202045 A Z?ﬂ[im‘ *jﬂﬁ%iﬂi %51 % 55

doi:10.6041/j. issn. 1000-1298. 2020. 05. 020

E TS 2 REZFFIEM CNN 1y 8B &R 5l

N — 1,2 1,2
HEZ "~ BRRK
(LS DAL K2 Jr# B, FEFIG AR 0100805 2. PN 52l Tl k2% N 52l HLHL #5  JE S g %5, WA 47 010051)

PR BN AR 5T PR e TR B TR R, 4 ) — i T 0 AL S 22 ROBEAZ R A 0 AL B A B 22 8 2% o B R ) T
5o RO AL AE AN 45 FA) T 3o K5 25 AR B o A AT P 23 330 2 AT o DR (L b A 60 3% 0 Y A 75 2 P AL R AR T, 51 AR AE
AR E HEME K IR 4% 300 T AL X XY R 55 0 B AR AT R, A iR A TR AL 40 6 TR AL 5 2 RUE AR R
TA Z 4 38 i 7 A BUZ P RG] 3 x 3 RS x 5 AR 8 B, JF K5 190 2% 9 T L 45 A0 & e BE AT A, L3R R EE
TURFE BRI o X 10 ZEH0A IR BEAT IR0 S2 0, &5 SR 3R W 32005 iR IR 94.1% , 1L VGG - 13 MR T
5.7 AR, RO AL 5 2 ROBEFFEANAUCA B4R w5 1 B iR BIRTEE
KGR WEPUN; BRMAEM L FREE R E

R E 2SS TP391.41 XEkARIZED: A NEHHS: 1000-1298(2020)05-0182-10 OSID . f

Typical Forage Recognition Based on Double Pooling and
Multi-scale Kernel Feature Weighted Convolution Neural Network
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Abstract; In order to solve the problem of forage recognition under natural conditions, a convolutional
neural network method based on double-pooling feature weighting and multi-scale convolution kernel
feature weighting structure was proposed. The spatial information and significance information of the
image were fully utilized by using the dual-pooling feature weighted structure. Two groups of feature
graphs were obtained by max-pooling and mean-pooling of feature graphs output from the convolution
layer, and then these two groups of features were spliced. Finally, a feature re-calibration strategy was
introduced to weight the importance of current tasks according to the feature graphs of each channel, so as
to enhance useful features and suppress useless features. Image information was more fully mined by
using multi-scale feature weighting structure. The 3 x3 and 5 x5 convolution kernels were used at the
same time, and the features of the first several layers of the network were spliced with the features of the
current layer to improve feature utilization rate. Feature re-calibration strategy was also introduced to
weight features. The recognition experiments of ten pasture images showed that the recognition rate of the
method was 94. 1% , which was 5.7 percentage points higher than that of VGG —13 network, the double
pooling and multi-scale feature weighting structure effectively improved the recognition accuracy.
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Fig.1 Forage species images to be identified
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Fig.4 Accuracy rate graph of two different pooling methods
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Fig. 7 Feature map extracted from each layer of network
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Fig. 10  Class activation thermal maps of correct image classification
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Fig. 11  Class activation thermal map of classification error image
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