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Global Digital Soil Mapping- the Motivation

GlobalSoilMap.net: A global digital soil mapping initiative




Global Digital Soil Mapping- the Motivation

GlobalSoilMap.net project

» was initiated in 2008 with a major funding from Melinda/Bill Gate
Foundation; it aims to:

< produce spatial predictions of key soil properties at continuous
depth intervals at a spatial resolution of 200 m for the entire
world

< derive management recommendation to the stakeholders

< link the GSM.net information to the end-user through
cyberinfrastructure




Global Digital Soil Mapping

The continuous depth intervals

» Are 0-5, 5-15, 15-30, 30-60, 60-100, 100-200 cm

> Are estimated by a spline function to compensate for missing soil
horizons and incompatible horizon depths

» Are then populated to 100-m resolution across the landscape




Global Digital Soil Mapping- the Motivation

GlobalSoilMap.net project (now its second phase in development)
» Has several nodes across the globe
» Has an African node based at CIAT- Nairobi Kenya
o The West African sub-node (including Nigeria) is based in Mali

» Involves the collection and use of legacy soil data and/or
contemporary data

» Also involves covariate data that are easier to acquire than the
measurement of soil attributes




Where is Nigeria and Why Nigeria?




ED
Where is Nigeria?

Where is Nigeria?

Pressing Problems:

*Food security
*\Water security/Climate change

Nigeria

Population:
160 million (2011 est.)

GDP (purchasing power parity):

$US414.5 billion (2011 est.)
World Ranking: 31
Predominantly Agriculture (36%)
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The origin of me

| was from here:
Village serenity or less
chaos than Lagos?

Lagos
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Why are Legacy Soil Data Useful for DSM for Nigeria?
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Why Legacy Soil Data are Important for DSM

> Soil legacy data have a major role to play in DSM, especially in digital
soil data-poor countries such as Nigeria

> In many of such countries, legacy soil surveys (since the colonial
period) would probably be the main sources of data for DSM

> Although some of these survey reports/maps have been
captured/catalogued, more are gathering dusts in various institutions

> We need to capture and transform them for DSM
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The History of Soil Mapping in Nigeria
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Legacy of Soil Surveys in Nigeria

Provisional Soil Map of Nigeria- Published in 1952
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egacy of Soll Surveys in Nigeria

Published in 1952
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Legacy of Soll

Surveys in Nigeria

*Soil Map based on CCTA
map of Africa, Published
by FAO’s Land Division in
1964, Scale: 1.5M

*The precursor of the
current “Digital Soil Map”
of the World
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Nigeria

® Physiographic Map of Jos
Plateau

® Published by British owned
Land Resource Division of
the Overseas Development
Administration in 1976

® |Land system approach, with
each physiographic unit
having a representative
profile (data)
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Legacy of Soil Surveys in Nigeria

Farm-level (detailed) Soil Map
of International Institute for
Tropical Agriculture (IITA)- at a
scale of 1:25,000, with detailed
profile description and data
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Soil Map of Nigeria by
FDALR Published in
1991: Scale 1:650k,

flunded b SR5IRIENE published by Sonneveld, B.G.J.S in 1995: Scale 1:3M
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Legacy of Soil Surveys in Nigeria

Thus these soll surveys were produced by different institutions
or organizations :

Q

U

U 0O 0 0 0

Departments within a number of Federal Ministries- variably include Agriculture, Environment
and Natural Resources- example are the FDALR and National Program for Food Security. both
now within the Federal Ministry of Agriculture;

Overseas Development Aid Organizations such as the British owned Land Resource Division of
the Overseas Development Administration and USDA;

Former Regional Government Ministries of Agriculture and affiliated Institutions

River Basin Development Authorities of which there are currently 12;

Government-funded Research Institutions within or outside Universities;

Individuals within Faculties of Agricultures in various Universities and Colleges of Agriculture;

Private sectors- large farm projects; reports indicate that only a limited number in this category
have some form of soil profiles data
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Surveyed by USDA/FDALR 1:650k (1991)

[BEHH surveyed by WNSS 1:500k (1969)

m Surveyed by ENSS 1:50k  (1960)

[EZ22] surveyed by ENPLAN 1:50k (1972-74)

- I YIRPEILIEPEREIE e :.:.:.:.'.'.:EE.:._::::':::: - gt o) g = /7774 Surveyed by IAR 1:100k (not up to date)

R ; [ﬂMSurveyed by IAR 1:250k (not up to date)

SRS J [ surveyed by FAO NEDECO 1:50k (1969)

%Surveyed by ENSS 1:100k (1964-5)
V771 Surveyed by NNDB NEDECO 1:50k (1980)

@  Detailed soil surveys at farm scale by IAR
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Compiled and published by Sonneveld, B.G.J.S in 1995: Scale 1:3M
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Legacy of Soil Surveys in Nigeria

