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Enhanced target tracking algorithm with reversible
multi-branch bimodal adaptive fusion

GENG Li-zhi,ZHOU Dong-ming, WANG Chang-cheng,LIU Yi-song,SUN Yi-qiu

(School of Information Science and Engineering, Yunnan University , Kunming 650500, China)

Abstract : Due to the strong complementarity between visible light and infrared images, more attention has been focused
on tracking through the joint information of these two modalities. However,in existing tracking algorithms ,hthe inability
to effectively learn the complementary information of both and mine modality-specific features limits the performance of
the tracker. In responseto this issue, a reversible multibranch bimodal adaptive fusion network for tracking is
proposed. Firstly,a tri-branch structured network is designed for separate learning of thermal infrared,visible light, and
their shared characteristics. This design not only maximizes the utilization of shared modal information,but also preserves
the differential characteristics between infrared and visible data as well as the rich detail information. Furthermore ,an a-
daptive module for modal feature interaction is introduced to efficiently mine complementary modal information and filter
out redundant data. Extensive experiments conducted on multiple public datasets proves the effectiveness of this tracker,
particularly showcasing remarkable anti-interference capabilities in scenarios involving scale changes, camera shakes,
and occlusion.

Keywords : thermal infrared object tracking; multibranch ;adaptive fusion ;reversible structure
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Tab. 1 Overall comparison results of GTOT
and RGBT234
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Tab. 2 Comparison results of sub-attributes on the GTOT dataset
sk
& - - -

LI-PF | SiamCSR!*) | MDNet!!" + RGBT | M511%! DAPNet™) | MaCNet'™ | DAFNet!™ | MANet++ %' | RMFNet
0CC | 61.2/48.0 | 86.8/67.1 82.9/64. 1 89.2/68.4 | 87.3/68.4 | 87.6/68.7 | 87.3/68.4 | 89.0/70.1 | 89.7/69.9
ISV | 68.7/52.9 | 87.6/67.1 77.0/57.3 85.2/66.9 | 84.7/64.8 | 84.6/67.3 | 82.2/66.4 | 86.6/69.3 | 89.5/69.4
FM | 45.5/39.7 | 82.4/64.1 80.5/59. 8 85.4/64.7 | 82.3/61.9 | 82.3/65.9 | 80.9/64.2 | 86.7/70.3 | 87.1/69.2

LI | 55.3/39.7 | 85.9/69.9 79.5/60.3 90.5/71.9 | 90.0/72.2 | 89.4/73.1 | 89.9/72.7 | 91.7/73.1 | 92.0/73.7
TC | 59.2/43.9 | 87.7/68.6 79.5/60.9 89.7/70.2 | 89.3/69.0 | 89.2/69.7 | 89.8/70.3 | 89.9/70.7 | 90.6/71.2
SO | 56.5/41.7 | 88.7/66.9 87.0/62.2 93.5/69.4 | 93.7/69.2 | 95.0/69.5 | 93.9/69.8 | 93.9/69.9 | 95.8/70.8
DEF | 49.2/34.0 | 86.4/71.0 81.6/68.8 92.6/77.1 | 91.9/77.1 | 92.6/76.5 | 94.7/76.5 | 94.0/71.3 | 94.3/71.3
ALL | 55.1/42.7 | 88.2/70.9 80.0/63.7 89.6/71.0 | 88.2/70.7 | 88.6/71.2 | 89.1/71.2 | 90.1/72.3 | 90.5/72.7

%3 RGBT234 ¥iE&E 4B M4 F
Tab. 3 Comparison results of sub-3attributes on the RGBT234 dataset
Sk

JE

LI-PF7 | SiamCSR!*! | MDNet!!" + RGBT | M511%! DAPNet'?) | MaCNet'™® | DAFNet! | MANet++[3) |  RMFNet
NO | 56.5/37.9 | 87.7/55.5 86.2/61. 1 90.4/64.6 | 90.0/64.4 | 89.9/64.6 | 90.0/63.6 | 90.2/66.4 | 89.9/66.5
PO | 47.5/31.4 | 77.9/51.3 76.1/51.8 82.1/58.9 | 82.1/57.5 | 82.7/58.7 | 85.9/58.8 | 83.0/59.1 | 84.6/60.7
HO | 33.2/22.2 | 59.2/39.4 61.9/42. 1 66.5/45.0 | 66.0/45.7 | 71.0/48.6 | 68.6/45.9 | 71.1/48.2 | 71.1/48.9

LI | 40.1/26.0 | 70.5/46.2 67.0/45.5 82.1/54.7 | 77.5/53.0 | 78.7/52.6 | 81.2/54.2 | 79.6/54.3 | 81.1/55.6
LR | 46.9/27.4 | 75.1/47.6 75.9/51.5 82.3/53.5 | 75.0/51.0 | 79.9/54.5 | 81.8/53.8 | 78.9/52.0 | 79.2/53.5
TC | 37.5/23.8 | 76.0/47.0 75.6/51.7 82.1/56.4 | 76.8/54.5 | 78.4/57.0 | 81.1/58.3 | 77.2/55.8 | 78.3/56.1
DEF | 36.4/24.4 | 68.5/47. 4 66.8/47.3 73.6/51.1 | 71.7/51.9 | 73.6/52.1 | 74.1/51.6 | 78.7/56.2 | 76.1/56.3
FM | 32.0/19.6 | 67.7/40.2 58.6/36.3 72.8/46.5 | 67.0/44.5 | 68.4/44.1 | 74.0/46.5 | 69.4/45.5 | 74.0/49.1
SV | 45.5/30.6 | 69.2/43.4 73.5/50.5 79.6/54.2 | 78.0/54.2 | 79.0/56.0 | 79.1/54.4 | 79.2/57.3 | 80.6/58.8
MB | 28.6/20.6 | 64.7/43.6 65.4/46.3 73.8/52.0 | 65.3/46.7 | 71.5/52.4 | 70.8/50.0 | 73.3/51.8 | 70.9/51.1
CM | 31.6/22.5 | 66.7/45.2 64.0/45. 4 75.2/52.9 | 66.8/47.4 | 70.2/50.4 | 72.3/50.6 | 74.1/52.0 | 72.7/53.1
BC | 34.2/22.0 | 65.8/41.8 64.4/43.2 75.0/47.7 | 71.7/48.5 | 77.6/50.9 | 79.1/49.3 | 76.3/49.2 | 74.6/49.1
ALL | 43.1/28.7 | 75.4/53.2 72.2/49.5 79.5/54.2 | 76.6/53.7 | 78.1/53.9 | 79.6/54.4 | 79.5/55.9 | 80.1/57.5
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Fig. 5 The result of visual comparison
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