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Abstract An improved ResNet-101 network model that fuses tensor synthesis attention (RTSA Net-101) is proposed to solve
insufficient feature extraction and the indiscriminate contribution of the extracted features when processing image classification
tasks using a convolutional neural network. First, the image features are extracted using a Resnet-101 backbone network and
the tensor synthesis attention module is embedded after the convolution structure of the residual network. The features are
calculated using a three-tensor product to obtain the attention feature matrix. Next, the Softmax function is used to normalize
the attention feature matrix to assign weights to features and distinguish the contribution of features. Finally, the weighted sum
of the weights and critical values are calculated as the final features in our proposed method to improve the image classification
performance. Comparative experiments are conducted on natural image datasets, CIFAR-10 and CIFAR-100, and street brand
dataset, SVHN. The classification accuracy values of the models are 96.12% , 81.60%, and 96.67% , respectively, and the
average test running time of the images are 0. 0258 s, 0.0260 s, and 0. 0262 s, respectively. The experimental results show
that compared with the other seven advanced image classification models, the RTSA Net-101 model can achieve higher
classification accuracy and shorter test run time, and it can effectively enhance the feature learning ability of the network,
thereby render the proposed model innovative and efficient.
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Fig. 1 Structure of residual block
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Table 1 Details of datasets

Dataset ~ Number ofdata Category Training set Testing set
CIFAR-10 60000 10 50000 10000
CIFAR-100 60000 100 50000 10000

SVHN 99289 10 73257 26032
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S SR Y TS AL IR BE R B 45 Intel (R) 17-6850k
M AL BEER , NAE R 64 G, SEI B AU 2402 ff FH] Py Torch ¥
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(Adaptive moment, Adam ) 535 I 25 100 §2 , b & FEAS
KN & 100, ff FH UE 8 R (Accuracy) . A [l R
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4.3 EHEEMIBURERSN

h TS UE TSA BEHO BG4 A 80k #6471
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Table 2 Abbreviations of various methods

Method abbreviation Concrete model

None CNN
CA CNN-+ Attention
CSD CNN-+ Synthesizer Dense
CFSD CNN-+Factorized Synthesizer Dense

CFSR CNN-+Factorized Synthesizer Random
CMS CNN-+Mixture Synthesizers

CTSA(C) CNN-+Tensor Synthetic Attention Channel

CTSA(H) CNN-+Tensor Synthetic Attention Hight

CTSA(W) CNN-+Tensor Synthetic Attention Width
CTSAR CNN-+Tensor Synthetic Attention Random

ST I A T vk R v T M S T Y R T
CIFAR-10 o ¥s & o him A T N [5] 5% B2 1 v 3 e 7, )
FH I P 77 = IR G DA R A7 455 e 5 s 1 TP AG |, 52 00 45
L3 K8,
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Table 3 Classification accuracy results of different methods for Gaussian noise images

