9435 50 7 o o#E iR Vol. 43, No.7
2024 4F 7 H GEOLOGICAL BULLETIN OF CHINA Jul., 2024

doi: 10.12097/gbc.2022.08.005

HFi# ConvNeXt WM ZE B ¥ B 1% & gE1R 71
ZF2 P AR, LAY, BN, RS

LI Lei'?, LU Caiwu'”* , JIANG Song'? , JING Wengang'? , WANG Luofeng’

1. BREAHMARKRF TR IARFIR, BB HL 710055;

2. BEFHLEL LS AL RRELLRE, G §% 710055;

3. PR RN 4A Ak 4 ) B4R A PR B], T &-FR 471500

1. College of Resource Engineering, Xi'an University of Architecture and Technology, Xi'an 710055, Shaanxi, China;

2. Xi’an Key Laboratory for Intelligent Industrial Perception, Calculation and Decision, Xi'an University of Architecture and
Technology, Xi’an 710055, Shaanxi, China;

3. Luoyang Luanchuan Molybdenum Industry Group Co., Ltd., Luoyang 471500, Henan, China

WHE: 5 #in ﬁ'lmi@}ﬁﬁﬁné’uié%lﬁ A9 o] AR RN A R — R B PRER AR M SR, 32 T — AP R i
#% 5 5] Kk 5 NGB E 2 E A 69 Bk ConvNeXt M & 7 4 BAZ 7 4R iR R BE AL . & 28, #) ) ImageNet 235 & L S IR 2 49
ConvNeXt M &R 35 A EA4F T 65 X, mER BT PR32 b Eok, £ ConvNeXt M %49 2+ vA ConvNeXt 3k Z 55
EEANBMELSAF X, - TR F RS R, A 20 £F Wi F 6 BAR A BT £, %t 34576 Rk B4, v
6:2: 2B X HIMNALE BIEE SN KXE, B EERNAITE TS5 VGG19. GoogLeNet, ResNet50, ResNeXt50 F»
ConvNeXt M 25 AB L, M oik I B, R REAW, 7 & R AR £ EFF M Ef 8w Loy R4 2] 98.58%.
98.62% A= 98.73%, M 7K ik SR BAIE A AR AR 3R a9 AL T R B TR TP AL M AL, B Bt dlad R R AR AL 4 B AR AR AR B 49 TTALAL
SR, B T A AR 69 5 MR AR R AT T B M A AR e E AR IR, Bt — RN T AR G A A, & T H iR R ey A &
KR 7 B ; ConvNeXt; iE 4 5 3 5 12 & AL ; & MR 5

RESES: P57, P628 XEKFRERS: A XE4HS: 1671-2552(2024)07-1266-10

Li L, Lu C W, Jiang S, Jing W G, Wang L F. Intelligent mineral image recognition based on improved ConvNeXt network.
Geological Bulletin of China, 2024, 43(7): 1266—1275

Abstract: Mineral identification is a critical task in geological research, yet accurately identifying minerals remains a significant
challenge. This study proposes an intelligent mineral image recognition model based on an improved ConvNeXt network, which
utilizes transfer learning strategies and incorporates channel attention mechanisms to address the morphological characteristics of
minerals.Firstly, the ConvNeXt network model pre-trained on the ImageNet dataset is employed and integrated into the mineral
recognition model through transfer learning. Secondly, based on the ConvNeXt network, the model enhances feature fusion capabilities
by combining the ConvNeXt blocks with attention mechanisms. Finally, a dataset comprising 34576 ore images of 26 mineral
categories is used, divided into training, validation, and test sets in a 6 : 2 : 2 ratio. During experimental training, the proposed model
demonstrates a significantly faster convergence compared to VGG19, GoogLeNet, ResNet50, ResNeXt50, and the ConvNeXt
networks.Experimental results indicate that the intelligent mineral recognition model achieves an accuracy, precision, and recall of

98.58%, 98.62%, and 98.73%, respectively. Ablation experiments confirm that the optimization methods proposed in this study
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enhance model performance. Additionally, comparative visual analysis of feature maps from different models substantiates that the

proposed mineral recognition model accurately extracts mineral features, further validating the model's effectiveness and improving

mineral identification accuracy.

Key words: mineral image; ConvNeXt; transfer learning; attention mechanism; mineral recognition
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Table 3 Classification index

T
IEfI(Positive)  Jz ffil(Negative)
1EH1 (Positive) TP FP
HLIAE
JZ 51 (Negative) FN ™N

x4 BOEBPILTFHBER

Table 4 Test evaluation results of each model

HiA AR bt PE
VGG19 91.25% 91.62% 91.70%
GoogLeNet 92.66% 93.36% 92.33%
ResNet50 94.88% 95.04% 94.95%
ResNeXt50 95.07% 95.45% 95.03%
ConvNeXt 96.60% 96.62% 96.73%
AR 98.58% 98.62% 98.73%

ECA siif B2 2 iy 5k, AR KRS
HEZ 3 WiE bR FEA 1% LA TR TE, s Se
P A ConvNeXt #55, B8N T i/ D i S 80
ERRIKIN, 408 2% WPEREIR T, BUS T A RIRL
Feo I, AR SCHE A E ConvNeXt IR 1E 4
XU RETR A
43 TYEREHEETRK

4 R 2 ) 4% 5 L 3 3o R ARG P Rk
fh AR By T HLA AOAFAE, SR BRG] L A L 4338045 H Y,

K5 AEMRLFTEITT ConvNeXt R HIZ2N

Table 5 The impact of different optimization methods on

the ConvNeXt model
sl Sm RN ERR REER HER
ConvNeXt 27.80M 106.25M 96.60% 96.62% 96.73%
ECA
27.82M  106.26M 97.62% 97.65% 97.61%
+ConvNeXt

EF%: S +ConvNeXt 27.82M  106.26M  97.87% 97.90% 98.02%

AR SCARE 27.84M 106.27M 98.58% 98.62% 98.73%
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Fig. 6 Original image and visualized feature heat map
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