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Small-sample multi-modal evidence fusion framework for texture classification
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(1. School of Advanced Manufacturing, Nanchang University, Nanchang 330031, China; 2. Jiangxi Key Laboratory of
Intelligent Robot, Nanchang 330031, China; 3. Robotics Research Institute, Nanchang University, Nanchang 330031, China)

Abstract : Conventional multi-modal fusion approaches assume that quality is uniformly distributed across samples, overlooking dynamic
inter-modal reliability. Such static strategies struggle to down-weight low-quality modalities when data heterogeneity is high, rendering
the fused representation susceptible to noise, missing modalities, and other degradations, thereby diminishing fusion benefits. Under
small-sample conditions, these limitations further erode classifier robustness. To enhance reliability and adaptability in small-sample
texture recognition, we propose the small-sample multi-modal evidence fusion framework for texture classification (SMEF-TC). Built on
subjective logic, SMEF-TC leverages a Dirichlet distribution to jointly model class probabilities and epistemic uncertainty, thereby
eliminating extra uncertainty-quantification during inference and the high computational overhead of traditional Bayesian methods.
Incorporating modality-specific uncertainties, evidence theory fuses multi-modal information, enabling the model to adaptively recalibrate
each modality’s contribution and effectively suppress redundant or noisy cues. By simultaneously accounting for information evidence and
predictive uncertainty, SMEF-TC retains high recognition accuracy under conditions of noise, modality absence, and imbalanced quality.
Experiments on the public LMT-108 and LMT-184 texture datasets yield accuracies of 96. 53% and 94.70% , respectively, confirming
that SMEF-TC offers superior precision and robustness for small-sample texture classification compared with existing techniques.
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Table 1 Experimental results of fine-grained classification
LGRS Jri: HEH /%
DE 94. 68
EDL 94.33
EAML 95.72
LMT-108
RADAM 93.26
VORTEX 94. 81
SMEF-TC 96. 53
DE 92.53
EDL 92. 80
EAML 93.89
LMT-184
RADAM 93.95
VORTEX 94. 08
SMEF-TC 94.70
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Fig. 8 LMT-108 coarse-grained confusion matrix
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Table 2 LMT-108 recognition accuracy

Mk R WERR/ %
G1: R ( Meshes) 13 96. 15
G2: 414 (Stones) 9 91.67
G3: 25161 2518 ( Blank Glossy Surfaces) 9 95.83
G4 . Akt (Wood Types) 13 100. 00
G5 : 125 ( Rubbers) 5 97.50
G6: 214k ( Fibers) 15 98.33
G7 : #17K ( Foams) 12 97.92
G8: 4% ( Foils and Papers) 15 95.00
G9: L4 i 575 K} ( Textiles and Fabrics) 17 95.59
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Table 3 LMT-108 performance of single-modal and multi-modal hybrid fusion

n ESEES TR i ]
RS RE - LB/ %
[P lash [VotFlash I gMore gTar s Vo a’™ a
K% 0.79 0.75 0. 88 0.82 0. 63 0.91 0.85 0. 64 0.93 99. 65
N 0.75 0.73 0.85 0.78 0.59 0. 86 0. 81 0. 65 0. 87 96. 53
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' Table 4 LMT-184 recognition accuracy
10.1
g ° ° o o 0 o L, e ESTE O
Cl C2 C3 C4 C5 C6 C7 C8 Cl;?kM‘(Wood) 38 94. 89
5 L\ K VL VA A
P19 LMT-184 12 5h AL C2. 1] H: W %At 25 ( Biodegradable Types) 24 95.83
Fig.9 LMT-184 coarse-grained confusion matrix
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Table 5 LMT-184 performance of single-modal and multi-modal hybrid fusion

B ESEE A Jin B
B RE : . TR/ %
I,h,\,: e Ir,][u 1 s Move ST«,; s a Move a Tap a
K3k 0.79 0.83 0.82 0.91 0.79 0.76 0.87 0.88 0.91 0.96 99.05
Rk 0.68 0.74 0.72 0. 81 0.71 0. 67 0.78 0.78 0. 81 0.90 96. 33
GES 0.62 0. 64 0.63 0.73 0.63 0.58 0.71 0.75 0.76 0. 83 94.70
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