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Fuzzy evaluation algorithm based on adaptive dual optimization

Sun Yixiao Wu Helei Xu Xuesong Wang Yudong
(School of Information Engineering, Nanchang University, Nanchang 330031, China)

Abstract: To address challenges including rule optimization difficulty, complex parameter tuning, and poor multi-
scenario adaptability in existing fuzzy logic evaluation methods for complex industrial applications, this paper proposes
an intelligent assessment system based on double-optimized fuzzy inference. First, a double optimization fuzzy inference
system is designed, integrating fuzzy entropy-guided rule generation with fuzzy gradient collaborative descent to
alternately optimize model structure and parameters. coordinated dynamically by an adaptive optimization scheduler.
Second, a multi-scale fuzzy feature extraction network and adaptive fuzzy feature fusion mechanism are constructed,
where the former extracts multi-granularity fuzzy features through parallel multi-scale branches while the latter
achieves intelligent feature fusion via fuzzy channel-spatial co-attention. Finally., a dynamic fuzzy weighting allocation is
proposed, employing a scene-aware weight generation network to dynamically adjust fuzzy rule weights based on input
features. Validated in natural gas pipeline risk assessment and electrical equipment identification scenarios.
experimental results demonstrate 95. 83% assessment accuracy,for pipelines, and 96. 54 % accuracy with 96. 32% F1-
score for equipment identification. Compared to conventional fuzzy logic and deep learning methods, the proposed
approach significantly enhances evaluation accuracy and generalization capabilities.

Keywords: double optimization;fuzzy logic;intelligent evaluation;adaptive fusion;dynamic weight allocation
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Table 1 Experimental results on the natural gas pipeline risk assessment dataset %
et 5-way 1-shot 5-way 5-shot
Accuracy Fl-score Accuracy Fl-score
FuzzyProto'* 49.4240.78 48.56 0. 81 68.200. 66 67.854-0. 68
DMFN"" 43.56+0. 84 42.89+0. 87 55.3140.73 54.76+0.75
AdaFuzz"* 50. 44=0. 82 49.78+0. 85 65.32=+0.70 64.89+0.72
MetaFIS"" 52.86+0. 84 52.1540. 86 66.8540. 76 66. 4240. 78
DualOpt™" 67.7740. 32 67.1240. 34 84.60£0. 43 84.2540. 45
HFGN™Y 50.33+£0. 36 49.65+0. 38 66.41+0.63 65.98+0. 65
DOFIS 95.83%0.22 95.46%0. 24 98.7240.15 98. 651£0. 16
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Table 2 Experimental results on the dataset for identifying electrical equipment %
. 2-way 1-shot 2-way 5-shot
ik Accuracy Fl-score Accuracy Fl-score
FuzzyProto""” 71. 88+0. 91 71.3240. 93 87.42+0. 48 87.05+0. 50
DMEN™* 72.360. 90 71.784+0. 92 83. 640. 60 83.21+0.62
AdaFuzz''" 68. 6540. 91 68.1240. 93 84.0540. 55 83.6740.57
HFGN™” 70.5340. 97 69. 9840. 99 83.0940. 61 82.6840. 63
MetaFIS™* 71.244-0. 94 70. 69+0. 96 85.26+0.58 84.88+0. 60
Dual Opt™” 75.7140. 47 75.1840. 49 91.4840. 33 91.154+0. 35
DOFIS 96.5410. 28 96.321+0.30 99.1610. 12 99. 08+0.13
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Table 3 Ablation experiment %
1-shot 5-shot
TR A
Accuracy Fl-score Accuracy Fl-score
5B (DOFIS) 95.83+0. 22 95. 46 +0. 24 98.72+0. 15 98.65+0. 16
% MFFEN (R BF) 88. 6740. 35 88.2140. 37 94. 4940. 28 94. 3440. 30
2Bk AFFFCH 900 90.5140. 33 90. 08+0. 35 95.26+0. 26 95.1240. 28
Bk DFWA (R E AL ) 92.1840. 31 91.7840. 33 96. 4840. 24 96.35+0. 26
[NETBLERE S = Wi 93. 4540. 30 93.08+0. 32 97.23+0. 22 97.11+0. 24
AN 7S [E) 93.3240. 31 92.95+0.33 97.10%£0. 23 96.98+0. 25
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Table 4 Cross scenario migration experiment %
- I XU~ VAU —
B iR I KU
FProto" " 58. 34 38.56
AdaFuzz "™ 61.23 42.15
DualOpt"" 73.45 62. 34
DOFIS 95. 26 93. 87
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