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(Vis) NIR Applications

C DNTENTS NIR in the field
T Some words about calibration and accuracy

MIR for accurate lab measurements
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NIR APPLICATIONS
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Potential of Low Cost Infrared Spectrometer
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Evaluating low-cost portable near infrared sensors for rapid analysis of soils from South Eastern Australia
Y Tang, E Jones, B Minasny - Geoderma Regional, 2020



RMSE

Evaluating low-cost portable near infrared
sensors for rapid analysis of soils from South

Eastern Australia

Y Tang, E Jones, B Minasny - Geoderma

Regional, 2020
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Geoderma Regional 22 (2020) e00319
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Developing a soil spectral library using a low-cost NIR spectrometer L)
for precision fertilization in Indonesia -

Wartini Ng ** Husnain €, Linca Anggria ®, Adha Fatmah Siregar ®, Wiwik Hartatik ®, Yiyi Sulaeman €,
Edward Jones ¢, Budiman Minasny ¢

Smart Soil Sensor KitVer 1.0




Table 4

Predictive performance of the NeoSpectra NIR spectrometer using the Cubist model.

Calibration Validation
Properties R*  RMSE bias R*  RMSE bias
Sand (%) 062 1259 —-11 045 152 —-0.28
Silt (%) 038 1149 -—046 022 1314 -—026
Clay (%) 067 1163 -—-0.15 052 1422 057
PHu o 0.71 061 —002 06 072 0
PHka 068 058 —004 054 069 —0.01
Corganic (%)" 0.73 023 —001 057 029 0O
Total N (%)° 069 004 0 052 005 0
C/N 03 269 —-033 012 315 —0.01
Potential P (mg 100 g~ 1)° 062 063 004 047 074 0.01
Potential K (mg 100 g )" 056 074 —0.06 044 084 001
Available P Olsen (mg kg ') 033 078 —004 009 094 002
Available P Bray (mg kg ')" 042 074 —-008 03 082 001
Available K Morgan (mg kg~ ')’ 024 0.1 —0.05 008 09 —0.03
P retention (%) 0.89 1055 028 0.75 16.14 —-0.66
Exchangeable Ca (cmol(+)kg™') 0.81 6.75 —-0.7 071 832 017
Exchangeable Mg (cmol(+) kg~') 072 3.08 —038 059 366 0.1
Exchangeable K (cmol(+) kg™ ') 029 034 —008 019 035 001
Exchangeable Na (cmol(+)kg™') 045 1.8 —023 024 216 0
Sum of bases (cmol(+) kg™ ') 083 7.85 —05 072 999 02
CEC (cmol{ +) kg~ 1) i 066 579 —-04 054 677 0.14
Base saturation (%) 074 1564 095 0.57 2038 085

R* - coefficient of determination, RMSE - root mean squared error.
* Subjected to log-transformation.
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Smart Soil Sensor KitVer 1.1 S0l Sesing 01 X

Scanning Data Unsur [Info Lokasi Observasi| Rek dasi Pupuk Export Data

No Form No Obs

!ﬂapplqgr Unit Tahun

No Tanah Desa

Pengirim ESeematns i

Koordinat Provinsi

T :

Inisial Kabu Info Lokasi
No Horizon No Sample No Balit Tanah

|| | SCIENCE . INNOVATION . NETWORKS V
www litbang.pertanian.go.id | ¥ ___

Collected spectra Chemometric predictions
. Sand (%) 78.1
=7 silt (%) 26
Clay (%) 193
g PHio 5.91
Organic carbon (%) 0.46
. Total N (%) 0.1
o - /\/f_,ﬁ- P retention (%) 1842
CEC (cmol{+ ) k™) 921
g - N\ . Potential P (mg 100 g~ ") Low
5 | Potential K (mg 100 g ') Low
- S \/ \ Available P Bray (mg kg™") Low
Available K Morgan (mg kg™") Low
\ Exchangeable K (cmol(+) kg™) Low
R T~
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Smart Soil Sensing Kit Ver 1.1 :

