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Table 2.Calibration and validation statistics of soil phlepus properties, using NIRS and MIRS.

Calibration set

Validation set

Constituent Unit preprocessing N out nl Mean SDEC® Rz RPD n2 Mean SEP(c) R2v RPDv SD Slope Bias
gt!:es mg kg'l none 2441 104 4 100 318.0 236.1 1848 0.38 1.3 4224.4 295.8 032 1.2 1634 1.1 84.8
Presin mg kg'l none 1441 104 5 99 0.9 0.9 0.6 056 15 42 21 7 0. 006 1.0 0.7 -3.3 1.4
Prem mg kg'l none 1441 104 4 100 24.0 9.1 5.0 0.70 1.8 42 215 8.7 053 15 8.7 6.6 14
MIRS

Pt mg kg none 1441 104 6 98 361.3 256.4 1670 057 15 4314.7 0.8 016 11 177.0 0.6 -29.9
Presin mg kg* snv 1441 104 8 9% 0.7 0.8 0.6 043 1.3 42 1.0 6.4 036 1.3 0.8 0.7 0.0
Prem mg kg* snvd 0011 104 3 101 233 9.5 5.0 073 1.9 42 236 2600 050 14 7.0 6.4 -1.1

none: without treatment / snv : Standard Normaliatar/ snvd : Standard Normal Variate and Detrénd : total nb of sample of calibration, out : nboutlier, n1 : N — out,
Mean of calibration: mean of prediction / SD : $tard deviation / SECV: Standard Error of Cross dation / R2c: Correlation of determination of SECRPDc: Ratio
Performance Deviation (SD/SECV) / n2: number ofdation set / Mean of validation : mean of meadwalue/ SEP( c): Standard Error of Predictior?V: Roefficient of

determination of SEP / RPDv: 1/[racine (1-R?)]
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Table 3.Calibration and validation statistics of physicantical and mineralogical soil properties, using Sl&hd MIRS.

Calibration set Validation set
Constituent Unit preprocessing N out nl Mean SDEC® R%2 RPDO n2 Mean SEP(c) R2v RPDv SD Slope Bias

NIRS

Kt gkg'  None 2441 104 5 99 309.3 3089 950 060 1.6 4229.23 1255 037 13 1271 0.7 -28.0
Gb gkg®  None 0011 104 34 70 1384 138.8 67.8 060 1.6 4273.8 83.5 051 14 929 0.9 10.5
F&0s cep gkg' Msc 2551 104 9 95 36.9 37.0 11.80.80 2.2 42 50.9 213 063 1.6 272 1.0 1.4
C gkdg"  none 1441 104 4 100 1.3 1.3 05 079 21 42 15 0.4 081 23 0.8 0.9 -0.2
Clay gkg®  None 0011 104 4 100 3114 1364 97.7 049 14 4297.7 1146 033 1.2 746 11 49.3
Silt gkg®  Snv 1441 104 3 101 2149 1272 99.0 039 13 4208.2 1324 0.02 1.0 999 0.1 -18.8
Sand gkg  Snv1441 104 4 100 480.1 1825 1279 058 1.5 4231.6 1437 040 13 133.1 0.9 -37.3
PHuwate snv 2441 104 4 100 5.46 0.4 0.3 037 1.3 42 5.50.7 027 1.2 0.3 15 0.2
MIRS

Kt gkg®  None 0011 104 6 98 2989 140.1 90.3 059 1.6 4B12.3 1264 030 1.2 93.1 0.9 8.5
Gb gkg®  None 0011 104 25 79 1494 116.2 784 054 15 41215 67.8 045 13 78.0 0.8 11.9
F&O; ceo gkg® Detrend 1441 104 6 98 40.9 25.6 16.7 0.57 15 4B8.9 225 072 1.9 246 14 5.7
C gkdg"  Snvd 1441 104 7 97 11 0.9 0.3 0.8 26 41 1.4 0.4 087 28 0.9 1.2 0.0
Clay gkdg®  Snv 210101 104 6 98 349.4 1311 873 056 15 4B34.4 1175 055 15 1056 1.2 6.2
Silt gkg®  Snv 2551 104 4 100 218.2 116.6 76.5 0.58 1.5 41929 1074 032 1.2 1194 0.5 -39.6
Sand gkg  Snv0011 104 2 102 4404 1869 1100 0.66 1.7 42424 1154 0.76 2.0 1775 1.1 30.3
PHwate Snvd 0011 104 7 97 55 0.4 0.4 024 1.1 41 545 0 038 13 0.3 1.2 0.1

