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ZEmEE TR M 2017 4F L RAVEEE (Using R for Digital Soil Mapping)
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b - G BT R A R A 1 84 (DSM) #Y R packages
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a. HEEAIE RIS ERIRES © Multiple linear regression, Decision
trees, Cubist models, Random forest, Regression kriging - %3 fi 52
TR = Pl Y -

b. srERIE RIS ERIEZL © Multinomial logistic regression, C5
decision trees, Random forest o &§-E Rl 21T & 71 -
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FAHY R 3% DNA [y mapping - [NILAERTFEEE A [EIHE K 43
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BV A AR SRR TR A BRI T A AT AR R
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SRR BB MR I ~ IR B E AR
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A H Eb# A [EEEE (MLR, Decision tree, Cubist, Random forest)
ANTEHIGE R S sa a2 52 - [LAh - (EE S B AT R ARE -
HAAEAFRITERIGRA: - TREHAS - bz 1% - 43 11810
SEMENTERIgEE TSRS - Ml EEEASF - LA Random
forest A FEHI S (B HA Cubist ~ MLR F1 Decision tree » [R[H:14 %8

i LL Random forest JE FUAARNEIR YT 48 1B S5 AR AN [+

SR (IR T) EEVELLRL - AR A B G AR R
Sentinel 1 f1 Sentinel 2 » = @&k 20 2\ AR ER) DEM »
T EE A B mE - TSNS EE S Aspect

Slope ~ LS-factor, MRRTF, MRVBF, TWI - #I[F Random forest 7§
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(FFfEl+=) - BL&EREUR - FFHEITEEEINT - LR DEM HY[E g
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SR A BT T BEAOTEHIA AR -

E. Regression kriging 4g[&|4R % © IR FMIHVERIERZ = - FrA=EAT
e ] LUK _EAtHy s R ASS Sim H 5a M (universal kriging) 2
AETTTEOH - oM e B S B TRDRIA et S et LL BR 4l cubist
A1 random forest 5= - &+ VU A4 random forest 45 &

universal kriging TE:HI7& 0948 B R 5 -

222 FFHFENZE (10845 H 1 HE 10848 A 1 H)
(1) T s R K g [

¥ R AR FELAE E A E AR @ 11% - BTGB 9T = 2 AE T dm i
FedREH - N H R e B 5 AR A B & e R El ey T8
PIEREE A o AT - 0 EBAERE Rt Ay Ae S - EE Y B B
RUEFKERARHE (A /KA B R B R 14 AH )
AL - SZ Rl R AT AL B RR AR Y £ TR - B DAES
SE TN Y TRV R R - B TR - RESEE - EI
TRERE ~ $HRGHE ~ BFIEUKEE AR K& & « o J7ARR T
T R 4gE v - A S e =T pT Y B E S (AU S - BAR
Ht) DAREIRIEIVTE (BREOMEERIMN) A a7y
BB R AR S A HIT SR T B E AR (PIAN AT B /K Y S
TE R T B RSB A se s TR e A (BFE T+ 71) - BE4h - 1
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ELE0{wT ] soil texture package SR B INAYE R} - FEfE
B S A S A TS B MO R > 7S R Fl S5 i
Mo RS EIRVES R AR T BE R E R S R
TEREAAHE A S HES - BRI E Y45 R 2L random forest 5
ARG R R IR (P BIERD) AYorAaE (REE) -
(2) EMIIEARERES N1 =52 (Pedometrics) EFEIET €
A TTIZREEE

108 4£ 6 H 1 H * HIEMNEFLHEE - & HIREZhinZ KER

,% o

108 -6 H 2 H : WfaT &z

108 4£ 6 H 3-6 H : &ttt - BEHITAERERY ISR & S

#2206 H 4 HSIMKGHSHTIE -

108 426 H 7 H * HIIZEARREIEMERY

=
108 £ 6 H 9 H : kEHF

B. 2Bl AR

6/3 R

1 Pedometrics-Policy interface, success stories and remaining | Dominique
issues. Arrouays
Putting some value on geomatic data David Lobb
Digital Soil Mapping and Laws of Geography A-Xing Zhu
Integrated data mining for national scale probabilistic digital | Brendan
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mapping of soil thickness (Australian Case Study) Malone

5 Comparison between conventional and digital soil mapping | Zisis Gagkas
approaches for mapping soil hydrological classes in Scotland

6 Supporting Enhanced Forest Resource Inventories using Christopher
Machine Learning for High-Resolution Digital Soil Mapping | Blackford