< N
e 90
= S3KVer 1.1 launched in 2021. = %
= This new version is built with android system-based program. :i
.% 70 - RY%= RY 0 %0(1-10-0-006(:+53.7))
o 60 ' 2=0.96
(o4
50 Y
From Spectra to 0 100 200 300 400 500 600
Fertilizer Recommendation K added (mg kg)
oil Sensing v0.1 [ X]
jcanning DataUnsur Info Lokasi Observasi RekomendasiPupuk Export Data
Komoditas Rekomendasi Pupuk NPK 15:15:15
il e NPK 15:15:15
Rekomendasi Pupuk 0 | kgha
Urea Urea
295 kgha 0 ' kgha
SP-36
95 | kgiha

Kl y

Rekomendasi Pupuk
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NEAR INFRARED FOR
FIELD SOIL INFERENCE

Reflectance factor (RF)
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SCANNING IN-SITU USING Predict
VISNIR SPECTROMETER properties directly from VisNIR
Organic

carbon (%) Clay (%)
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E.Jones. Proximal sensing in soil profiles
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IL SPECTRAL INFERENCE SYSTEM
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SPEC-SINFERS PREDICTED VOLUMETRIC RELATIONS.

Depth {cm)

Site A

Depth {cm)

0 -
10 7
20 7
30 7
a0 -
30
50 —
70 -
20 —
90 -
| 100 -

Depth {cm)

] Unavailable water

[] Available water

[ ] Air-filled porosity ~ [] Soil solids

E.Jones. Proximal sensing in soil profiles



SUMMARY — CROPPING POTENTIAL

Site A Site B Site C

\ 0 9 A 0 A
Sandy 1o - 1o -
Infertile 20 - Mod. AWC 50 - Clave
Low AWC 20 - Mod. clay 20 Ferﬁley
E E 40 Fertile E 40 -
= ! = s50- ! £ s0- M.od. CaCO;,
= " l=—1Heavyclay © - | 5 High AWC
Non-expansive '~ High CaCO,
e Infertile 50
" IE-1¢¥No CaCO, 100

X

E.Jones. Proximal sensing in soil profiles



sdowne Farm

Murad et al. (The University of Sydney)
A VisNIR Penetrometer System For Predicting Soil Carbon Under Australian Conditions
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MIR FOR LAB
SOIL ANALYSIS



MIR SPECTROSCOPY FOR LAB ANALYSIS
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NIR
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Stronger absorption bands:
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Robust field use, spectra not affected too much
by field conditions

Overtone, broad & diffuse peaks

Suitable for field analysis

Absorbance
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|
|
0.0 '

4000 3500 3000 2500 2000

Frequency (cm)
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Janik et al. (2017)

Not robust for field use, spectra affected too
much by the environment & surface roughness

Fundamental molecular vibrations, well-defined
peaks

Suitable for lab analysis



kaolinite illite montmorillonite
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MIR SPECTROSCOPY FOR LAB ANALYSIS

= After 23 years

Australian Journal of Experimental Agriculture, 1998, 38, 681-96 681

Can mid infrared diffuse reflectance analysis replace

soll extractions?

L. J. Janik®B R. H. Merryv and J. O. .Sb(jemsmdA

A CSIRO, Land and Water, PMB No. 2, Glen Osmond, SA 5064, Australia.

B Corresponding author; e-mail- les janik@adl clw csiro au

Summary. Recent developments in infrared
spectroscopy and computer software. together with
decreasing spectrometer costs. have resulted in an
increase in the potential for soil analysis. Infrared
spectroscopy in both the near and mid infrared ranges
allows rapid acquisition of soil information at
quantitative and qualitative, or indicator, levels for use
in agriculture and environmental monitoring. In this
paper, we describe how mid infrared diffuse reflectance
analysis can provide results comparable in accuracy

with many traditional extractive and digestion
laboratory methods in soil studies. with the possibility
of either replacing or enhancing them. Examples are
given for estimation of lime requirement. organic
carbon, exchangeable cations, air-dry moisture, clay
content and biological indicators. Infrared methodology
appears to have advantages in facilitating some soil
analyses that are otherwise very time-consuming or
expensive, or where spatially dense data is required.




