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Abstract: RGB cameras often suffer from image quality degradation in challenging scenarios such as motion blur
and extreme lighting conditions, which limits the performance of existing RGB-based tracker. Event cameras, with their ad-
vantages of high temporal resolution, high dynamic range, and low latency, can effectively compensate for the shortcomings
of RGB sensors, making RGB-Event object tracking a gradually emerging research focus. However, existing methods heavi-
ly rely on the imaging quality of event cameras. When the object is stationary or moving at low speeds, event signals fail to
provide effective discriminative information due to the lack of intensity changes, thereby constraining the robustness of

trackers in complex scenarios. To address the above issues, this paper proposes an RGB-Event object tracking method guid-
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ed by geometric priors. Considering that both event signals and corner/edge signals are sensitive to object edge regions, and
that RGB images can provide stable spatial geometric structure information in the absence of event signals, this paper em-
ploys corners and edges as geometric prior guidance signals to enhance the representational capability of the event modality.
To achieve effective fusion, two geometric prior guidance strategies are designed: 1) a pixel-level guidance strategy, which
concatenates the extracted corner/edge grayscale maps with event images along the channel dimension as direct input to the
tracking model; and 2) a feature-level guidance strategy, which separately extracts high-level features from event images
and corner/edge maps, and adaptively learns fusion weights through a signal quality assessment module to achieve dynamic
weighted fusion of features. Both strategies offer good compatibility, can be conveniently integrated into existing RGB-
Event trackers, enhancing tracking robustness under poor event modality imaging quality with low computational overhead.
The proposed method is integrated into three advanced RGB-Event trackers, namely TENet, ViPT, and SDSTrack, and ex-
perimental validation is conducted on three public datasets: VisEvent, COESOT, and FE240hz. The results demonstrate that
the geometric prior guidance strategy significantly improves tracking accuracy, particularly in challenging scenarios such as
object stationary, deformation, and partial occlusion. Taking TENet as an example, the success rate(SUC) and precision rate
(PRE) on the FE240hz dataset are improved by 1.6% and 2.3%, respectively; on the COESOT dataset, which covers various
tracking scenarios, the two metrics are improved by 0.8% and 1.2%, respectively; and on the VisEvent dataset, gains of
0.4% and 0.5% are achieved, respectively. In summary, the proposed geometric prior guidance method effectively alleviates
the information deficiency problem of event cameras in low-dynamic scenarios by introducing corner/edge information as a
complement to event signals, providing an efficient and robust solution for RGB-Event object tracking. Our codes are ath-
ttps://github.com/LLLzw444/Enhancement-strategy-of-TENet.
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Figure 1  The motivation of this research
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Figure 2 Pixel-level geometric prior guidance strategy
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Figure 3  Feature-level geometric prior guidance strategy
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Figure 4 Performance comparison with other advanced trackers on the VisEvent dataset
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Table 1 Performance comparison with other advanced trackers on the COESOT dataset
=2 AFNet HDETrack CEUTrack CSAM TENet ViPT SDSTrack | Ours(TENet) | Ours(ViPT) Ours(SDSTrack)
SUC 0.592 0.531 0.627 0.681 0.684 0.683 0.670 0.692 0.684 0.672
PRE 0.678 0.641 0.760 0.767 0.765 0.767 0.757 0.777 0.770 0.756
FPS 36 105 75 53 55 58 31 50 54 30
TE AR AR AL
F2 SHMEPRIREETE FE240h, #iEE FRMEAELLEL
Table 2 Performance comparison with other advanced trackers on the FE240hz dataset
€N AFNet HDETrack | CEUTrack TransT TENet ViPT SDSTrack | Ours(TENet) | Ours(ViPT) Ours(SDSTrack)
SUC 0.584 0.598 0.556 0.639 0.635 0.645 0.645 0.651 0.636 0.647
PRE 0.870 0.922 0.845 0.930 0.914 0.924 0.933 0.937 0.910 0.921
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Table 3 The impact of different geometric prior guidance strategies on

tracking performance

IS suc PRE

TENet 0.601 0.736

TR LB TR 0.604 0.741
FEFHREH 5| TR ME(SQA) 0.601 0.740
FETRHE A5 3 RN (38 X E ) 0.598 0.735
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Figure 5 Visualization examples of detection results from different corner/edge algorithms

