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Abstract: RGBT target tracking has gained widespread application in fields such as video surveillance and
autonomous driving due to its robustness and resistance to illumination and occlusion. By leveraging the
common challenging attributes in infrared and visible light images and fully interacting between the two mo-
dalities, an effective tracking network was constructed, capable of overcoming the impacts of various ad-
verse scenarios encountered during the tracking process. This network was composed of three modules:
the specific attribute fusion module, the common attribute fusion module, and the cross-modality interac-

tion module. The specific attribute fusion module enabled the network to extract modality-specific chal-
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lenging attributes, effectively utilizing the advantages of different modalities. The common attribute fusion
module extracted features that were matched in both modalities during target tracking and adaptively aggre-
gated this information. It assigned corresponding weights to each common challenging attribute, thereby
enhancing the tracker’s adaptability. The cross-modality interaction module incorporated common modali-
ty information into the specific modality information of infrared and visible light images, thus improving
the network's robustness. To address the issue of information loss across different modalities, the tradi-
tional cross-entropy loss was optimized to enhance focus on each modality and accelerate network conver-
gence. The proposed network is tested on the GTOT, RGBT234, and LLasHeR datasets, achieving an ac-
curacy of 84.1% and a precision of 57.3% on the RGBT234 dataset, 52.3% and a precision of 39.1%

on the Lasher dataset. The results demonstrate that the tracker has achieved commendable performance,

which validates the effectiveness of the proposed method.
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Fig. 8 Evaluation results on the RGBT 234 dataset
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Tab.2 PR/SR of the proposed tracker for different attributes of the RGBT 234 dataset

Num MANet MDNet DAPNet CAT ADRNet APFNet Our
NO 41 91.4/64.9  81.2/59.0  90.4/64.4  93.2/66.8  89.8/64.8  93.4/66.4  93.7/66.3
PO 96 83.1/58.4  74.7/50.9  82.1/57.4  85.1/59.3  82.7/58.2  85.0/58.7 = 88.8/63.4
HO 96 66.5/45.9  63.3/43.2  66.0/45.7  70.0/48.0  70.9/49.4  72.9/49.0 72.5/48.2
LI 63 81.7/56.0  58.9/39.6  77.5/53.0  81.0/54.7 79.8/54.5  82.3/54.4  87.3/60.6
LR 50 78.5/51.3 66.0/44.5  75.0/51.0  82.0/53.9  80.2/54.2  82.9/54.8  86.7/60.8
TC 28 72.9/52.9 74.8/53.0 76.8/54.3 80.3/57.7 79.7/57.8 82.1/57.3 82.9/57.5
DEF 76 72.3/52.4  66.4/46.8  71.7/51.8  76.2/54.1 72.1/51.2  77.1/54.6 76.5/53.6
FM 32 71.1/45.5  63.2/39.3  67.0/44.3  73.1/47.0  73.9/48.8 78.2/49.2 78.6/49.3
SC 120 77.8/54.8  73.9/51.9  78.0/54.2  79.7/56.6 78.5/56.1 82.1/56.5  82.4/56.7
MB 55 66.8/48.2  62.4/44.2  65.3/46.7  68.3/49.0  70.6/50.6 72.8/53.0  71.5/52.6
CM 89 69.9/50.5  61.3/43.3  66.8/47.4  75.2/52.7  73.9/52.3 76.3/54.5  83.3/59.0
BC 54 75.6/49.8  62.5/41.8  71.7/48.4  81.1/51.9 74.3/50.2  80.6/52.4  80.4/51.3

FPS - 1.1 1 2 20 25 1.9 3.5
ALI 234 77.8/54.4  71.0/49.0  76.6/53.7  80.4/56.1 79.2/55.8  82.7/57.9  84.1/57.3

®3 GTOTHRERKBEMIELER
Tab.3 Results of challenge attribute in GTOT dataset

N ILL- TC- CONNON-
GRS
Branch Branch Branch
ILL 43.4% 37.3% 39.7%
TC 88.5% 89.2% 87.2%
COMMON 72.8% 72.4% 74.9%

R4 RGBT2MHFEHEMBBEMBEER
Tab.4 Results of challenge attribute in RGBT 234 dataset

. ILL- TC- CONNON-
G TS
Branch Branch Branch
ILL 65.3% 57.3% 59.4%
TC 68.9% 75.3% 67.6%
COMMON 62.3% 68.4% 70.3%
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Fig.9 Results of the evaluation on the Lasher dataset
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Fig. 10 Visualization of tracking results for different frames under different video sequences in the Lasher datase
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Tab.5 Ablation experiments
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