none: without treatment / snv : Standard Normaliatar/ snvd : Standard Normal Variate and Detrémd : total nb of sample of calibration, out : nbowtlier, n1 : N — out,
Mean of calibration: mean of prediction / SD : $tard deviation / SECV: Standard Error of Cross dtion / R2c: Correlation of determination of SECRPDc: Ratio
Performance Deviation (SD/SECV) / n2: number ofdation set / Mean of validation : mean of meadwalue/ SEP( c): Standard Error of Predictior?V: Roefficient of
determination of SEP / RPDv: 1/[racine (1-R?)]
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Figure 2. Correlation between absorption intensities of djepieaks for kaolinite (a) and gibbsite (b)
and their contents analyzed by wet chemistry. Ikd &Gb are the heights of the first derivatives of
absorption peaks of kaolinite and gibbsite, respeigt
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Figure 3. Partial least square loading weights for the PGhdformed NIR reflectance values after
the best pre-treatments for the prediction of soilerals: (a) NONE 1441 for Pres in NIRS; (b) SNV
1441 for Pres in MIRS; (c) SNV 1441 forRin NIRS; (d) SNVD 0011 for B, in MIRS. NONE: no
treatment; SNV: Standard Normal Variate; SNVD ng&d Normal Variate and Detrend.

3.3 Development of a PTF for soil phosphorus usitiger soil variables prediction through
chemometric approach

Simple regression statistics (Table 4) indicatesigmificant linear relationship between
Premand C, clay, silt, sand, 583 cspcaand Gb, whereas plerand Kt were not significantly
related to Ry, Among the different soil properties, gibbsite o was the most closely and
-0.59). The amount of crystallized oxides vadso

significantly correlated with B, (r

significantly correlated with B, (r = -0.49), however, the relationship with gilibswas

better than with iron oxides. Strong relationshye$ween Ry, and the clay (r = -0. 53) and
sand (r = 0.51) contents were observed, with a thegaoefficient for the former and a
positive one for the latter. The clay fraction waghly correlated to gibbsite and iron oxide
contents (r = 0.35 and 0.54, respectively) whido d&lad significant negative correlations with

Pem The sand fraction behaved opposite to the clagtitn. The C content was negatively
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correlated with Ry, which was a surprising result, because organittem& supposed to
reduce phosphorus retention (Haynes and Mokolol2fi@]1), and thus increase.® Soill
minerals (kaolinite, gibbsite, iron oxides) plakey role in the stabilization of organic matter
(Kaiser and Guggenberger, 2003) and thus expla@rsignificant correlation between C and
Gb (r = 0.24). The chemical reaction of the soHi(ge) does not seem to contribute much to
the sorption of P, in line with the review paper@drard (2016), explaining that the binding
capacity of Fe/Al oxides varies moderately in th nange of Madagascar soils. Regression
between Rs and soil properties showed that fH; silt and sand contents were the only
significant variables (Table 4).

The multiple regression analyses developed areepted in Table 5, and illustrated
graphically in Figure 4 for B, For chemically analyzed variables, the strongesttiple
regression (P<0.0001) forR included five factors (each significant at = 0.05),
representing pkhes texture and mineralogy variables (Eq. 1; Figuag As expected, given
their P sorption capacity, Fe/Al oxides (i.e. Gl #80; csp) had a major effect ondr. The
sand content (i.e. quartz), known for not havingn#icant sorption capacity for P,
counteracted the effects of Fe/Al oxides and wasulidor the accurate prediction of.R
The pHuater Which was not correlated with.R (Table 4), was removed without a substantial
reduction of the model efficiency (Eq 2). The C teort had significant contributions (Eq 1),
however, its inclusion in the model improved orhg texplanation of variability marginally
(Eq 3, Figure 4b), presumably, because of collibgaf C with Al oxides (r = 0.24). The
root-mean-square error (RMSE) was between 6.5 @hthg L', depending on the models. A
multiple regression equation was also obtainedPfar, (R* = 0.42, Eq. 4) using the same five
factors than for By, but the efficiency of the model was greatly restli@fter removing
PHwater and C content (R= 0.05, Eq. 5). The goodness of fit of multiplgnessions was
lower for Resinthan for R, (Table 5).

We tested the same multiple regression analysag tis¢ variables predicted with the PLS
methods (carbon, E®; csp, sand) and with the use of the intensity of thevdéve of
specific peaks (kaolinite, gibbsite). For pid: we used measured values as it could not be
predicted with spectral methods. Fore.P the multiple regression equations were
approximately of the same quality than those olethiith only the measured variables (Eq 7
to 8 in Table 5; Figure 4c). Moreover, the relasioip between B, predicted with PTF using
chemically measured data (Eq 3) anghPredicted with PTF using spectrally predicted data
(Eq 8) were good (slope = 0.83% R0.74) (Fig. 5.).
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Table 4. Pearson coefficients and significance levels faratation between physico-chemical and
mineralogical soil properties ang,for Pres of the ferrallitic soils studied.