CALIBRATION &
ACCURACY



CALIBRATION

Spectra
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CALIBRATION

Relating spectra to soil properties

If the Beer Lambert’s law was observed :

o Univariate
\\ o= Calibration

a=a,+kC+e




Absorbance

go 05 10 15 20 25 30

CALIBRATION

METHODS

Low SOC;High sand
Low SOC;High clay
High SOC

4000
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|
2000

Wavenumber (cm )

1000

Since the Beer Lambert’s law is not
observed,

The shape of the spectra
Is more meaningful
than
Reflectance at particular
wavelengths

Multivariate
Calibration

(using the whole spectra)



CALIBRATION

Linear models

Response[s]
e.g.Soil OC

Spectra

[predictors]

)

f
’7
%

#

x

k

/

Regression
coefficients

4 N

Residuals




MULTIVARIATE CALIBRATION

= Problems : |
= The spectra are highly correlated i
8
= There can be more variables than number of samples (large p,smalln) *
u Some SOlutionS: Wavelength /nm

= Reducing the dimension of X via calculation of latent variables

= Variables selection

= Methods:
= Linear multivariate methods, e.g. PLS

= Machine learning methods



PCA

Principal component analysis
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PARTIAL LEAST SQUARES (PLS)

= PLS regression decomposes both X and Y as a product of a common set of orthogonal factors
and a set of specific loadings (Wold, 1960)

= Then set up a regression model between the scores and Y.



ACURACY ASSESSMENT

Statistics

= Root-mean square error (accuracy)

In the NIR literature it is called SEP (standard error of
prediction)

MSE = Y11 (y; — 91)°

1 ~
RMSE = \/;Z?:l(yz — 9:)?
= Mean error (bias)

ME = Z?=1(3’i -9

Predicted values

Pradicted v alues

Bd |

B35

F¥ =0.832 ; Bias = 0.653

Measured values

L | 'l 'l L L L
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STANDARD ERROR OF PREDICTION

20 -

T T T T T T Jf T

R*=0.93 ; Bias = 1.48

18

16

14

Predicted values

10

8 10 12 14 16 18 20
Measured values

Std Err of Prediction (SEP)=RMSE

95% of the errors are in [BIAS-2*SEP ; BIAS+2*STD]



COEFFICIENT OF DETERMINATION, R?

2 — 1 — SSresidual
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i

Predicted values

Pradicted v alues

F¥ =0.832 ; Bias = 0.653

'l 'l 'l
B35 B4 Ed 5 BS B5.5 BE
Measured values

2 =0.832 ; Bias = 0000168 o
o]
B55 -
@ o
o
B5
e} (o]
DO
& Q
845 | oo @
£
B
0
B35 F
o 5y o
B35 B4 B45 BS B55

Measured values




PREDICTION QUALITY

Lin’s Concordance correlation coefficient

- Lin (1989)

= Evaluates agreement between pairs of observations by measuring

variation from the 45° line
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https://www.alexejgossmann.com/ccc/

BC CARCFUL WHEN YOU ONLY
RCAD CONCLUSIONS...