7 Mapping functional soil properties of the McMurdo Dry Pierre Roudier
Valleys, Antarctica

8 Ensemble machine learning as a generic framework for soil | Tomislav
data science Hengl

9 Machine learning in soil research: Model tuning by Mareike Lie3
differential evolution

10 | Developing an interpretable machine learning method for Feng Liu
digital soil mapping

11 | Evaluating the Accuracy of Machine Learning Based Digital | Siddhartho S
Soil Mapping Models for Multiple Categories of Paul
Environmental Variables in an Agricultural Landscape

12 | Transfer learning to localise a continental soil vis-NIR Jose Padarian
calibration mode

13 | Oblique coordinates as covariates for digital soil mapping Anders Bjorn

Miller

14 | Three-dimensional modelling and mapping of soil Thomas Orton
constraints, combining machine learning and geostatistical
methods

15 | Accounting for conditional bias in digital soil mapping with | Gerard
proximal soil sensing data Heuvelink

16 | Mapping soil salinity in three-dimensions using EM38 and John
EM34 data and inversion modelling Triantafilis

17 | Using Neural Networks to Predict SOM of Moist Samples Changkun
by VisNIR Spectroscopy Wang

18 | Temporal harmonization of a national dataset for spatial Guillermo
prediction of soil organic carbon Federico

Olmedo

19 | Monitoring soil moisture using observations from multiple James Patrick
spatial supports Moloney

20 | Is it possible for a soil physics lab not only to perform Rubismar
analyzes but also to add recommendations on soil Stolf
management?

21 | Is anyone using the results of pedometrics applications? In Ross Searle
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Australia the answer is yes.

6/5 A

1 Low-cost portable near-infrared sensors for rapid analysis of | Budiman
soil Minasny

2 Comparing traditional and digital soil mapping at a district Ehsan Zare
scale using residual maximum likelihood analysis

3 Multielement geochemical modelling for differences in Skala Jan
topsoil pollution along the environmental gradient near the
coal fields

4 | Comparison of pedotransfer functions to determine soil bulk | Jin Zhang
density with limited data at a regional scale in the
Thompson-Okanagan region, BC

5 | Anew quantitative model for soil formation based on soil Tom
water flow Vanwalleghem

6 | Tea Bag Index (TBI): as a promising quantitative approach | Vanessa Pino
for analysing SOM dynamic and increasing soil connectivity
via citizen science

7 Automated soil core scanning for high resolution carbon Matteo Poggio
analysis down a soil profile? full inversion tillage case study

8 Digital pedology? studying soil profiles Alfred

Hartemink

9 Colour Features and Visible-Range Spectral Imaging for Soil | Asa
Organic Carbon Assessment Gholizadeh

10 | Surface and undersurface soil drainage inference by sensors | Jose A. M.
located 800 km from the target Dematte

11 | SLAKES Smartphone Application for Aggregate Stability Kade D. Flynn
Differentiates Between Different Management Practices

12 | Development of a methodical approach for the detection of | Katharina
soil microbial activity using infrared thermography Schwarz

13 | Mapping cation exchange capacity using a quasi-3d Dongxue
joint-inversion of EM38 and EM31 data Zhao

14 | 3-D Soil Structure Scans Show Effect of Management Dianna

Bagnall

15 | The use of national soil vis-NIR spectral library for Wenjun Ji
field-scale soil organic matter estimations

16 | Mapping of soil available water-holding capacity in New Michael
Zealand using visible near-infrared reflectance spectra and Blaschek

environmental covariates
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17 | Deep learning for simultaneous prediction of several soil Wartini Ng
properties using visible/near-infrared spectra, mid-infrared,
and their combined spectra

18 | Exploring practical ways of using NIR, MIR and XRF soil Timo Breure
spectra: sampling design and calibration

19 | Identifying soil provenance Yuxin Ma

20 | Digital Tropical Peatland Mapping Wirastuti

Widyatmanti

6/6 R

1 | Three-dimensional prediction of soil constraints for Thomas
assessment of amelioration strategies and losses in yield Bishop
potential

2 Evaluating soil carbon stocks in the forests of British Chuck Bulmer
Columbia Canada at multiple resolution

3 Predicting Soil Properties in 3D: Should Depth be a Alex
Covariate? McBratney

4 | Three-dimensional mapping of clay and cation exchange John
capacity of sandy and infertile soil in Northeast Thailand Triantafilis

5 Identifying the spatial drivers and scale-specific variations of | Asim Biswas
soil carbon fractions in a montane natural forest ecosystem
in Sri Lanka