Proportion of soil surveys in
Nigeria

1.0%

. Very detailed
. Detailed

. Semi-detailed
. Reconnaissance
. Exploratory

. Compilation of Exploratory

Scale/level of survey

24



Digital Soil Mapping For Nigeria

Because of my expertise in DSM and my passion for GolbalSoilMap.net
project to succeed in Nigeria, and in Africa in general:

» | convinced the University of Sydney to use my 6-month
sabbatical at ISRIC- to initiate the first approximation of DSM for
Nigeria as an exemplar for Africa;

o Collaboration with African and ISRIC scientists
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Digital Soil Mapping For Nigeria

DSM Steps for Nigeria

(following Rossiter, 2008): scanning
locating and and digitisation of

cataloguing of soil analogue soil legacy
legacy data data

of
covariate data at fine
(200m) grid

transformation of captured

legacy data into usable
Use data mining tool (Cubist) to interpolate a digital database

soil property at each depth onto the fine grid

Soil profiles data at
sample locations

fit a spline
<€ function to each soil profile
E.g., Digital map (100-m resolution) of a to estimate values at GSM

soil property at a given depth predicted standard depths
from 572 locations and covariates
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What were the challenges in legacy soil data renewal

Finding and locating the sources of legacy data is most challenging in the
process leading to data renewal in Nigeria

T

N

0 Some of the small scale
TR R ) surveys were already

R pannnas ./ N catalogue at ISRIC

%//// O But many of the detailed

surveys remain to be captured

o Surveyed by FDALR 1:650k (1991)

) B surveyed by WNSS 1:500k (1969)
BREEE Surveyed by ENSS 1:50k  (1960)

S Surveyed by ENPLAN 1:50k (1972-74)
Surveyed by IAR 1:100k (not up to date)
[ Surveyed by IAR 1:250k (not up to date)

EE surveyed by FAO NEDECO 1:50k (1969)
B surveyed by ENSS 1:100k (1964-5)

ort Harcourt (zZA4 Surveyed by NNDB NEDECO 1:50k (1980)

®  Detailed soil surveys at farm scale by IAR
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Challenges in legacy soil data renewal

> Ann then the renewal (digitisation & transformation) of analogue soil data
In reports, maps and profile observations, is challenging depending on
whether it is based on:

Analogue-to-digital transformation of georeferenced analogues with known
projections and datums

Analogue-to-digital transformation of georeferenced analogues with unknown
projections and datums

Analogue-to-digital transformation of un-referenced analogue scaled (sampling)
maps with profile locations and accompanied by reports

Analogue-to-digital legacy transformation of analogues with descriptive profile
locations and reports
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Challenges in legacy soil data renewal

An example of analogue-to-digital transformation of un-referenced
analogue scaled map

Scanned soil map Geo-referenced soil map

oOO

Q Profile location
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Challenges in legacy soil data renewal

Locations of profiles in northeastern
Nigeria by the combined use of
Google Earth and mapping units and
representative profiles as auxiliary
Information.
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Some outcomes

Sample locations- soil organic carbon Sample locations- soil pH ;.5 sgiwaten

615 profile locations with at least 880 profile locations with at least soil
SOC data at 3 or more horizons pH data at 3 or more horizons
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Digital Soil Mapping For Nigeria

N =615
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Digital Soil Mapping For Nigeria

N =878
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Fitting of Spline Funtions to the Legacy Profile
Data

scanning
locating and and digitisation of
cataloguing of soil analogue soil legacy
legacy data data

of
covariate data at fine
(200m) grid

transformation of captured
legacy data into usable

Use data mining tool (Cubist) to interpolate a digital database
soil property at each depth onto the fine grid

Soil profiles at
sample locations

Spline function- fit a spline
<€ function to each soil profile
to estimate values at GSM

E.g., Digital map (100-m resolution) of a
soil property at a given depth predicted

standard depths

from 572 locations and covariates




Steps for fitting spline functions and

estimating values at GSM standard depths

Fit spline _
mean spline

- Standard
depth Re-calculate

GlobalSoilMap Depth spline

Real soil profile data _
p standard depths function

-variable intervals
-missing data




Depth (cm)

Fitting of spline functions and estimating
values at GSM standard depths- examples

Depth (cm)

Spline fitted to raw data

T
1870

Soil Organic Carbon (gikg)

E

Raw data profile —
Soil Crganic C:r‘;n (g\ka) o
B ;

|

Fitted spline used to
estimate values at g
specified intervals: 0-5, 5- 5
15, 15-30, 30-60, 60-100 & .
100-200 cm |

Soil Organic Carbon (gikg)

Fitted spline

T
1979

Soil Organic Carbon (gikg)



Selected fitted splines to SOC profiles
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Depth (cm)