Per (Mg 1) Pes(mg I) _

Variables Unit CoefficientS|g?;]:'/(;?nce Coefficient Slg?étllce?nce
Kt g kg* 0.0277 0.7380 -0.050 0.5450
Gb g kg' -0.586 0.0000 -0.019 0.8230
F&0s cep g kg* -0.488 0.0000 -0.097 0.2430
PHyater 0.120 0.1470 0.482 0.0000
Clay g kg' -0.533 0.0000 0.010 0.9080
Silt g kg* -0.167 0.0423 0.260 0.0014
Sand g kg 0.507 0.0000 -0.167 0.0431
C g kg -0.284 0.0005 -0.025 0.7600
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Table 5.Best-fit multiple regression analyses fog.for Pres of the ferrallitic soils studied using heally analyzed or values predicted using speagtom
(except pH).

Variables  Multiple regression equation R% RMSE
Chemically analyzed variables
Prem Prem= 22.323 + 1.553pfher— 0.127 C — 0.009K4- 0.039 Glayg- 0.065Fg0;5 cpp + 0.008 S 0.52 6.49 Eql
Prem= 25.775- 0.13 C - 0.031 Gf- 0.062 FgO; cpp+ 0.012 S 0.49 6.69 Eq 2
Prem= 25.610 - 0.035 Gl - 0.072 FgO; cgp+ 0.010 S 0.46 689 Eq 3
Pres Pes= - 0.208 + 0.053C - 0.001 Gjp + 0.001S 0.42 0.70 Eq 4
Pes= 0.284 + 0.001S 0.05 0.90 Eq 5

Spectrally predicted variables

Prem Prem= 20.787+ 1.285 pler—0.290 C — 0.007 Ki— 0.029Gh,q— 0.105Fg0; cpp + 0.020 S 0.50 6.61 Eq 6
Prem= 24.897 - 0.261 C — 0.027 G — 0.099 FgD; cgp+ 0.019 S 0.49 6.72 Eq7
Prem= 24.160 — 0.030 Gb — 0.111,88 cgp+ 0.015 S 043 7.09 Eq 8

Pres Pres= 0.847 + 0.058 C — 0.001 4t 0.001 Ghyg— 0.007 FgOs cap 041 071 Eq9
Pes=1.777 - 0.002 Kt- 0.001 Ghyy—0.007 FgOs cap 020 084 Eq 10
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Figure 4. Relationships between the measured data and tdectaee using the best-fit pedotransfert function (E a), a simplified function without C and
pH (Eq 3, b), a simplified function without C anH Eq 8, c).
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Figure 5. Relationships between the.Ppredicted with PTF using chemically measured d&atp3)
and PTF using spectrally predicted data (Eq 8).

4 Discussion
4.1 Use of infrared spectroscopy to develop P abdlity indices with chemometric methods

Phosphorus is an essential nutrient required bgscio large amounts. Soil testing is one
of the most cost-effective nutrient managementst@osfailable to farmers and crop advisers.
Solil tests provide an index of the labile plantilalde P by extracting a fraction of the P that
is related to the yield response of crops (Fixesh@rove 1990).

Soriano-Dislaet al. (2014) have recently reviewed the performanceisible, near-, and
mid-infrared reflectance spectroscopy for the proin of soil physical, chemical, and
biological properties using multivariate chemoneetegression modeling. For P availability
indices, with few exceptions of soil sets represgnspecial or unusual conditions, most
predictions of extractable P in soils resulted aitin low R, values (0.5-0.7) or were
considered to be completely unreliablé €R0.50). At regional or country scales, most @& th
results are unreliable with both NIRS (Chaetaal.,2001; Vendramet al.,2012) and MIRS
(Shepherd and Walsh, 2002; Minasstyal., 2009; Forresteet al.,2015). An exception was
reported by Morén and Cozzolino (2007) who founa bBccuracy prediction, using NIRS, for
resin and Bray extractable P,fR= 0.61 and 0.58, respectively) for soils from Uray. Our
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results, presenting even lower coefficients?(R 0.06 for NIRS and 0.36 for MIRS), are
comparable to the majority of studies conducted similar scale.

Sorption of P in the soil controls its chemical ntibp and bioavailability (Hinsinger,
2001). The ability of soil to bind phosphorus (Rpsimn) can be also a useful index of P
availability. Good predictions were reported in #tady of Soriano-Disl&t al. (2014) for P
sorption with MIR (moderately successful predicipmedian B = 0.83). However, the
number of studies and geographic area studiedwest Australia) are very limited (Jargk
al., 2009; Minasnyet al., 2009; Forresteet al., 2015). Studies using the Vis-NIR were less
successful (R = 0.69) (Coheret al., 2007). Our results showed lower accuracy predictio
with R% = 0.53 and 0.50 for NIRS and MIRS, respectivelyart the reported studies.
However, these predictions could be used as adadepail quality indices for evaluating soil
quality or fertility by African farmers who have raxcess to the soil analysis due to high

prices.

