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Tab. 1 Comparison of MM-NET with single-modality methods on the VAIS dataset
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Tab. 2 Comparison of MM-NET with mutimodal in the VAIS dataset
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Multimodal maritime ship recognition method based on modality metric

Xu Zhengwei", Huang Peiji'*", He Jianliang'*", Wang Shihao®

(1.a.College of Computer and Information Engineering(School of Articifical Intelligence) ; b. Key Laboratory of Artificial Intelligence and
Personalized Learning in Education of Henan Province, Henan Normal University, Xinxiang 453007, China; 2. College of

Information and Communication Engineering, Harbin Engineering University, Harbin 150006, China)

Abstract: To address the shortcomings that current maritime multimodal recognition methods have in processing com-
plex nonlinear features, effectively utilizing information from various modalities, and using fixed fusion strategies and weights.,
this paper puts forward a Modality Measurement-based Maritime Ship Recognition Network(MM-NET). The model has inside
a Feature Filtering Module (FFM) which is used for effective suppression of useless information, reduction of distribution
differences between different modalities, and improvement of the stability of multimodal feature picking work. In addition, this
article devises a Modality Measurement(MM) mechanism which dynamically gives out fusion weights according to the contribu-
tion of every modal feature, therefore reducing to the smallest extent the influence that low-value modalities have on the final
fusion performance. This mechanism can promote fusion effect degree on current scenarios and enviroment changes, and on
self-adaption fusion weight changes. The method we put forward has carried on the benchmark test on the public VAIS mari-
time infrared-visible multimodal data set, thus it has shown that the accuracy and calculation efficiency outperform than the ex-
isting advanced methods.

Keywords: multimodal fusion; maritime ship recognition; feature filtering; modality metric
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Fig.S1 Diagram of the MM network
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Tab. S1  Ablation study on the effectiveness of Dense-KAN Block
fic L RS PN ES F1 5% iR
Dense-KAN->KAN 0.895 6 0.892 5 0.880 9 0.892 5
Dense-KAN->MLP 0.891 6 0.894 4 0.898 6 0.894 4
AR TT 0.911 8 0.908 9 0.905 3 0.908 9
xS2 HEEEEMAVGBERAHMBBESNFNPBRTLL
Tab. S2 Comparison of the effects of replacing the modality metric fusion mechanism with other fusion mechanisms
il & iz BER  F1A8 Mg fic & s BER F1IAR %
MMFuse-=>Sum 0.824 3 0.817 9 0.812 4 0.817 9 MMFuse-=>Gate 0.871 0 0.861 6 0.857 6 0.861 6
MMFuse->Film  0.8370  0.8306  0.8199  0.8306 A TT 0.9118  0.9089  0.9053  0.908 9
MMFuse->Concat  0.876 9 0.874 3 0.869 2 0.874 3