A “normal” spline profile

Depth (cm)

T T T
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Soil Organic Carbon (gikg)

A “weird” spline profile
underlain by raw profile
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Depth (e

Selected fitted splines to pH profiles

0
20
104
40
30 /
100
120
140
160
130
a0 , i .
0.00 280 5.60 B4l 1121
pH unit
0
20+
20
a0 \\
30
=
5
= 100
z
a a4
140
160
130+
" ooo 47 %5 1417 1890
pH unit

Depth (e

Drepth (cnt)

100+

120

160

120

T
2923 1388 1831

pH unit

180+

0.00

T T
247 14350 1234

pH umnit 38



Drepth (om)

Diepth {cm)

204

10

60

80+

1004

120

1404

160

1804

200

0.00

342 6.84 1026
pH unit

13.68

20+

40

60

80

1004

1204

1404

1604

180

200

0.00

130 859 12.89
pH unit

17.19

Diepth (cm)

Diepth {cm)

6.34
pH unit

1026

13.68

pH unit

12.89

1?1939



Why Do We Need the Covariates

scanning
locating and and digitisation of
cataloguing of soil analogue soil legacy
Acquisition and/or legacy data data
transformation of
covariate data at fine
(200m) grid

transformation of captured
legacy data into usable
digital database

Use data mining tool (Cubist) to interpolate a
soil property at each depth onto the fine grid

Soil profiles data at
sample locations

fit a spline
<€ function to each soil profile
E.g., Digital map (100-m resolution) of a to estimate values at GSM

soil property at a given depth predicted standard depths
from 572 locations and covariaies




Why do we Need the Covariates

A: Use data at sample locations to B: Use the model to populate the soil
generate a model relationship between property from the covariate raster data at
a soil attribute and covariates 100-m resolution

— N

T

Elevation

Elevation

Land cover|

Vd :f—< - — +p f< v —— =
@ @
@ o

E.g., Digital map of 0-5 cm depth soil pH
at 100-m resolution

Hammond Hammond
N~ _ — —_—
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Zoomed TWI
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Terrain Series

Terrain Classes

E'.Zitfgﬁﬂfx.ty . - o [ 13
Cow comvery 1 : [ - O 2 O 5
tian covey, I 2 s I 0 I 4
Low comenty I 4 s - I s

SIEEP < > gt the

51



Terrain Series

Terrain Classes

E'.Zitfgﬁﬂfx.ty . - o [ 13
Cow comvery 1 : [ - O 2 O 5
tian covey, I 2 s I 0 I 4
Low comenty I 4 s - I s

SIEEP < > gt the
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Terrain Series

Terrain Classes

E'.Zitfgﬁﬂfx.ty . - o [ 13
Cow comvery 1 : [ - O 2 O 5
tian covey, I 2 s I 0 I 4
Low comenty I 4 s - I s

SIEEP < > gt the
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Modelling Methodology

locating and
cataloguing of soil
legacy data

of
covariate data at fine
(200m) grid

Use data mining tool (Cubist) to interpolate a
soil property at each depth onto the fine grid

<€

E.g., Digital map (100-m resolution) of a
soil property at a given depth predicted

scanning
and digitisation of
analogue soil legacy
data

transformation of captured
legacy data into usable
digital database

Soil profiles at
sample locations

fit a spline
function to each soil profile
to estimate values at GSM

standard depths

from 572 locations and covariates




Modelling Methodology

Two modelling approaches exist:

» Spatial prediction (suitable for data-rich situations)
— Geostatistics: REML-BLUP, BME
— Statistical: MLR, GLM, GAM, etc.
—  Hybrid

» Data Mining tools (suitable data-scarce and/or complex situations)
— Classification & Regression Trees
— Neural Networks
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Fundamental model for both approaches

That a soil property variability in space is a function of one or more
covariates

V,=f(Q)+e

where V, is the target soil property; Q is the matrix of covariates; e is the
error term.
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Modelling Methodology

We opted for regression tree model using cubist mining tool, because :

» Cubist is better amenable to extrapolation beyond the range of
observed covariates at sample locations than GLM, neural network
and classical regression tree model

» It is more robust for scarce data than other method- because it is
able to exploit complex data structure by which it generates rules
for modelling
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Modelling Methodology
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Using Regression Rules to Predict Soil Property From

Covariates

Use Cubist Machine Learning Tool to generate
rules from values of a soil property (e.g., 0-5 cm
pH) and covariates at 500-900 sample locations

Feed the rules into an ArcPython script to predict the soll
property from the covariate raster data at 100-m resolution

— T

— T
Elevation
Elevation
Land cover
— Land cover —
Vi=f— « ~— +e f— &=
o o
o o
E.g., Digital map of 0-5 cm depth soil pH
at 100-m resolution
Hammond Hammond
N~ _ N~ nmona_~
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Using Regression Rules to Predict Soil Property From