Gaussian noise

Method
ctho 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.10
None 45.96 34.35 27.80 22.83 20.01 17. 86 16. 23 15. 07 14.45 13.76
CA 47.02 35.83 29.21 24.70 21.49 19. 33 17.41 16.51 15.42 14. 80
CSD 48.71 37.79 31.54 27.30 23.70 22.23 20.18 18.92 17.45 17.03
CFSR 46.51 37.28 31.69 27.56 24.14 22.60 20. 62 19.75 18. 25 17.76
CFSD 48.90 37.50 30.42 25.89 22.85 20.70 19. 33 17.91 16. 87 16.07
CMS 48. 20 36. 80 29.55 25.13 21.45 19. 34 17.74 16.61 15.76 15. 26
CTSA(C) 49.29 36. 81 31.98 28. 11 25.49 23.75 22.39 21. 44 20. 09 19. 54
CTSA(H) 44. 66 30.92 23.26 19.58 17.08 15.12 14. 04 13.35 12.61 12. 26
CTSA(W) 42. 20 30. 21 23.65 19.92 17.53 16.41 15.18 14. 65 14. 33 13.64
CTSAR 45.93 34.02 27.06 23.01 19.91 17. 36 16.02 14.93 13.93 13.40
VLR R R R R
5 E—— th 42 31 8 0T AT G 4R 7 LB/, 0 N=
50 | == CA 0.01.0.021,CTSA(C) .CFSR.CSD.CFSD.CMS
45 *gils)R MMERRE RS, DMHEARNK, HP CTSACO) M
_ a0l o oReD W 36— 1 A T U (30 5 (0L B 5 R 7 K, 22 %
Sasl cMs Pk 2 )7 1 5 CTSA(C) B RAH L B Wi AE K.
=l  erea BETT L, TSA BB ZE CNN LR 1 8 7 I8 45 4
& ’e — CTSA(W) ¥ A5 B A0 B Ho A 73 UM A TP RE 1 TR, 43 2R
——CTSAR HLE i CTSAR.CTSA(H) .CTSA (W) [ 4 25 1
201 B % L BB CNIN R CA B, 5 1 MR 5 22 L 40
15F JEL A T RE SR Bk A TR B IR TR R g5 BT LA
0.61 O.IOZ 0.I03 O.IO4 0.I05 0.;)6 O.(I)7 O.EJS 0.I09 O.IIO %%Quuﬁ%?g%ﬂ“%o
Gaussian noise FEHLIE R R G Rk 2 mikr sz —
N B2 05 A R B R E 4 Ebr. LK CIFAR-10
PSR [ 7 v 1 R P 1L 0 50 2 0 T L SR Sa P IR BB OL S, B0 L R A o S

Fig. 8 Comparison of classification accuracy of different

methods on Gaussian noise images
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B 5 PR BEALAE #% 3073 330°, H. G4 i1 £y
JRE S B34 ) SR, LA IH O BT Al i3k 46 5 YR AR AN () i 4% £
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Table 4 Classification accuracy results of different methods for rotating pictures

Rotation angle/(°)
Method
30 60 90 120 150 180 210 240 270 300 330

None 37.58 26.51 23.07 21.12 19. 40 19. 39 18. 68 18. 89 18. 27 17.74 17.40
CA 36. 54 36. 57 23.27 21.25 19.75 19. 44 19. 70 18.61 18.19 18. 46 17.75
CSD 37.90 38.17 23.24 21.79 19. 26 19.45 19. 36 18.51 17.55 17. 60 17.98
CFSR 37.04 26. 86 23.10 20. 69 19.72 18.69 18.70 18. 27 17.69 17. 24 17.08
CFSD 39.27 28.85 23.55 22.85 20. 37 19.85 19.95 18.71 18. 86 18. 34 17.88
CMS 37.91 26.93 22.96 21.74 19.61 18. 89 18.76 18.01 18. 06 17.62 17.65
CTSA(C) 38.71 38. 36 24.51 21.80 20.97 20. 36 20. 89 19.93 19. 86 19.12 20. 00
CTSA(H) 42. 32 30. 44 26. 28 24.53 22.17 22.18 22.37 21.83 20. 85 20. 07 20. 16
CTSA(W) 45.53 38. 64 27.21 25.20 22.39 22.23 22.03 21.27 20.61 20.01 19. 89
CTSAR 33.72 24.70 22.06 19. 88 19. 00 18. 17 18.03 17.22 17.03 17.23 16.79

T L RSN R s
H e 4 P9 Al B A PRAROBE % A B BORBOR , BT
AL R RE AR 2 T s . TR e i 72

MR TR £ BE R 30° % 180°HY , CTSA (W) 77 3 1y 43 2%
T % B AR e i £ BE R 210° % 330°Kt, CTSA(H) 7
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Fig. 9 Comparison of the classification accuracy of different

methods for rotating images
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Table 5 Classification accuracy results of different methods for

center cropped images

Center crop size/pixel

Method
10 15 20 25 30
None 14.89  20.22 32.68 51.15  61.20
CA 13.20 17.98  28.00  47.41 60.58
CSD 13.79 19.29  30.15  48.85  61.38