Reference: The Anscombe's quartet, 1973 Designed by @YLMSportScience Property
R2 =067 R2 = 067 Mean of x
Sample variance of x
000

o

Mean of y

Sample variance of y

[
® Correlation between
x andy
R2 =0.67 Linear regression line
: Coefficient of
determination R2
' Lin’s concordance
correlation coefficient 0.633

betweenx and y

THESE FOUR DATASETS HAVE IDENTICAL MEANS,
VARIANCES & CORRCLATION COCFFICIENTS



https://en.wikipedia.org/wiki/Anscombe%27s_quartet

HOW T0 LIE WITH R

y.=0.5845x + 0.0938

R2=0.3437
e o
Std. dev = 0.72
. RMSE = 0.74
RPD = 0.97
CCC =0.41
s N=23



20

15

10

HOW TO LIE WITH RPD & R

15

" y=0.7302x-0.0715

R?=0.9724

20

Std. dev = 4.55
RMSE = 1.60
RPD = 2.83
CCC =0.89
N=25



MIR FOR ACCURATE
SO0IL MEASUREMENTS



USDA-KSSL DATABASE

= Kellogg Soil Survey Laboratory
(KSSL) database.

= Contained measurements of>17,000
pedons from the USA with well-
documented and precise standard
operating procedures.

= MIR & Soil analysis




MODEL CALIBRATION

* Memory Based Learning (Local) PLS Regression Method

— —_

Soil Samples
| x10

25%
Validation

Prediction Accuracy

l

15%
Calibration

(R?, Concordance,
RMSE, Bias, RPIQ, RBIQ)




Ng, W., Minasny, B., Montazerolghaem, M., Padarian, J., Ferguson, R., Bailey, S. and
McBratney, A.B., 2019. Convolutional neural network for simultaneous prediction of
several soil properties using visible/near-infrared, mid-infrared, and their combined
spectra. Geoderma, 352, pp.251-267.
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WHAT OTHER 30IL PROPERTIES THAT CAN
BE WELL PREDICTED?

= ~ 200 soil physical, chemical & biological properties
= WE ONLY MODEL MINERAL SOILS!



Accuracy

RZ
0.901
(0.82-0.99)
0.847
(0.76-0.86)
0.665
(0.58-0.74)
0.486
(0.10-0.60)

Concordance RPIQ
2.353
0.946 (0.82-1.85)
1.263
0.915 (0.54-1.71)
0.821
0.800 (0.20-1.34)
0.490
0.659 (0.02-1.10)

SESSMENT

St. Bias

0.001

0.001

0.007

0.029

Multiple criteria:
R? = variance explained
Concordance: agreement at 1:1 line

RPIQ = Interquartile range/RMSE

St. Bias = Bias/Interquartile range



SO0IL CHEMICAL PROPERTIES

Proposition

= Properties related to soil mineral components and surface chemistry can be well
predicted (infrared-responsive chromophores)

= Properties related to soil solution (extraction) chemistry cannot be well predicted

= Elements in high concentration and related to soil minerals can be well predicted

Geoderma 153 (2009) 155-162

Contents lists available at ScienceDirect

Geoderma

journal homepage: www.elsevier.com/locate/geoderma

Regional transferability of mid-infrared diffuse reflectance spectroscopic prediction
for soil chemical properties

Budiman Minasny **, Grant Tranter ?, Alex. B. McBratney ?, Daniel M. Brough ®, Brian W. Murphy €



MEHLICH EXTRACTION

Properties

Calcium, Element Mehlich3 Extractable
Aluminum, Element Mehlich3 Extractable
Magnesium, Element Mehlich3 Extractable

Barium, Element Mehlich3 Extractable
Silicon, Element Mehlich3 Extractable
Potassium, Element Mehlich3 Extractable
Iron, Element Mehlich3 Extractable

Sodium, Element Mehlich3 Extractable
Manganese, Element Mehlich3 Extractable
Strontium, Element Mehlich3 Extractable
Phosphorus, Element Mehlich3 Extractable
Copper, Element Mehlich3 Extractable

Zinc, Element Mehlich3 Extractable

Arsenic, Element Mehlich3 Extractable
Lead, Element Mehlich3 Extractable

Cobalt, Element Mehlich3 Extractable
Nickel, Element Mehlich3 Extractable
Cadmium, Element Mehlich3 Extractable
Chromium, Element Mehlich3 Extractable
Molybdenum, Element Mehlich3 Extractable

units
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg

Accuracy

goaoaaoaaoaaoaaoaaoaQquaoaaoQoqQw w = W

R2
0.928
0.948
0.869

0.810
0.688
0.502
0.582
0.614
0.663
0.793
0.502
0.718
0.665
0.611
0.671
0.662
0.647
0.654
0.516
0.346