6 Exploring how proximal soil sensors account for spatial Jonathan
variability and the effect of scale to optimise soil property Holland
estimates in UK precision agriculture

7 Sampling design optimization for soil mapping with Alexandre
machine learning Wadoux

8 Disaggregation of legacy soil survey maps in the agricultural | Jeremy Kiss
region of Saskatchewan using DSMART

9 Determining an optimal mathematical model, sample size Nan Li

and ancillary data to map exchangeable calcium and
magnesium at the field level

C. Wad e R

RIEF— RSN IET BRI - g3

1 B HY

W ER e &b T 548E (Digital Soil Mapping) K23l +
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SR (Proximal Soil Sensing) RyAHSY > S5/MILE S THEAERL
TR ~ TR N RO RE R ZEAHRANTIE - 55—k (6/3) keynote
speaker £y, AEAYEEZE Dominique Arrouays 5214 a2t digital
soil mapping HYRCRAG BUF A RIER - LURGEBUR ERR HEEE
JRHVEE S o HEAh - HIRYRIESEIE fOR = e H i e > T8
RyMhER DBV RINE » JEEE R SR B B B &
(R R BR MR 138 F R AR . (M1 /\) - JEsg
A2 N BN AL T IRAE R RT e L IR +
VB HRAEE - RN TR S R ATE -~ SRR
TEKSCEF A E ~ HrPRany AR K o AE ~ iR+
B fE ~ BB RHY TR A N ERYIE R oA (FS(E
TI) o AP AR LT R A =Ry T AT E > P4
(109 4F) ETERIRIEE R » AR 2 MY 4alE] 46 B S FH AH R
B EHYZER] - SR e P R E R L E YT A A AT
RCHHBRAVTE EE A E 7y - B — RAIHATELIME (NIR)
FELIME (MIR) R X S&aoealiz (XRF) o+ > 0 H
LA [E RS B2 T A R PR T VA TN [Rl Y IR M Y
2= (TEREE - BT OREE - FirEE - BiwEs) (I
& 1) EE o EE AT RSN TR o 5 T E oy R
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ISR TR T R HHIE - (o IR 1 ERIROHT 25 1 2R B
EHIEE (EM34 ~ EM38 ) Koy B4R (v-ray) - spffriy LIRS
B EE - BT CRE R - TS S8 AR
% (i —1—) o sZE D Rl R 45 S B b T IR R
AR [E] 5 B2 A s 3D B9 IR - i bt BRI ES nT DA
#HOTEN - Rt EA &R A R PR (BRG - B
AR RESE R B E AV E I TR A Ay I E & -
Gk TR A LHRI R 2T o BT A B b e
st & AT IENNALTURAT) EEGHYMIIE R T BRI A
B FIRFER I E R SR R DG & B b T g Y B A
SRAEER (B ) « AP MR R ERE A L AR
{H T E 2 AR R 2Ry E RS Rt
AVERS: - [EINSH S ER T S Sy i N /KA A 72 5+ 1 b
TA= o AR » B AT R HIEN B & Y T R
PRI IERZ AR K (HH S (E RS A MRS 7] I
AN o FI BTG T IRAE B AT B2 RO A4S Gra T R
Bl — RO TR 13 5 A S IS = R > KL - BI(ER
T [E—{E S5 » e il v R B Mt T BB 22 52
S EEsRPE i RS R E A It EO RS (SOIL PTIX)
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AME— BRI R HRAE T (55 ~ £ - AE - pH -~ [5RETAC
MEE ~ MEILRT) KERME - B EGHIES ATESE ML -
A A GPS xEfr - INIL AT BA m Y B E R A 2= oy
Ao ATRR Ry IR N (e =+ 0) - SR N AR
&S - B Fe— (Al SRy BRIl - SRR I E
SALAKREVER Sy (BA013% pH {H ~ BHUAE) - AIAALEDS
AR R AR - NMEFTRERE LB TERA  tiEE
TIEERNERAYERE -
(3) PGS S E (b HI%RAE (Digital soil assessment) &%
TV R RS RE - bTFTE S AR ] s T F K
BoAEE DRy BB AGHE S S E S TR E - (R R
BHA HEVHIESS » EFE I L T YR E R A R 2
RAE Rys Ay £ - L > Beffik, T B EY AR A RERY IR E -
EEEREE - BRREE - AioKora B R EE/KE - [ERiHE
=7 s VUEY IR B B EY) AR Y o SRR - A AR R R Y R Sk
EENEEE SR 0 £ 1 VEIE (index) » PIATSHEYIE R - B
EFEAT L > R > BEREAT 0 - BflE —+F Ry ARRR il 5 (s
BEHIPRBERR A o B f&iRe VU feE + e MR A BUE AL o AfiliE] Y pixel ok
Tt R STRA AR &R ME K ECPEE > DSR4 S m ot
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Wi IRV A S AT R - BUERGSEE (ZOTE —+oX) © 594 0
AIfEERERY &N T AR L 0 IR R R A R A TR
AT - ERAVEER(E S & A BAR AR (ks - (R ml iR
i fAE T B VERVRTAL - [FI6S >t nRE R Db TR P AL RIS
FEAERE S R E R R R S TRV R G AS +%
o B HIFEAR o I E SR ISR TIOR3 - A RS
IS B G 2R PR e R B T B SR gk R 5 DU i
fEisTEr (ESAFS, 2019) » #tfE R H & Digital assessment of soil
physical quality in the central region of Taiwan » FEfEfEELM 55— -
(4) BHEAFHATLIIME(NIR) R HELIME(MIR) A i R A S
AR Z W =ERR 7RO BALE T EEEERIBTFESN > TR
FA I AR ME BRIy 502 I H PRSI AR A ) & A R T =S
FSAEEERYFUIIE - E5ATH MIR B0 NIR SEEE i IR A S
FDEEEIRE - MIFBEE BV EREAREEER - BIn{S8 2 H 118
MWETENESS - R IE7AR A ORI ~ AR RRE A = R
» BRI oA T3S (BIa0 488 pH ~ 2507 ~ DKL ~ PoHEE T
KMEFE ~ ARIRKE T TTRT) T HERZHEITE - 7R Bak
BRI A AERO CER RS S PTHYER 7 T A B f o R A e [
i & B I AT AR AR T AT BRAFHARRAM: - BB & H AT R M ELEL
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GRZHY o NI > RRE R b IR B ZEAE - BT Ie = ERTANER
AR BEZMTAER IR E 775 e BRpa AV S (e — e =
/0 BEREESEERIERAIM RETEBEHEE Y - 2ETR
AR LR S e E - N RSB AT A RER R &R
RE A E R 58 P BRI 3 LU NIR B MIR JHIE AT HR 2R 1T
i EOFRHER > 1R AT TRUE R AR R YT 78 KPR AR AL -

