5538 45 12 Moo ol i Vol.38,No.12
2019 4F 12 H GEOLOGICAL BULLETIN OF CHINA Dec.,2019

EH T oiiH InceptionVIRBI A E W ¥ & e iR 7l
DAL, | AR R, BN E T, KT AT

PENG Weihang'?, BAI Lin**, SHANG Shiwei’, TANG Xiaojie’, ZHANG Zheyuan’

1A T K 5 M %% 2 F 1%, )l AR 6100593

2. B RFTRARSAZ EHAE R FKIE, T 1000375

3. AR TR SR E LTI E, v AR 6100593

4. RARE I K FEFEMAFFIE, v RAF 610059;

5. RAFE TR FIAAFFIL, v BAF 610059

1. College of Network Security, Chengdu University of Technology, Chengdu 610059, Sichuan, China;

2. Key Laboratory of Geological Information Technology, Ministry of Natural Resources, Beijing 100037, China;

3. Geomathematics Key Laboratory of Sichuan Province, Chengdu University of Technology, Chengdu 610059, Sichuan, China;
4. College of Management Science,, Chengdu 610059, Sichuan, China;

5. College of Earth Sciences, Chengdu University of Technology, Chengdu 610059, Sichuan, China

FE . L 16 25 WAE AR 5 I EA— £ 5 W45 1000 3K B, B b X o A D 45 45 B E 45 Aol 3K 4 | 38 it AR A
WU B M Ve 0 % AR 3 58 432 ) InceptionV3 AR )| 4k 7 77 R AEM K e L3R AT 81% 09 1R R B4 &, 38 i x40 K R4
897k, FIN Center Loss 47 K F 8, D %5 40 77 RIR A B4 T2 35 3] 86%. 34K 0 i 4B 57 KN, FLE & S I MAF A2 2
8 B R R A FARZ W IR S B A B B R - BOE A R AR, AR AR B AT A R AR RURAT IR I T SLAE B 8
A RAFAE , 7 BAG A IE ) B R EAR ARG, Wit Pl T AR G TS,

LR T B T A TR R RS

FE %S P585;P628 XRRFRARAD : A XEHS:1671-2552(2019)12-2059—08

Peng W H, Bai L, ShangS W, Tang X J, Zhang Z Y. Common mineral intelligent recognition based on improved
InceptionV3. Geological Bulletin of China, 2019, 38(12):2059-2066

Abstract: To study 16 kinds of common minerals, the authors collected 1000 images for each type, and then divided them into
training set, validation set and test set. Before putting the images into the model, the authors selected a random area of each image for
data augmentation. After training the InceptionV3 model with 70000 steps, the authors obtained an 81% accuracy in the test set.
Through improving the loss function and introducing the Center Loss, the authors raised the accuracy to 86% after training 400000
steps. The obfuscation matrix shows that, the recognition accuracies for the minerals with obvious appearance characteristics such as
malachite are higher while those for other minerals like sphalerite are less due to the obfuscation with other minerals. The analysis of
the feature map shows that the model extracts the radial feature of malachite perfectly, and the feature vector of mineral image
aggregate is in a high degree, which also can prove the reliability of the model.
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Fig. 1 The structure of Inception modular
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Fig. 3 Training Loss and accuracy

a—Center Loss; b—Softmax Loss; c—Total Loss; d—Single Softmax Loss;
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Table 2 Confusion matrix for mineral recognition in validation set
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Fig. 4 Feature vector distribution of mineral images after using different loss functions
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Fig. 5 Feature extraction map of malachite
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