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A study on identification of minerals in crossed polarizer images of
granites using the artificial intelligence

WANG Mingyue, DI Yongjun®, ZHANG Chunyu

(School of Earth Sciences and Resources, China University of Geosciences Beijing, Beijing 100083, China)

Abstract: The application of artificial intelligence in field of geosciences becomes a research hot spot in recent years. It is
of great significance to the development of geosciences. One of applications of artificial intelligence is to achieve automated
identification and classification of rocks or minerals using the computer vision technique. However, most researches are
generally focused on the classification of rock type rather than the directly precise identification of multiple and complex
minerals in the rock based on its thin section images. Although the object detection technique has been applied by many
scholars to identify and classify types of rocks and minerals based on images, its application objects are mostly rock hand
specimen images, and it can only be used to detect a single object in the image. In the research field of identification and
classification, there is a lack of good quality algorithms and datasets for identidying and classifying minerals in the rock
based on the rock thin section images. In order to solve these problems, firstly, we have collected more than 3000 images of
thin sections of granite under crossed polarizer microscope, have labeled more than 10000 mineral samples on those images,
have enhanced the dataset by means of data augmentation and have established a dataset with good quality and diversity.
Secondly, we have proposed an improved algorithm of the RDB-Yolov5x based on the Yolov5x. In this method, the dense

connection method was added in the feature extraction process, and the residual dense block (RDB) was used to have
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replaced the traditional residual structure. Thus, the semantic and location information details of images can be effectively
preserved by using this method. Experimental results showed that this method had good generalization capability, and
excellent performance for identifying small sized and fuzzy characterized mineral grains in images. By using this method,
we have accurately and effectively identified five kinds of targeting minerals (quartz, biotite, muscovite, plagioclase,
potassium feldspar) in the granite, with the mean average precision (mAP) up to 94.1%. Compared with the optimal
comparison method, the mAP values are increased 0.5% at the IoU threshold of 50% and 1% at the threshold of 95%,
respectively

Keywords: artificial intelligence identification; rocks and minerals; the RDB-Yolov5x; images taken under crossed

polarizer microscope
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Fig. 2. Examples for labeling quartz, biotite, muscovite, plagioclase and K-feldspar under crossed polarizer microscope.
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Fig. 4. Augmentation examples for bounding boxes.
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Table 1. Confusion matrix of classification results
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Fig. 9. Confusion matrix under the RDB-Yolov5x model.

BIELE 0.5 [P 240KE B Y mAP A 0.941. & 10 2 RDB-Yolovsx #5754 5 YolovSx #7 #E 56 iF4E - P-
R MfiZk X th, RDB-YolovSx A FXfUI/NUSF R B FaBE R S0 VR0 U B A
RS (R 2). HAE loU RMETE 0.5 17, mAP #2/5 0.5%, IoU BIETE 0.95 i, mAP #&& 1%, UiH
RDB-Yolov5x HE A GH W) M0 A7 B 5154 g 55 I A .

RNRTTET &R Y TR BEXT H

Table 2. Average accuracy values of various minerals identified by using different methods

Ly AP mAP
ik ; — 4 ;
quartz muscovite biotite plagioclase potassium feldspar @0.5 @0.95
RDB-Yolov5x 0.938 0.942 0.965 0.924 0.937 0.941 0.775
Yolov5x 0.940 0.940 0.961 0915 0.926 0.936 0.765

K 11 24 RDB- Yolov5x 1 Yolovsx FISA{E G EEXT HE o MEARKR AIIZREE IR, IhALHR NIEME 15
i mAP, B ERH, BTN T BEEZREMFEMSERE 2, RDB-Yolovsx 1E VI ZHIHHRIULSL
TEFEEE YolovSx 1, {HAE 25 #e IR A2 AT I TFUGAE RS FE LR YolovSx, J7E 45 #8IR IE A4 mAP 25 90%

PAE.
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Fig. 10. The P-R curves for model trainings.
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Fig. 11. Comparison of mAP values in trainings by using
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Table 3. Validation experiment statistics

Ji ik REEASE SRR RREASE  RRE%
RDB-Yolov5x 382 432 50 11.5
Yolov5x 366 432 66 152

Yolov5x BRE R — % EAAAEZ Hin. H H b RSE 2 R BORN A B ke e e -

2) % Yolov5sx J7iZAHEL, RDB-Yolov5x #A% 14 SR, RREA B S R0 R ilge Jide . B 12
WoR, SO (120 B3k MG BEE o PRREG T, BRI H FEAT (] 12¢) KiG

U0 H PR BB G AR SR

3) % Yolov5x J7iEA L, RDB-Yolovsx A& EE /N R ST W S0k i Ass il g6 71 58 0. B 12 32

N, CSCHRER (B 12h) kIR TG (B 12g) ARATINE] 1 EHR A S AU 1 25 BERTRL .
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Fig. 12. Comparison of verification experimental results by using different methods.
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