RMSE

1056.672
157.099
149.077

26.118
122.599
65.888
42.124
102.009
32.772
9.918
13.779
0.858
0.697
0.790
0.432
0.308
0.290
0.061
0.046
0.045

R2

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

0.1 1

. . ..................
et .
........... .
[ J
¢ ]
N 100 1000
IQR

Interquartile range
(Ppm)

10000



PHOSPHORUS

Properties

Phosphorus, P Retention
Phosphorus, Water Soluble
Phosphorus, Bray-1 Extractable
Phosphorus, Olsen Extractable
Phosphorus, Mehlich3 Extractable

units Accuracy R2

%

mg/kg
mg/kg
mg/kg
mg/kg

OO0QU0O&»

0.928
0.387
0.590
0.562
0.524

RMSE
6.7150
0.130

12.902
7.499
12.842

predicted

80

60

40

20

Phosphorus, New Zealand P Retention

R?=0.92
RMSE =7.01
bias =-0.1
RPIQ =2.57

20

40

observed

60

[
80




ELEMENTAL CONCENTRATION

RPIQ

Potassium
Aluminum
Sodium
20- Beryllium
Vanadium S‘LUC‘E’”
Zinc -
Cubatt 'Z.!rconium fl‘u“la'qnﬁltlm
, H o P Iron
154 _Tln Chromium Bﬁrium
MNickel~ °
.~ Titanium
_ z* Copper
Silver | Zad Phosphorus
- . . “
1.0 . Arsenic  strontium
Sefénium Manganese
a8
:Tﬂercu:y Calcium
L ]
Cadmium _
fntimony y = 0.07In (x) + 1.09
0.5' )
Molybdenum Accuracy A s B » C D
Tungsten
1 100 10000
|QR

Properties

Silicon, Major Element
Aluminum, Major Element
Potassium, Major Element
Sodium, Major Element
Vanadium, Trace Element
Beryllium, Trace Element
Iron, Major Element
Calcium, Major Element
Magnesium, Major Element
Titanium, Major Element
Phosphorus, Major Element
Barium, Trace Element
Strontium, Major Element
Zirconium, Major Element
Zinc, Trace Element
Strontium, Trace Element
Chromium, Trace Element
Nickel, Trace Element
Copper, Trace Element
Lead, Trace Element
Cobalt, Trace Element
Tin, Trace Element

Manganese, Major Element
Selenium, Trace Element
Manganese, Trace Element
Mercury, Trace Element

Arsenic, Trace Element
Molybdenum, Trace Element
Cadmium, Trace Element
Silver, Trace Element
Antimony, Trace Element
Tungsten, Trace Element

units

mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg

mg/kg
ug/kg
mg/kg
ug/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg
mg/kg

Accuracy

bd bd td b0 bd td b0 bd 0 0 B0 0 0 B0 0 B o o o o o

goaoaaaa aaaQa

R2

0.881
0.898
0.864
0.887
0.876
0.875
0.918
0.980
0.880
0.871
0.793
0.784
0.823
0.811
0.815
0.831
0.840
0.795
0.802
0.760
0.829
0.792

0.654
0.682
0.658
0.692

0.713
0.609
0.647
0.708
0.458
0.442

RMSE

20295.514
5960.44¢
2030.99¢
1701.09C

9.374
0.16¢€
5014.02¢
4080.72¢&
1718.701
811.61¢
167.81¢
42.43C
47.362
23.18¢
13.75¢
16.493
6.625
5.23¢€
4.81¢
3.56¢
1.95¢
0.23€

