EAME R DT BE A AL Hb 4 B bR B 3h 3SR SRR AE
Fe A B = B R 43 9 R RE 0 B R B B Y B AR T
RGBHIHLMEM T EE WS HERE . HESG. B FES
TR W OKE BE L M Sh, M Rl S 7E mAP, mAPs, , mAPg;
mAPs,mAPv »mAP, %38 tr L WA B B8R T . 500k 2
T46.6%,17.7%,13.4%,29. 1% F1 46. 2% , A% T - 4
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Table 4 Ablation study results on modality types and fusion stages in high-speed motion scenarios

(%)

3 & s Rehi mAP mAP5, mAPzs mAPg mAPy; mAPy
e RGB 1 RGB

N - — 13.5 30. 8 10. 2 5.6 20. 1 33.7

EES N - — 18. 1 38.7 14.6 11.2 24.3 41.1

3 & N N NG 19.7 41.8 15.8 10. 8 27.0 15.5

NG N N 22.0 46. 6 17.7 13.4 29.1 46.2

3)IEH T T I Rl L
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Table 5 Ablation study results on modality types and fusion stages in normal scenarios
%)
A A B
& # e b & mAP mAPz, mAP75 mAPg mAP mAP;
F#H RGB * RGB
NG - - 17.0 37.5 .1 8.2 30.7 57.9
I N 27.2 55.8 .0 20.7 39.9 57.8
bR S N/ NG N/ 25.7 52.6 22.2 17.5 38.0 65. 4
N N N/ 27.3 55.5 23.4 19.4 45.2 68.4
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Table 6 Ablation study results on modality types and fusion stages in all scenarios
73]
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