4.2 Use of PTF to relate P availability indicesstmil properties

The extent to which a soil adsorbs P (bufferingacity or sorption capacity) differs
widely among different soils. Factors controllingogphate binding in soils have been the
focus of research efforts in recent decades (eafsdd¢han and Lewis, 2002; Gérard, 2016). P
sorption tends to be high in soils with high prdamor of small-size particles such as clay and,
hence, high specific surface area (McGechan andd,.€002). Aluminium and iron oxides
are considered as the main phosphate adsorberdgsilen (Gérard, 2016 and references
therein). Accordingly, close relationships were rfdubetween the amounts of adsorbed
phosphate and certain aluminium and iron formsciwiead to the creation of pedotransfer
functions for predicting adsorbed phosphate (Boagdieet al., 2004). A substantial
contribution of kaolinite to phosphate sorption @deen also demonstrated recently (Gérard,
2016). The effect of pH and organic matter on phagp sorption by clay minerals and Fe/Al
oxides have been also extensively studied (Mulgdal., 1966; Haynes and Mokolobate,
2001).

Chemical properties that are related to the minarad organic components can be
predicted spectrometrically because of the intevacbetween the soil properties and the
active soil components: organic matter, clay milseeamd oxides (Minasny and Hartemink,
2011). Therefore, adsorption-desorption reactisush as P availability or P sorption, can be
predicted if quantitative mineralogy and chemiaadlgsis of various properties are available.

However, detailed mineralogical measurements antesspecific analysis are expensive and
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rarely made in soil surveys. There exist a few &t relates P sorption to aluminium and
iron oxide contents (Borggaaset al., 2004). Our results showed that, in addition toAFe/
oxides, sand and carbon content are key paramdteese compounds have been predicted
with a relatively good accuracy (Soriano Diga al., 2014). Demattéet al. (2006) and
Vendrameet al. (2012) demonstrated the use of NIR spectroscopydémntifying major soll
mineralogy in tropical Brazil. Numerous studies éaeported accurate predictions of soil
total C and N content (e.g. Madat al., 2005; Viscarra Rosset al., 2006; Brunetet al.,
2007). Accurate calibration for sand using MIRScombined visible-NIR have been found,
with R, between 0.70 and 0.99 (Chasigal.,2001; Schepherd and Walsh, 2002; Morén and
Cozzolino, 2003; Madast al.,2006; Vendramet al.,2012).

Our results are in the range of most publishedltesuth reliable spectroscopy-based soil
analysis for soil compounds used in our PTF, wita & 0.87 for C (with MIRS and PLS
calibration); 0.76 for sand (MIRS-PLS); 0.72 for,Bg cep (MIRS-PLS); and 0.75 for
gibbsite (NIRS, height of the first derivative giexific peak at 2,265 nm) (Table 3 and Figure
2.). The fit of multiple regression analyses fafr Resin USing data obtained by chemical
analyses and predicted values through spectrometeye similar (Table 5) and a good

relationship between the PTFs obtained by the ppoaaches was shown foR(Fig. 5.).

5 Conclusion

Highly weathered soils cover large areas in theit The reactive minerals, i.e. clay
minerals (kaolinite) and Al/Fe oxides (gibbsite ggute, hematite), play a key role, together
with organic matter, in the physico-chemical fuantng of these soils, especially on P
sorption. To overcome the widespread P deficiencthe agricultural soils of Sub-Saharan
Africa and promote adequate soil P managementdrapd low cost soil testing for P
availability or P sorption capacity are needed. /humerous studies have been conducted
to quantify the soil organic matter with infrareplestral methods (see Soriano-Disla et al.,
2014), research on the prediction of P sorptioracay or P availability in soils using this
approach is still scarce. Although these methodsiaeffective in predicting available P
(Presin, We showed that reliable spectroscopy-based seslyf a P buffering index £R) can
be obtained with both NIR and MIR spectrometry gsimPLS. The development of
pedotransfer functions (PTF) based on carbon careexture and mineralogical properties of
soils predicted with chemometric methods is alsefuldor predicting R, and through that
in the understanding of the effects of the mostadrtgnt soil components controlling P

sorption. Therefore, the P sorption capacity ofgbié can be predicted based on the amounts
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of aluminium and iron oxides (gibbsite and:G¢ cgp), that both increase P sorption, and the
amount of sand, that counteract the effects of Feides. These soil components being
fairly well predicted by IR-spectrometry, a rapigdadow cost procedure for the estimation of
P sorption capacity can be proposed. The herebsepted models represent encouraging
results and foresee the need for similar studietrapical soils in different environments to

improve the method.
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