F4 RESGISESRNE AR
Table 4 The impact of different guidance signal extraction algorithms on
tracking performance
I ‘ \ st
sk | o FF Tk ST LB Tk Sk
TENet | ORB |Harris | SIFT | KAZE | Sobel | Laplace | Canny | CNN
SUC | 0.600 [0.604|0.602 [0.5990.600 |0.600| 0.599 |0.603|0.597

PRE| 0.736 |0.741|0.740 {0.739|0.738 |0.737| 0.740 |0.741|0.735

3.3.3 RIEERSH

AR5 L)L TENet fy B R | 7F VisEvent 2045 % I
XFLE T LR 77 FPS 6 Am L i 2R B : TENet FRER 45
FF CPU MM SN T, UL LT CPU M GPU i
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Table 5 The impact of extracting the guiding signal on model

tracking efficiency unit: fps
Ours(CPU) Ours(GPU)
&br | TEN fass %k fad | % | fas | %
BN et S LZ M L2
"BY | BT

5% | 515 | 519 | 91%
FPS | 383 | 2743 | 846.9 | 345 | 348 | 377 | 365

3.3.4 EMUHSH

AR X B TR T B AT, 6 JER
TR H LA 5 5 51 S 5 s TENet' ™! # B 7E VisEv-
ent " BCHE AR Y 17 B0 OR [ R P4 ARG R R A
S F B TR TE 10 JE BRI E M R R RE AL TR
f TENet B R) . 5101, 76 G\ He AR A A H AR B 728 g ok
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0.571 F10.381, F¢ylih , 76 Hbr i k5t F AT
AT UL A 11 35 o R A B OSTrack , H: SUC F PRE
53 314 0.556 F10.681, BIMKF TENet, MiFEFTMAES  FM0 R4 TILAER ST, fRug s R A X H br
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F6 7E VisEvent BB 17 Bk B IRER 14 A7t b

Table 6 A comparison of tracking performance across 17 challenging attributes on the VisEvent dataset

BT T 3.0% Al 1.7%, 7€ PRE $8 45 3 ST+ T
3.5% M 1.3%, X SegE FE ], 51 A 550 28005

‘ TENet ffi#171°(ORB) %7515 (Sobel)
R suC PRE suc PRE suc PRE
5 2L (Background Clutter) 0.572 0.706 0.570 0.705 0.572 0.703
W 5 W11438 3h(Background Object Motion) 0.564 0.699 0.561 0.700 0.563 0.698
AHHLIZ Bj(Camera Motion) 0.585 0.713 0.580 0.711 0.576 0.705
L5 fi(Fast Motion) 0.583 0.711 0.580 0.709 0.575 0.698
%I (Low Illumination) 0.606 0.746 0.593 0.731 0.593 0.724
1B A (Motion Blur) 0.512 0.619 0.510 0.612 0.487 0.590
HALEF(Out-of-View) 0.451 0.553 0.442 0.554 0.439 0.549
A b8 fE(Aspect Ration Change) 0.555 0.674 0.571 0.693 0.569 0.690
HFRIE AL (Deformation) 0.361 0.447 0.381 0.463 0.374 0.458
SEAEERS(Full Occlusion) 0.432 0.564 0.447 0.588 0.446 0.577
JEHEAZ K (Mumination Variation) 0.609 0.743 0.610 0.753 0.603 0.737
H #5# 1k(No Motion) 0.585 0.699 0.615 0.734 0.602 0.712
433 (Partial Occlusion) 0.489 0.623 0.512 0.655 0.506 0.642
H bR (Rotation) 0.524 0.617 0.541 0.634 0.530 0.617
W17 £k (Viewpoint Change) 0.625 0.751 0.638 0.765 0.626 0.749
1 B BEE(Over Exposure) 0.566 0.736 0.569 0.734 0.570 0.734
JUEAE Ak (Scale Variation) 0.573 0.709 0.577 0.715 0.578 0.712
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Figure 6

Visualization examples of RGB modal images, event modal images, edge guidance signals, and corresponding tracking network feature maps
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