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Classification of ancient murals based on improved ResNet deep learning
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Abstract: Aiming at texture problems, contour similarity among fresco image characters, large differences in fresco character
features in different scenes, complex background noise, and confusing classification, an improvement strategy for ResNet
convolutional neural network is proposed. Firstly, the larger 7 X 7 convolutional kernel in the input layer of the model is
separated into three series-connected 3 X 3 small convolutional kernels stacked in the backbone, and 2 X2 average pooling and
maximum pooling are used for add feature fusion to replace the original maximum pooling operation, which enhances the
model’s representative ability. Secondly, a multi-scale efficient spatial channel attention module is designed, based on the ECA
channel attention module, the spatial attention module is connected in series, and the original 3°X 3 convolutional kernel in the
spatial module is replaced by the SK attention module, which fuses the multi-scale information to capture the global long-
distance dependency, and reduces the interference of background noise. Finally, a cellular aggregation structure is proposed to
perform ADD operation on the output information in the neighboring block blocks as inputs to the subsequent layers, capturing
both low-level and high-level features to enhance the circulation of contextual information. The experimental results show that
the model achieves 96. 51%.96. 65% .96.67% and 96. 63% in accuracy. precision,recall and F1 value, respectively. Relative
to the original model ResNet-18 accuracy is improved by 9.76%, and compared with mainstream classification algorithms
classification accuracy, generalization ability, and stability are all improved, which can efficiently and accurately identify the
type of mural belonging to the mural, which is of significant value for cultural heritage preservation and art history aspects of
the research.

Keywords: mural classification; ResNet; attention mechanism; feature extraction; convolutional neural network;
deep learning
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Table 1 ResNet-18 structure table
Layers Output Size ResNet-18
Convl 112X112 7 X7 conv
MaxPool 56 X 56 3 X3 max pool
3X 3,64
Block(1) 56 X 56
3X3,64
[3X3,128]
Block(2) 28X 28 X2
13X3,128]
[3X3,256|
Block(3) 14X 14 X2
13X3,256
[3X3,512]
Block(4) 7TX17 X2
13X3,512]
GAP 1X1 Global Average Pooling
Fc dense
X
Weight layer \\\
X
F(x) identity
Weight layer
I
F(x)+ x A
U
Bl 1 B3R5 I ss i

Fig. 1 Structure of residual learning unit
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Fig. 2 Structure of the methodology in this paper
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Fig. 3 Structure of shallow feature depth extraction module
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Fig. 4 Multi-scale efficient spatial channel attention module
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Fig.5 Structure of honeycomb polymerisation
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Fpr 1275 319 1594
Gk 1343 336 1679
jeisi 996 249 1245
H=x 1108 278 1386
o+ 1072 269 1341
b 950 238 1188
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Table 3 Performance comparison of classical algorithms

%

Rk IR K R F1
AlexNet 87.57 88. 20 87.67  87.79
GooleNet 76. 95 77.71 76.58  76.84
VggNet 85. 68 86. 39 85.94  86.07

DenseNet 87.01 87.62 87.29 87.28
EfficientNet 83. 27 84. 29 83.77 83.90

AL 96. 51 96. 65 96. 67 96. 63
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Fig. 7 Variation curve of accuracy of each classical algorithm
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Table 5 Experimental comparison of shallow feature

depth extraction structures %
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Table 4 Comparative results of ablation experiments AL 96. 51 96. 65 96. 67 96. 63
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Table 6 Comparison results of adding different attention

module classifications %

Bk WL R K FERUES F1
None 91.48 92.21 91.73 91.91
SE 95. 39 95. 86 95.31 95.55
CBAM 95. 35 95. 87 95. 40 95.58
BAM 95.18 95.52 95. 24 95. 35
CA 94.75 95. 28 94. 98 95. 06
ECA 95.52 96. 04 95.53 95.71
ESCA 95.91 96. 14 95.99 96. 03
MESCA 96.51 96. 65 96. 67 96. 63
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Table 7 Experimental comparison of accuracy with other improved neural networks
RS ¥ IR Hx 21 1 A A i:k7] " AVG
k18] 91. 27 92.53 90. 49 85.82 92.18 86.72 91. 26 92.97 90. 32
CHR[17] 89. 26 77.59 82. 50 81.49 91. 40 78. 86 82.83 82.74 83.23
k28] 90. 60 89. 21 92.77 81.10 90. 62 79. 40 91. 56 95. 20 88. 65
iHk[29] 92. 28 89. 62 93.91 80. 70 90. 23 86. 44 89. 15 92.01 89. 29
CHk[30] 80. 87 93.77 93.15 84.25 90. 62 85.09 90. 36 94. 88 88.95
AL 96. 30 97.92 96. 19 97. 24 98. 82 95. 39 93. 07 98. 40 96.51
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