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Image classification method based on dual fuzzy attention mechanism
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Abstract: The human visual system often focuses on the key features and structures of the target while weakening non-
target areas when processing external information. In addition, in classical CNN models. noise in the image that
propagates layer by layer may interfere with the representation of key information of the target, resulting in inaccurate
feature extraction. Therefore, this article proposes an image classification method based on the dual fuzzy attention
mechanism, named DFAM-CNN. Specifically, for the feature maps output by CNN convolutional layers, fuzzy channel
attention mechanism and fuzzy spatial attention mechanism were first designed by introducing fuzzy logic technology.
These two mechanisms were used to map and transform the feature maps along both the channel direction and spatial
direction for generating important fuzzy feature maps that correspond to the original feature maps. Then, the channel
weights of all feature maps and the weights of each element within each feature map were calculated based on all the
determined important fuzzy feature maps, thereby highlighting the features related to the target in both the channel and
spatial directions. Finally, dimensionality reduction was performed on the feature maps through fuzzy aggregation
operations while retaining target-relevant features. To validate the effectiveness of DFAM-CNN. extensive experiments
were conducted on both the public MedMNIST dataset and application-specific datasets. The experimental results
validated the effectiveness of DFAM-CNN. Notably, compared with traditional max-pooling method, DFAM-CNN
achieved accuracy improvements of 8. 67% and 7.40% on the BreastMNIST and DermaMNIST subsets, respectively.
Keywords: convolutional neural network; fuzzy logic technology; fuzzy channel attention mechanism; fuzzy spatial

attention mechanism
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Fig. 1 Example of human visual system
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Fig. 3 Fuzzy channel attention mechanism
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BreastMNIST(BRE) 28 X28X1 2 546 156
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TP
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TP
Precision = TP L FP (12)
Precisi Recall
Flscore = 2 x —cctton < Reca (13

Precision + Recall
3.4 MR
AT S H B E B 98 DFAM-CNN 943 2tk k. #l A

ST T I LR B T AL LeNet-5 2244 v (13 4k
ZLHARM Y LeNet-5 15 —5. 7 MedMNIST %¢
P4 bR AN 0T 8 B of A o T 4 R AR 1 43 2%
PERE. SLIERGAEMFSHRE 278 10 KEH
WK, % 2 B/R T DFAM-CNN 7E MedMNIST %k 42 4
A tEnE .

% 2 DFAM-CNN 7£ MedMNIST #[#E & 4> k6

Table 2 Classification performance of DFAM-CNN on the MedMNIST dataset %
B ACC AUC Recall SPE F1

BreastMNIST(BRE) 83.08 86. 84 75. 34 70. 00 85.22
ChestMNIST(CHE) 89. 31 61.35 76.43 70. 00 67.15
DermaMNIST(DER) 76. 88 70. 17 60. 24 85.71 41.45
OCTMNIST(OCT) 65. 00 83. 66 81.43 79. 00 60. 84
OrganMNIST_Axial(AXD) 60. 24 91. 14 55.76 95. 95 55. 65
OrganMNIST_Coronal(COR) 89. 94 86.03 84.13 94. 77 85.63
OrganMNIST_Sagittal(SAG) 80. 08 78.10 76. 34 93.49 73.59
PathMNIST(PAT) 77.17 90. 23 85. 54 88. 89 73.26
PneumoniaMNIST(PNE) 92.50 91.09 81. 34 78. 36 78. 46
RetinaMNIST(RET) 83.50 79.17 54. 88 87.98 62.13

R 2 PR RYN 10 T E PR KR,
3.5 Xt

AT S B AR TR A BIE ST B BB 1 2 AL A Ak B
TE I AH DG M R 23 [R]AH G (R 8 1 RRE IR 4R 5T L2 A g
i i AR TR AT M BE . X T AT 4R B A DFAM-CNN
5 7 Mot i A A 7 12 7E MedMINIST ¥ 4 [ 4y 2%

PERE . v 1B DRSS T FE A R AT A A A Rk 10
1710 W AR ACC 28 TiX 10 IRisfT45 Rt
A E . ARSI SRR 3 Fion., Jo ., i il 4h
LI G T AR

*3 FETAXLEETZE MedMNIST H#EE 4> £ M8E (ACC/ %)

Table 3 Classification performance of all comparison algorithms on the MedMNIST dataset (ACC/% )
ViReS BRE CHE DER OCT AXI COR SAG PAT PNE RET
Max pooling 73.08 89.11 66. 88 45. 21 62. 83 59. 21 42. 88 57.17 79.07 43.19
Average pooling 73.08 88.21 66. 88 45. 00 60. 78 54. 81 41. 31 59. 25 62. 50 43. 50
ConvFNN 76. 28 89.16 71.57 59. 00 80. 62 79.29 63. 65 74.79 82.37 48. 50
Fuzzy pooling 73.08 89.71 66. 88 35.56 37.08 37.77 29.45 75.39 62. 64 42. 38
FP-CNN 80. 13 89. 17 71.37 64. 60 84. 80 84. 85 69.53 79.83 83.55 52.33
FWAdaBoost 80. 77 87.49 70. 82 49.70 30. 35 30. 62 30. 15 43. 38 83.65 50. 25
MEFNN 75. 00 87.53 67. 88 47. 40 52.67 45.63 34.53 67.65 60. 12 44. 25
DFAM-CNN 81.75 89. 21 74.28 65. 00 65. 24 85.72 77.47 77.06 90.73 63.09
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B3t Ak 5 95 A0 e, DFAM-CNN & 28 38 0 T 38 58 A 8 28
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P 125 () K O M MU 2 PR M 450 o R A E R BE N

2) BRE ## 4 1 RET 48 Uil 2 2 5 0l 546 AN
1080, )& T /N LB B ¥ 5 . DFAM-CNN 7E 3% % /> #0381
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Fig. 5 The influence of hyperparameter learning rate and fuzzy partition on classification performance
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Fig. 6 Results of ablation experiments on OCT, AXI, COR, and PNE datasets
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Fig. 8 Performance changes of adding varying intensities of Gaussian noise on PNE and OCT datasets
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Table 4 Information of MNIST and Fashion-MNIST datasets

K KN A g WAL
MNIST 28X28X1 10 60 000 10 000
Fashion-MNIST =~ 28X28X1 10 60000 10 000
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Table 5§ Classification performance of all comparison
algorithms on MNIST and Fashion-MNIST datasets(ACC/ % )

LRES MNIST Fashion-MNIST

Max pooling 98. 20 88. 27
Average pooling 96. 52 87. 45
ConvFNN 94. 68 80. 09
Fuzzy pooling 98. 07 87.33
FP-CNN 98. 74 87.77
FWAdaBoost 97. 89 87. 86
MEFNN 97.12 84.68
DFAM-CNN 98. 82 88. 60
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