= LR

1. R E SR = T ZAVH TR R TR i S e
2 U AE Ry T E IR (Pedometrics) » HEFTRZ U2 WIFERR T ZHE
s HIERIEHVE RIS [FR VR B FEEDEL ~ AT e =
ot e R ] WA DL RS B EAVEORER - B AR E
NE S - EEMILL - BAEE R IR T HIRE SIS HY
i R B QAN T A A N RS AR RO R TR S Y B B RE

0

Z— o W EES ST E ST (Pedometrics 2019) » 3k

PR T A BRI ST B PR AP T A R YT
EALfE

=

TR -

FFF}

BEATITE > PR 7R A A R 555 B R LR
B ETTEA b IEE ] (DSM) 1 - R T IR SR T 5T R e
FITT IR #2001 8 S R0 - ERR AN R TR A R R AR 1R AR
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A B HVER R R I s R - BRI AR R R A 58 R AR
AR ([HiSEEE T AR R 5B S #E1T DSM HYRER/EDER -
FEATRE Y TR o SRR - A EFAREAY R
ad = amiy  Bae IR E TR AT R E e R R E D B A e
RE R EETTHBIRVBTTT R s A T b IR T A -

3. IFMERE R B B MIER I IR (i IR EOH) A
KA FeE Ry LRI ER 2 — » &I 7AR A IR IR Rl
AR BRI A TR T A A TR AT R (RoR A R Sy
{58 FH R f i LB AT R - 2811 > B H AT e 7 AR RsH

DA

AAERTmHY ERES AT S BRI - TS AR R I BOR A K oo AT =
It AR T AR B AR SR e B R S TERA R 1B
YISO AG T A AT BUR B BT HIRE T S b FE 38 fE AT 2R -
4. BUETTIEIS LRI SRR RS E] - TRt rlErY TR ERNE
TRBURHIARE] SRR e M & B - B {b T iR4g[E (DSM) Feffisd
GRS IR AT BEE KR N T > ARG T TR - At 1 3
PR E IR ERY AR BT - Ry HIRERR 1A E R BUR LA
FIAR B S5 (A8 S ST FE(sE ST AT R Ry KA L S AH R S
HEL TR R AP YR S A S S B - BTl RE e A& £
SRR R R R A AR E S TEE Y FYI B E B G 20 (FOR
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KoK EH) - BT A G R A TR ARYEA - N BIEYIAER

