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Fig.1 Roadmap of the prediction model of permeability

coefficient of karst media
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Tab.1 Quantitative value division results of karst media

permeability coefficient prediction model index

P I e 1
ik o i — A
VAT i TK GSC GMC
R WARIKE Lt 0.75~1
AR S AR AR RS R R 0.5~0.75
RS RERRRE ] 0.25~0.5
AU SHE AL W5 0~0.25

MO WA R SR R 0.5~1
R R A 5 0.25~0.5

FoER e 55 0~0. 25
R K KT AR A R 0.75~1
B3 E|HABW 2 0.25~0.75
R i e 5 0~0.25

3.2 FERINT LS

RF.SVR fil CatBoost 5 3% £ Il -3 4 b 5
B SR, 3 PR B S B0 E LR 3,

B AR 25 (R puse) « R E REL(RD
B R 22 (M s XF 3 Fh 22 55 DLt 357 46 4k (4 ML 25
2 o) B FEALAR AR (REF) L 32 F5 1) 42 1] )9 (SVR) A1
CatBoost JEAT P REVEAN &5 R WL £ 4, Hod Mg
FI R s FH T VEAS 5038 14 A 580 58 2% L 5 Bl 2 i



5543 A 9 M

L] BT LT A REALER A ) IR IR A BB i R AU AR

o« 7] o

x2 MOBEAREBIER
Tab.2 A partial sample data table

7 TK BK GSC  GMC Z AFC K
1 0.75 1 0.80  0.25 85 10 0. 007
2 0.75 2 0.80  0.25 87 10 0.007
3 0.75 9 0.25 .25 29 40 0.054
4 0.75 12 0.25 0.25 31 10 0.025
5 0.75 4 0.25 0.25 35 30 0.183
6 0.75 32 0.25 0.75 37 20 0. 437
7 0.75 28 0.25 0.75 39 10 0.670
106 0.75 6 0.25 0.25 75 30 0.008
107 .75 4 0.25 0.25 77 30 0. 009
108 .75 3 0. 25 25 79 30 0.010
109 0.75 2 0.25 0.25 81 10 0. 009
110 0.75 9 0.25 0.25 83 30 0.008
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Tab.3 Parameter settings for each model
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Tab.4 Comparison of model performance

Bk Rpuse R* M yse

RF 0.139 2 0. 700 0.019 4

SVR 0.128 8 0.742 0.016 6
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Study on Characteristics of Hydrologic and Meteorological Droughts

and Responses Mechanism in Leizhou Peninsula
FENG De-zeng1 ,SUN Jing-jing2 , PENG Yingl ,ZHENG Jing-hua1 , WANG Bin’, WEI Ling-na“'/Ib
(1. China Water Resources Pearl River Planning, Surveying & Designing Co. , Ltd. , Guangzhou 510000, China;

2. Water Resources Research Institute of Shandong Province, Jinan 250014, China; 3. Pearl River Water
Resources Research Institute, Guangzhou 510000, China; 4a. Key Laboratory of Hydro-Meteorological
Disasters Mechanism and Warning, Ministry of Water Resources; 4b. College of Hydrology and
Water Resourcess Nanjing University of Information Science & Technology, Nanjing 210044, China)

Abstract: The Leizhou Peninsula exhibits one of the highest incidences of drought within the Pearl River Basin. Re-
search on the characteristics and response mechanisms of meteorological and hydrological droughts in this area holds sig-
nificant theoretical and practical importance for understanding drought patterns in regions with abundant rainfall yet frag-
ile water resource systems. Based on the monthly meteorological and hydrological data from the representative station in
Leizhou Peninsula, the standardized precipitation-evapotranspiration index (I g ) and standard runoff index (I ) were
used to analyze the variation patterns of meteorological drought and hydrological drought in this region from 1970 to
2016. The Mann-Kendall trend test method, moving average method and Morlet wavelet analysis method were adopted to
analyze the changing trends and cycles of meteorological drought and hydrological drought in this region at different time
scales (3 and 12 months). Propagation characteristics of meteorological drought to hydrological drought were examined
using the run-length theory. The results show that the meteorological drought in Leizhou Peninsula is increasing during
the study period. Particularly, the 12-month Iy obtained from Zhanjiang station and Xuwen station decreased signifi-
cantly, at the rate of —0. 014/month and — 0. 008/month, respectively. However, no obvious trend of hydrological
drought was detected. Both drought types showed multi-scale periodicity, sharing a primary first-order period of 20 years
in the north and 14 years in the south. The main cycles of meteorological drought and hydrological drought in the south
and north are consistent, and the variation patterns are relatively synchronous. Hydrological drought in the southern pen-
insula demonstrated stronger responsiveness to meteorological drought than the northern region.

Key words: Leizhou Peninsula; meteorological drought; hydrologic drought; climate change
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Permeability Coefficient Estimation Model of Karst Media

Based on Interpretable Machine Learning
LI Hong-xing' ,BAI Wei',LI Ao*,YANG Yan-na”*,WANG Zhi-zheng'
(1. Yangtze River Three Gorges Survey and Research Institute Company Limited (Wuhan), Wuhan 430073, China;
2a. Department of Groundwater Science and Engineering; 2b. State Key Laboratory of Geohazard Prevention
and Geoenvironmental Protection, Chengdu University of Technology, Chengdu 610059, China)

Abstract: The permeability of karst medium is affected by multiple factors such as the geological characteristics of
soluble rocks, the degree of karst development, and the fluid properties. The permeability coefficient estimation model of
fractured rock mass is difficult to reflect the complexity of karst development, which makes it poorly applicable. Random
Forest (RF), Support Vector Regression (SVR), CatBoost machine learning algorithm combined with Bayesian optimiza-
tion algorithm were used to construct the permeability coefficient estimation model of karst media. The root mean square
error (Rguse) s mean square error (M yg:) and coefficient of determination (R*) were used to verify the evaluation accura-
cy of the estimation model. The SHAP algorithm was used to analyze the dominant influencing factors of the permeability
coefficient of karst media in machine learning model, and the influence of each influencing factor on the permeability coef-
ficient of karst medium was clarified. The results show that the Ryys: of the optimized SVR model is 0. 128 8, My is
0.016 6 and R” is 0. 74, which are better than the random forest and CatBoost models, and can better estimate the per-
meability coefficient of karst media. The SHAP diagram revealed that there were obvious differences in the permeability
coefficient of karst media between different eigenvalues of each dominant factor, and the karst rate (BK), depth (Z) and
filling content (AFC) of the borehole line were the main influencing factors of the permeability coefficient of karst media,
and had a significant impact on the permeability coefficient of karst media. The SVR model has high estimation accuracy
and strong interpretability, which provides a certain reference value for engineering applications in karst areas.

Key words: random forest; support vector regression; CatBoost; karst media; permeability coefficient estimation





