ISSN 1005 -2763 FLMREFE % 46K F4h 2026 4 4 A
CN 43 -1215/TD MINING R & D, Vol.46,No.4 Apr. 2026

INEARGER PR ETMNAEBXT AR

RAEZR IHM T BEH B, 2 LR B AR

CLBCERBE TR 2% JHAEHL S WM& 42%B,  P)Il BUAF 610059;
2 BER B TR A MR AR SR BHORHE W E AW =, Wil KA 6100595
M EZREERE = TRRARAR, P K& 6111363
ARk E R ARAR, M kah 364000)

A

E ERMHABERMNSRAZRMBF R TERELAZTEZEL, B AZBBEAELNERBRMAAA RS S REZR
HREZABNDHRGFHOBER SRR GP A RBRT RO DENEL KB ZOMNEF T TAMAELR, FF 2T
A& # )2 (Random Forest Regression, RFR) ., A LT #b £ B % ( Artificial Neural Network, ANN) ., ¥ # & & #L & )2 (Support
Vector Regression, SVR) #= & #£ & )2 (Linear Regression, LR)4 #F AL 5 3J F ik ey M se T 4 R#p /73t 547, 4R &
B RFR AR ey FAm btk , £k £ 2AH R° BHA £ 0.934,48 LR.SVRANN A 55138 5 T 21.8%.10.4%.1.6% ,34 F %
£ MAE % % 2.59,% LR.SVR,ANN £ 8 5 5| A& T 14.5%.13.4% 9.1 % s B /e E B W54+, B B 5T 47 B 38 B Tk B
K 3T.6% s I R HKEBRERTEFRI DA A EAL W EH M, RFR /2 ANN B2 89 MAE 42 &k 45 N 335 38 3% 0F 5 31
R 39.8% A= 18.3% ; RFR B A £ &R Btk &t T oy TR M % 2 A AR T 10% ., AR ERT A A L iE R e B A H ek 32 4
KB iE AR R TN A B F T TR IE R 5 R R
hE %S TD265.4; TP183 XHkARIZED : A XEHS 1005 -2763(2026)04 —0170 —08

Comparative Study on Strength Prediction Models of Small Sample Grouting Materials
ZHAI Donghao' . WANG Xiangpeng'*, YAO Leijun®, FAN Libo®, WU Xu', KONG Qiuping' . LU Yanbao'
(1.College of Computer and Network Security, Chengdu University of Technology, Chengdu, Sichuan 610059, China;
2.Key Laboratory of Earth Exploration and Information Technology of Ministry of Education,
Chengdu University of Technology, Chengdu, Sichuan 610059, China;
3.China Anneng Group Third Engineering Bureau Co., Ltd., Chengdu, Sichuan 611136, China;
4.Fujian Yonggiang Rock and Soil Co., Ltd., Longyan. Fujian 364000, China)

Abstract: The strength prediction of grouting materials is of great significance to improve the reliability of material design for
grouting. Aiming at the problems that the traditional empirical models are difficult to accurately capture the relationship
between material composition and strength, and the insufficient generalization ability of models caused by small samples, a
machine learning prediction framework combining physical mechanism and data enhancement was proposed. The material
performance prediction results of four machine learning methods, Random Forest Regression ( RFR)., Artificial Neural
Network (ANN), Support Vector Regression (SVR) and Linear Regression (ILR), were compared and analyzed. The results
show that the RFR model has the best predictive performance, and its determination coefficient (R*) is increased to 0.934,
which is 21.8%, 10.4% and 1.6% higher than that of LR, SVR and ANN models, respectively. The mean square error MAE
is reduced to 2.59, which is 14.5%, 13.4% and 9.1% lower than that of LR, SVR and ANN models, respectively. In the
analysis of feature importance, the contribution of graphite ratio to compressive strength is 37.6%. The data enhancement

technique based on physical constraints can significantly improve the robustness of small sample modeling. The MAE of RFR
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and ANN models increases by 39.8% and 18.3% respectively compared to those without data enhancement. The prediction

error of the RFR model remains stable below 10% under various water-solid ratio conditions. The research results can provide

reference for the proportion of grouting reinforcement materials in mines.

Key words: Grouting material, Strength prediction, Machine learning prediction framework, Data enhancement
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Table 5 Comparative test results of data augmentation
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