CFSR 14.03 19.19 30.23  48.89  61.23
CFSD 13.53 19.03  31.28 51.87  63.26
CMS 15.12  20.12  32.58  51.31 62.16
CTSA(C) 13.74 18.93  32.60  53.56  63.62
CTSA(H) 14.70 20.15  31.51 50.56  61.84
CTSA(W) 15.22  20.53 33.23 52.12 62.21
CTSAR 14.03 19.19 30.23  48.89  61.23
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Fig. 10 Comparison of the classification accuracy of different

methods for the center cropped image
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Table 6 Classification results of different methods

Method ~ Accuracy /% Recall /% Precision /% F, /%
None 83.52 62.31 52.30 71.59
CA 82. 30 71.28 68. 46 82. 37
CSD 84.23 80. 56 85.77 78.38
CFSR 72.94 73.59 83.21 80. 97
CFSD 87.71 81.32 77.32 67.98
CMS 65.23 88. 57 60. 58 56.35
CTSA(C) 91. 65 90. 20 89.91 86.72
CTSA(H) 90. 50 89. 30 86. 35 84.23
CTSA(W) 89. 96 87.23 87.25 83. 37
CTSAR 88. 67 88.59 89. 34 82. 56
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ImageNet Tl Il 2k iy iR 5% 25 0 28 152 R Xt ) 9K IR A8
B CIFAR-10 AT U 45 A5 B A9 73 R 45 RN L 7 R .
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Table 7 Comparison of classification results of residual network

#£8 AR RTSA Net s 1 43 285 J % Lt

Table 8 Comparison of classification accuracy of different

models RTSA Net models
Model Accuracy /% Model Accuracy /%
ResNet-18 89. 33 RTSA Net-18 90. 30
ResNet-34 88.76 RTSA Net-34 91.23
ResNet-50 86.72 RTSA Net-50 92.98
ResNet-101 93.12 RTSA Net-101 96. 12

T TR SRR R A 2R

22 7 7] A1, ResNet-101 7£ CIFAR-10 %4 4
FA) 0 U % e g, PR L A F ResNet-101 1E i A SCHY
BT R AR
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Heoy i A I b 5% 25 W 4% A5 8 dh | £ 31 RTSA Net-
18 .RTSA Net-34 . RTSA Net-50 & RTSA Net-101 %
R 2% 465 7 34 i % CIFAR-10 &% #4743 25 5256
Hor ) JT A S 56 AR 7 A [R] 1 52 56 28 58 0 S0 56 2 40p it
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KR R R B LRI RUAS B 5, r R MER R i T
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RTSA Net-101 ¥ £ 52 84 53 51 £ CIFAR-10, CIFAR-
100, SVHN #4541 5 H Al 7 Fh 2 i 815 o S i Al
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Table 9 Comparison with other advanced methods for classification accuracy and average test running time

Model CIFAR-10 CIFAR-100 SVHN
Accuracy /%  running time /s Accuracy /% running time /s Accuracy /%  running time /s
ANODE™' 60. 60 0.0378 — — 83.50 0.0308
Sign-symmetry*” 80. 98 0.0341 52. 25 0.0301 89. 84 0.0317
Improved GAN"*" 88.17 0.0291 — — 91. 89 0.0269
CLS-GAN™ 91.70 0.0431 — — 94.02 0.0277
NNCLR™' 93.70 0.0289 79.00 0. 0289 — —
CCT-6/3x1"" 95.29 0.0321 77.31 0.0271 — —
ResNet56 with reSGHMC™" 96.10 0.0278 80. 14 0.0278 — —
RTSA Net-101 96. 12 0. 0258 81. 60 0. 0260 96. 67 0. 0262
W IDHLPAR R A PR RS IR — " RN R A R

A X Fb e 9 F T A AR IR A 2 28 v ) R RS- 2
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