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Abstract

China is the birthplace of silk. Silk patterns, which are the main element of silk, carry far-reaching
history and culture. Computer vision technology is rare in the detection of silk patterns, mainly
because of the wide variety and small number of silk patterns. The general object detection me-
thods can not play a good effect on a small sample data set such as silk. To solve this problem, this
paper proposes a multi-scale attention target detection algorithm suitable for small sample silk
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data sets, which provides more classification information for the target detection network
through multi-scale class vectors to realize the detection task of silk patterns. In this paper, data
collection and data calibration are carried out for common patterns in ancient silk, and the pro-
posed network is used to experiment lions and flowers in different ages. The experimental results
show that this method can realize the target detection task of small sample silk pattern, and the
effect is better than other small sample target detection algorithms.
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Figure 1. Framework of faster R-CNN model
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Figure 2. Framework of meta learning
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Figure 3. Framework of multi-scale class attention object detection
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Figure 4. Module of multi-scale class attention
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(a) Lionl (b) Lion2 (c) Lion3 (d) Flower
Figure 5. Examples of lions and flowers in silk dataset
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Table 1. Dataset summary

F 1. REHIEERSEN

Meta Train Meta Test
No. Class 22 4
No. Image 13200 3210
No. Box 25,242 7383
Avg No. Box/Img 1.91 23
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Table 2. Resulting data of experiment
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Novel classes Base classes
mAP
Shot Baselines lionl lion2 lion3 flower mean aero bike boat car chair table cat sheep plant mean

Few-shot

[11]

Meta[%-]CNN 21.90 20.80 18.50 22.80 21.00 78.20 68.29 70.10 77.43 45.76 60.19 67.00 68.30 71.29 67.40 53.12
10

Meta[ﬁ:]CNN 19.80 19.80 16.20 26.10 20.48 54.10 78.54 56.98 73.12 56.34 76.32 56.87 49.43 69.00 63.41 50.20

19.60 21.10 17.60 26.70 21.25 73.60 73.10 56.70 76.10 66.80 77.70 42.11 57.40 74.70 66.47 52.55

Ours 22.10 20.10 2299 21.89 21.77 78.90 69.64 71.00 76.50 67.00 77.00 56.89 76.68 70.01 71.51 56.21
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Meta[%-]CNN 31.22 38.11 30.89 34.00 33.555 76.00 68.00 80.00 74.00 67.00 71.00 68.65 78.32 69.31 72.47 60.50
20

Meta[ﬁ-]CNN 3277 29.99 37.00 33.33 33.2725 67.21 74.52 77.38 71.30 69.80 72.43 71.30 74.00 75.76 72.63 60.52

30.12 35.67 27.87 22.69 29.09 75.87 76.42 67.32 80.12 56.00 69.88 65.00 79.09 76.37 71.79 58.65

Ours 35.00 38.67 31.67 38.00 35.835 77.00 75.67 76.21 72.65 71.87 73.20 72.65 69.33 73.23 73.53 61.93
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{BIEHE, P TUARTEE . Faster R-CNN 7EJ5 2270 Kk R th il & 7 R I R AIE, AR B 57 )
FER, R—IHR A,
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