Covariates

Target attUQéj E,eubig)tl_l\lllglaine Learning Tool to generate rules
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Rule 1: [374 cases, mean 5.893, range
3.65 t0 8.8, est err 0.590]
if
dem <= 288.5094
then
pHO5 = 6.904 + 0.00255 dem -
0.0003 evi + 0.00036 flacc - 0.068 wi

meet-0:002-Insatd-+-0-043-spi
0.0012 Insat7
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Rule 2: [502 cases, mean 6.388, range
3.61 10 9.43, est err 0.632]

if
dem > 288.5094
then
pHO5 = 8.796 - 0.00042 evi -

0-00147-dem---0:051-wi--0-0013-Insat4
+ 0.03 spi
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Extending to 100-m resolution- through tiling

THE UNIVERSITY OF

SYDNE

LT L___ IKilometers
250 125 0

4 ™\
Legend

Soil pH 1:5 water (0-5 cm)
B 537-500
[ 5.01-550
[Iss1-6.00
[ 6o1-650
I 65:-7.00
B 701750
7.51-9.50
\-
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Digital Soil Mapping For Nigeria

Results for Soil Organic Carbon
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Gil organic C0-5cm (Q/Q

B 052-5.03
P 504-7.38
7.39-8.61
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[ AT
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12.82
17.33
25.99
44.62
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Gil organic C0-5cm (Q/Q

B 052-5.03
P 504-7.38
7.39-8.61

\ 8.62-9.24

9.25-10.47

P 10.48-
B i2s3-
[ AT

\ B 25.00-

12.82
17.33
25.99
44.62

71




Gil organic C0-5cm (Q/Q

B 052-5.03
P 504-7.38
7.39-8.61

\ 8.62-9.24

9.25-10.47

P 10.48-
B i2s3-
[ AT

\ B 25.00-

12.82
17.33
25.99
44.62
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Gil organic C 5-15 cm (g/kQ)

B 052-5.03
P 504-7.38
7.39-8.61

\ 8.62-9.24

9.25-10.47

P 10.48-
B 12s3-
[ AT

\ B 26.00 -

12.82
17.33
25.99
42.62
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Qorganic C 15-30 cm (g/kqg)
B 052-5.03
P 504-7.38
[ 730-861

\ 8.62-9.24

9.25-10.47

P 10.48-
B i2s3-
B 7

\ B 25.00-

12.82
17.33
25.99
44.62
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Qorganic C 30-60 cm (g/kg)

B 052-5.03
P 504-7.38
[ 730-861

\ 8.62-9.24
[ 9.25-1047
P 10.48-12.82
P 12583-17.33
B 1734-25.90

\ B 25.00- 4462 /

75




76



77



78



Digital Soil Mapping For Nigeria

Results for Soil pH in Water
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Validation of output maps

» Used ten-fold cross-validation trials in which prediction accuracy
of 10% of the samples are tested using 90% of the samples

» The accuracy were determined by

o root mean square error- an indication of average error or
accuracy,

o relative error- the ratio of average error to the error that would
result from always predicting the mean value and should be
less than 1,

o concordance correlation coefficient which determines the
agreement between measured and predicted values
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Validation of output maps

Soitp /! ! |
Average error (pH unit) 'Relative error Correlation Coefficient
0.59 0.85 0.64

0.55 0.80 0.61

0.52 0.73 0.67

055 0.70 0.68

0.56 0.63 0.72

0.59 0.58 0.76
]

Average error (g/kg) Relative error Correlation Coefficient
4.93 0.73 0.60

4.48 0.89 0.49

2.66 0.80 0.60

2.67 0.80 0.60

1.52 0.91 0.54

1.00 0.77 0.62

TRelative error is the ratio of average error and the error that would result from always predicting the mean
value and should be less than 1
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Predicted pH

Validation of output maps

pH (0-5 cm depth)

9.00
8.00
7.00
6.00
500 " " atzt.eedr o M

4.00

4.00 5.00 6.00 7.00 8.00 9.00
Measured pH

pH (5-15 cm depth)

8.00
7.00
6.00
5.00

4.00

4.00 5.00 6.00 7.00 8.00

Measured pH




What next

»Work is ongoing for particle-size fractions,
CEC and others

»Perform more detailed uncertainty
analysis
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Uncertainty Estimation

Use Malone et al (2011) Prediction Interval Approach

Derive upper and lower prediction limits (PREDICTION INTERVAL) based on the
model errors and clustering for every pixel/node across spatial domain to a depth of 2m.

) Upper prediction interval

- - V Upper prediction limit

9—
>< Observed value
|
:
- —t * Model output
1

ndino
[eAlB]uUl UOIDIPaId

! Lower prediction limit

Lower prediction interval

v

Input
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Thank you for listening