YEE S ME > BTSRRI SR g B RN F A RIEASE & - 18
EFYIARI ] R R TEMIE T - DUER R R SRAY H AR -

5. B2 AP A ~ Sl R R THRADRIR ECE A HEL

1Y TR R B RN LT E R AT E T E
BN TR e fE 2 — AR Y B K eatRE )T > [EIELRE I %Y
Aok K B SRR E R SR LA & AT - (e
AR 53R - BT TR T BEEAVIHSE IR T B B R S RETRE SIS -
A L AR T IR S TR - R mT R0 AR R THE
SFAERSE AT UMEUS RN I - B R KB AT AR S E AR EE
oot R BuE RS (Data science) HUIISK (S EBAEIIFE T HEHE
RTEATRR > WA BLEERRIEE I Z — -

5. AIWHERR 7 EE Ealhe K BRI > AT E B R

BN E HFE N ST 7R S K 57 - 82 i E R AR T
TEBHEE RORFERTEENT - H CAEHEIR B AN - WRHIFERYRICR
SERBGEFHFHAHR e E AL R AR L (B4 R HY package) - A S H]
APIEVET - BREAGF GRE AR EM - 5 —EmEE - HE
SRRV R A MBS (EI A At ir 252
EHEF REERH -

19



6. {EWTEIIF R - SRR RBTFE ARV HIERE B I - &H
ADIYE - (BT FERIRCRAE & L E H 2 - Bl REZ et M4E b
YRV EERE S > W HAE TAE R A TEHUS P A RE 2 R R - 38
e H AR A S A IS B R S T FEAY T S URLRE

7. R EHI SR RIS TFRIR S - BR 728 digsh - WA e
T FERIREE - [RIRF L T LA B S Al et R ST 2 R e F A A R
FEZE L - PR R E R E R E S A N B E S ED - #
SRPRBES T - SR E B AR PR R EY -
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Digital assessment of soil physical quality in the central region of
Taiwan

Abstract

Soil physical quality is important for plant growth, which related to the root elongation and
respiration, water supply, and nutrient balance. There are many indicators used to evaluate
the physical quality of soils, but an integrated method to assess the soil physical quality
based on different measurable parameters is still limited. In addition, detailed spatial
information on soil physical properties are also limited. The objective of this study is to
model and map integrated soil physical index for plant growth based using digital soil
mapping and assessment techniques. The study area is in central Taiwan, and four soil
physical observations: bulk density (BD), aggregate stability in water (AS), available water
content (AWC), and saturated hydraulic conductivity (Ksat) were used in this study. A
machine learning model (Random forest, RF) and Regression kriging (RK) approach were
used for modeling and mapping the four physical properties with the help of several
covariates (i.e., DEM, Sentinel-1, Sentinel-2, land use, and soil type data). The resulting maps
are at 20 m resolution with uncertainty of prediction. The prediction values were
transformed into a soil physical quality index using membership functions and inference
rules. The results showed that the prediction accuracy of RK approach was higher than RF
model, and the prediction accuracy of BD was higher than the other soil properties. The
results of physical quality index indicated that the topsoils of central Taiwan has a good
structure (in terms of BD and AS) and the limiting factors are AWC and Ksat. The most
limiting physical quality is the relatively high values of Ksat, which contributed to be the
lowest quality index for most of the study area. According to these results, it suggests that
the plant growth could be improved by appropriate water management in the study area to
increase water storage and prevent leaching.

Key words: soil physical quality; soil quality; digital soil mapping; plant growth.
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(a) MLR predicted log SOC stock (0-5cm) (b) Decision tree predicted 0-5¢m log carbon stocks
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(C) Cubist model predicted 0-5 cm log carbon stocks (d) Forest model p 0-5cm log carbon stock
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Cubist model predicted 0-5cm log carbon stocks
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(a) Multinomial logistic regression

C5 decision trees
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90% Lower prediction limit
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Soil pH of Miaoli county
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Covariate importance from RF model fitting
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UK predictions of soll pH_RF pH UK prediction variance of soll pH_RF
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(a) Histogram Normal Q-Q Plot
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Texture triangle: USDA
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Deep learning
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Heuristic rule of soil physical index (SPI) for plant growth
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