233.732
176.124
173.97¢

16.41¢€

1.953
0.434
0.09¢
0.03¢
0.14¢€
0.02¢



GEOCHEMICAL CONCENTRATION

= Total Silica

500 1

400 1

predicted

100 -

w

o

o
1

N

o

o
L

MIR

R?=0.98

RMSE =12.38
bias =-0.01
CRPS =29.65
100 200 300 400 500
observed

500 1

400

predicted

100 -

W

o

o
1

N

o

o
1

Clay, Sand, CEC, pH, OM

)%
L R®=0.98
RMSE = 27.88
bias = 4.18
CRPS =59.42
100 200 300 400 500
observed

Landré, A., Saby, N.P.A., Barthes, B.G., Ratié, C., Guerin, A., Etayo, A., Minasny, B., Bardy, M., Meunier, ].D. and Cornu, S., 2018. Prediction of total silicon
concentrations in French soils using pedotransfer functions from mid-infrared spectrum and pedological attributes. Geoderma, 331, pp.70-80.



SATU

Properties

Electrical Conductivity, Saturation Extract
Electrical Conductivity, Predict, 1:2 (w/w)
Acetate, Saturation Extract

Bicarbonate, Saturation Extract

Bromide, Saturation Extract

Calcium, Saturation Extract

Chloride, Saturation Extract

Fluoride, Saturation Extract

Magnesium, Saturation Extract

Nitrate, Saturation Extract

Nitrite, Saturation Extract

Ammonium, Saturation Extract

Potassium, Saturation Extract

Sodium, Saturation Extract

Sulfate, Saturation Extract

RATION EXTRACT

units
dS/m
dS/m
mmol(-)/L
mmol(-)/L
mmol(-)/L
mmol(+)/L
mmol(-)/L
mmol(-)/L
mmol(+)/L
mmol(-)/L
mmol(-)/L
mmol(+)/L
mmol(+)/L
mmol(+)/L
mmol(-)/L

Accuracy

oNvivavivivEoNvAvEORvEONvAUNG!

R2

0.685
0.783
0.290
0.628
0.079
0.645
0.675
0.195
0.668
0.392
0.286
0.364
0.408
0.703
0.653

RMSE

2.065
0.887
0.151
1.003
0.026
5.602
13.132
0.085
8.818
2.168
0.458
0.405
0.454
17.386
18.416



SOIL ORGANIC MATTER

Properties
Carbon, Total
Organic C
C,KMnO, extract

Nitrogen, Total
Sulfur, Total

Carbon, hpom
Nitrogen, hpom

Sulfur, hpom

B-Glucosidase

units
% wt
% wt

mg kg-!

% wt

% wt

% wt
% wrt
% wt

Accuracy R2 RMSE

A
A
A

Q Q

mg kg-1hr!B

0.97 0.42
0.93 0.65
0.92 84.47

0.90 0.08
0.64 0.10

0.90 0.18
0.71 0.03
0.72 <0.01

0.81 32.78

Carbon, Total NCS
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i

de:aylng

plants and animals \
By . y i g

small organic
fragments

particulate
organic matter

lifetime
= fast
1-50 cycling
years

nitrogen

microscopic
organic molecles

mineral-associated
organic matter

lifetime slow

10-1000

years cycling nitrogen

carbon

FORMS OF ORGANIC
MATTER

Resistant
oC

Lifetime
~1000 yrs | CaEbOR

©


https://www.nrel.colostate.edu/investigator/francesca-cotrufo-homepage/francesca-cotrufo-research/

Soil Carbon fractions (Australian Sites)
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HUM Mineral Associated
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SOIL PHYSICAL PROPERTIES

Proposition

= Properties based on the soil solid composition and surfaces can be predicted well
predicted

= Properties based on pore-space relationships cannot be well predicted

European Jowrnal of Soil Science, 2008 dot: 10.1111/5.1365-2389.2008.01058 .x

Using soil knowledge for the evaluation of mid-infrared
diffuse reflectance spectroscopy for predicting soil
physical and mechanical properties

