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Fig. 1. (A) The distribution map of digital elevation model (DEM); (B) mean annual temperature during 2011—
2020; (C) total annual precipitation during 2011-2020; (D) land cover; (E) sampling sites of topsoil; and (F) sampling
sites of subsoil in Zhuoshui River basin.
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Table 1. List of the environmental covariates in this study.

Type of data

Environmental covariates

Soil forming factor” Type®

Remote sensing
Digital elevation model Elevation
Slope

Aspect

Terrain ruggedness index (TRI)
Topographic wetness index (TWI)

Terrain position index (TPI)

Multiresolution index of valley bottom flatness (MrVBF) T
Multiresolution ridge top flatness (MrRTF) T

Stream power index (SPI)
Curvature
Flow accumulation

Climate

Total annual precipitation (TAP)

Land cover Land cover

Soil Soil order

Mean annual temperature (MAT)

Normalized difference vegetation index (NDVI) o;t Q

o lNolvelvelVeolVeolololohioholclolyolye]

“ 0: organism; t: time; 1: relief; c: climate; s: soil.
¥ Q: quantitative; C: categorical.
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45.53 kg m” > 149 6.95 kg m” > B
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B 5y 0.20 » BUREBER AN BN ER > HiE
BB EEET SRR - MEBEE
BT B AN R o (THE R E R A
JER AR T -

FEHIRELRIE

AREFZE A FH Cubist model ~ RF model DL K,
2 (EBER Y RK LR > DLUGI SR B 5 SR B IR B 3L
SRR IER L - WA A EE SR ER T
ERsE BB TR » R EE LSRR S
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RK with Cubist model €47 17 Cubist Y
TR RS > B DA 2% 18] 7 H B (i 0 58 22 48 B g
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oy HYRL A 2= 4 o3 A E F 29% B2 80% ~ J& &
Rl 73 Bl By 18% E 60% > 3R + 15 43 38 B 72
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Fig. 2.
oshui River basin.
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5 [ SR AR AR AT R B 1 kem o AT FR H = R AT
JEE#) v A2 B 3 O AR LY SOC 2= [l 73 Af
NDVI 5+ F 2 (H ARV REILE 8 - (FRHE
WEENERZ — MEENEEEST g
% SOC 1Y 2 fE -
BliR#EEEREE

& 6 Ko B KRR T BE AR E
TEOM G - &5 SRR - KE 7 & % A bk
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forest K (D) Regression kriging with Random forest f8%#1 > §iAn[E » fEEhF ~EBUHE - 4R RTEIE » 45

PR
Fig. 3.

Scatter plots of soil organic carbon (SOC) stock for topsoil (0-30 cm) of (A) Cubist, (B) Regression kriging

(RK) with Cubist, (C) Random forest and (D) Regression kriging with Random forest models based on validation
dataset. The x-axis is observed value and the y-axis is predicted value, the solid line is fitted line.
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I P B 9 - DRI - 88 (R R Bl k) B O
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Using Digital Soil Mapping to Predict Soil Organic
Carbon Stocks in Zhuoshui River Basin

Bo-Jiun Yang', Hsin-Ju Yang', Tsang-Sen Liu’, Yi-Ting Zhang’, and Chien-Hui Syu >

Abstract

Yang, B. J., H. J. Yang, T. S. Liu, Y. T. Zhang, and C. H. Syu. 2024. Using digital soil
mapping to predict soil organic carbon stocks in Zhuoshui River basin. J. Taiwan Agric.
Res. 73(2):135-151.

Soil carbon sink is the second-largest natural carbon sink globally, surpassed only by the ocean.
Soil carbon sequestration is recognized as playing a crucial role in climate change adaptation and mit-
igation. Simultaneously, soil organic carbon (SOC) has positive effects on the physical, chemical, and
biological properties of soil. Therefore, the development of accurate mapping techniques is essential
for estimating SOC stocks and quantifying soil functions at a regional scale. The objective of this
study is to apply digital soil mapping to estimate the SOC stocks in the surface soil (0-30 cm) and
subsoil (30-50 cm) of the Zhuoshui River basin. This involves creating spatial distribution prediction
maps and conducting uncertainty analysis. Additionally, the study also aims to compare the differenc-
es in soil carbon stocks under different topography and land cover. The results show that Regression
Kriging (combined with Cubist) has the best predictive performance (surface soil: R* = 0.46; sub-
surface soil: R® = 0.48), with soil order, elevation, and mean annual temperature (MAT) identified as
crucial environmental parameters for predicting SOC stocks in both layers. Uncertainty analysis indi-
cates a higher prediction range in forested areas due to fewer soil survey points. In terms of different
land cover types (forest, paddy, upland, orchard, other), the study reveals that the surface soil organic
carbon stock is highest in mountainous forested areas (11.2 kg m™), while no significant differences
are observed in subsoil among land cover types. According to the prediction results, the estimated or-
ganic carbon stocks in the surface and subsurface soils of the Zhuoshui River basin are approximately
28.22 and 15.14 million tons (Tg), respectively. The findings of this study can serve as a reference for
soil carbon sink estimation, ecosystem services value assessment, and carbon-farming planning in the
Zhuoshui River basin.

Key words: Soil organic carbon stocks, Digital soil mapping, Zhuoshui River basin, Machine learn-
ing.
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