ISSN 1005 —2763 FABRE A F 455 F 12 8 2025 4 12 A
CN 43 -1215/TD MINING R & D, Vol.45,No.12 Dec. 2025

EATMERRANPESREANERIEET EZHR

T IR R B 1 R R AT

(T AL T Rk2: AT ae2=bi, 4k FEILTE 0632103
2B I g BE T R AR A L, dTdE B 0632105
3ARALIR TR 2% #lk T 2=pe,  Wdb FILTd 0632105
LA L SN TR EALRE, Jtat 100083;
SR EA O RFEALED S5 PR TR, dbat 100083
6. AL BB A Al B WL A R AW, rde FEiii 0632105
TARJLEE TR 2% WA B S % TR%E, Wt B 0632100

BEHAHLFRA T EHNYTREFIRRELZ Y HRAINEARAB I A, AT, BET L TR
BEARARMTHAL(DCGANI W 27 B KR ST HE, BLIANAEEIMNBERAERBLY BT S LSRR, RAFAH
A FE 15 T AUH] 89 B K S B (WGAN-GP) 42 491 %ﬁéli‘fi VREMBEMAEBERGRIAN , FESLHHRERBHRT L
HEASHBRERZT AAEMTHEAMEAA, FREREN, TR T & A5 2R L Fréchet 4744 38 3 Fo 25 A 48 5L b 45 3
FIFMAEAF LR TR FRA BB AR TEA N LT EEE, LERIFal e, RESHEREAN,BEA A K
B EL LS BT ERTREBIELMAAZLERET EARBARGREFRG LSRG 27 B, TR AXLERB
TEEHF ARG AGER A . Yo WBRERGFRLCLEFEREAEZTT A8,

KEBR T HFRAANREF I s ARSI ML B A R HIEH R

hE S 2SS TP391.8:P579 XEkARIZAD : A X EHS 1005 -2763(2025)12 -0271 - 12

Research on Intelligent Incremental Method for Image Samples in Intelligent Recognition of Rock and Mineral
SONG Feizue'?, SUN Lin"**, ZHANG Yanbo** , YAO Xulong®*, TAO Zhigang"®, LAI Youbang®, CAO Chong’
(1.College of Artificial Intelligence, North China University of Science and Technology, Tangshan, Hebei 063210, China;

2.Green Intelligent Mining Technology Innovation Center of Hebei Province, Tangshan, Hebei 063210, Chinaj;
3.College of Mining Engineering, North China University of Science and Technology, Tangshan, Hebei 063210, China;
4.State Key Laboratory for Geomechanics and Deep Underground Engineering, Beijing 100083, China;

5.School of Mechanics and Civil Engineering, China University of Mining and Technology-Beijing, Beijing 100083, China;

6.Sijaying Yanshan Iron Mine Co., Ltd., Hebei Iron and Steel Group, Tangshan, Hebei 063210, China;

7.School of Emergency Management and Safety Engineering, North China University of
Science and Technology, Tangshan, Hebei 063210, China)

Abstract: The scarcity of samples seriously restricts the promotion and application of deep learning technology in the field of
intelligent recognition of rock and mineral. Therefore, an intelligent incremental method for image samples of rock and mineral
based on an improved deep convolutional generative adversarial network (DCGAN) was proposed. By introducing self-attention
mechanism to enhance the details and authenticity of generated images, using loss function with gradient penalty mechanism
(WGAN-GP) to improve training stability. expanding network structure to enhance model performance. and combining various
data augmentation techniques to expand sample diversity and quality, the problem of sample scarcity has been effectively
alleviated. The experimental results show that the proposed method outperforms comparative models in evaluation indicators

such as peak signal-to-noise ratio, Fréchet initial distance, and structural similarity index. The loss function curves show that
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the model training process is stable and has a good convergence performance. The clustering analysis results indicate that

images generated by the model are superior to the original images in terms of complexity and diversity. The survey results show

that the model can generate high-quality and highly realistic images of rock and mineral. The research effectively alleviated the

problem of scarcity of rock and mineral image samples, laying the foundation for the intelligent development and practical

application of rock and mineral image generation.
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Fig.1 Principle of generation adversarial network

for rock and mineral images
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Fig.2 Schematic of the self-attention mechanism
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Table 2 Quantitative evaluation results of different models

D5 AR PSNR/dB FID SSIM
GAN 27.84 271.70 1.5
DCGAN 27.93 246.62 1.6
Self-DCGAN 28.02 237.05 1.9
Self-GP-DCGAN 28.13 232.20 2.1

2 2 B4 v] %0, 78 PSNR J5 18 B0k 1 Self-
GP-DCGAN £ AU () PSNR {H 41 % F GAN A& AU Fl
DCGAN # %1 {7 A7 7E 8k /N 82 FF 5 {H Self-GP-DCGAN
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Fig.9 Comparison of loss functions of intelligent

incremental models for rock and mineral image
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Fig.10 Comparison between original and

generated rock and mineral images
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Fig.12 Questionnaire for authenticity identification

of rock and mineral images
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Table 3 Survey questionnaire results

MH TS LA 2 TR/ %
1 75 35.21
2 64 30.05
3 49 23.00
4 60 28.17
5 78 36.62
6 51 23.94
7 70 32.86
8 46 21.60
9 64 30.05
10 43 20.19
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