B. MINASNY®, A. B. MCBRATNEY®, G. TRANTER® & B. W. MURPHY"
“Faculty of Agriculture, Food and Natural Resources, University of Sydney, New South Wales 2006, Australia, and
h.’_)fparmmm af Environment and Climate Change, Cowra, New South Wales 2794, Australia



RGGREGATE & BULK DENSITY

Bulk Density, <2mm Fraction, Ovendry

Properties units Accuracy R2 RMSE
Aggregate Stability, 0.5-2mm Aggregates % wt C 0.656 18.331 s % oof)ocgi 5
Bulk Density, <2mm Fraction, 1/3 Bar g/cc C 0.683 0.106 © 0% o 5 680 ©
Bulk Density, <2mm Fraction, Ovendry g/cc C 0.694 0.114 - L o oa P 0§00
, O . . X
Bulk Density, Core, <2 mm fraction, Field o o O%O 000 ¢ ¥ @ @gio
Moist g/cc C 0.616 0.212 o . gt T .
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WATER RETENTION

Properties units Accuracy R2 RMSE

Water Retention, 0.06 Bar, <2mm Clod % wrt C 0.587 4.594
Water Retention, 1/10 Bar, <2mm Clod % wt C 0.694 6.287
Water Retention, 1/3 Bar, <2mm Clod % wt C 0.715 4.287
Water Retention, 0.06 Bar, <2mm Sieve % wt A 0.808 4971
Water Retention, 1/10 Bar, <2mm Sieve, Air-dry % wt A 0.836 4.489
Water Retention, 1/3 Bar, <2mm Sieve % wit A 0.892 3.205
Water Retention, 1 Bar, <2mm Sieve, Air-dry % wt A 0.912 2.408
Water Retention, 2 Bar, <2mm Sieve, Air-dry % wt A 0.905 2.278
Water Retention, 5 Bar, <2mm Sieve, Air-dry % wt A 0.864 2.585
Water Retention, 15 Bar, <2mm, Air-dry % wt A 0.907 1.854
Volumetric water content at 1/3 Bar % vol C 0.653 4.327
Volumetric water content at 15 Bar % vol B 0.851 3.493
Field Water Content, <2mm % wt B 0.755 4.569
Field Water Content, Core % wt C 0.681 25.177



predicted
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SOIL QUALITY INDICATORS

Biological Chemical Physical
Microbial Biomass pH Rooting Depth
Mycorrhiza populations CEC Stoniness
Particulate Organic Matter Heavy Metals Texture
Respiration EC Aggregate Stability
Potential N mineralization Organic C & N Slaking Index
Fatty Acid profiles Extractable macronutrients Water holding capacity
Soil enzymes Total elements, Bulk Density

Micronutrients
CaCO, Infiltration
P retention Penetration resistance

Poorly estimated, reasonably estimated, Well Estimated



Quantitative Evaluation of Soil Functions: Potential and State

inherent affected
soil & site conditions by soil management
site soil physics |chem.| biol.
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SOIL FUNCTIONS
Production (fertility) “
Nutrient cycling — mobilization & buffering
Carbon storage X
Water storage & filtering X
Habitat for biological activity X

https://www.frontiersin.org/articles/10.3389/fenvs.2019.00164/full



SUMMARS

= MIR offers a rapid and highly accurate measurement of many soil physical and
chemical properties

= Properties related to soil mineral components and surface chemistry can be well
predicted (infrared-responsive chromophores)

= Properties related to soil solution (extraction) chemistry cannot be well predicted.

= Properties based on soil solid composition and surfaces can be predicted well
predicted.

= Properties based on pore-space relationships cannot be well predicted. However
MIR can be used as a better alternative to PTFs
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Progress in Soil Science

Alexandre M.J.-C. Wadoux IUST PUBLISHED

Brendan Malone - Budiman Minasny
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| S OI I S p e ct r a | = Soil Spectral Inference with R

= Springer (2020)

Inference
with R

Analysing Digital Soil Spectra using
the R Programming Environment
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