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Abstract 

 

Soil organi c carbon ( C) and nitrogen ( N) cont ents have an essential rol e i n soil fertility, but t hey 

may be affected by sali nity, whi ch is especi all y responsi bl e for land degradati on i n ari d and 

se mi ari d regi ons. The objecti ve of t his wor k was t o study t he ability of visi ble and near i nfrared 

diffuse reflectance spectroscopy ( VNI RS) to predi ct soil C and N contents and electrical 

conducti vit y ( EC, a proxy for soil sali nit y) i n variabl y salt-affect ed t opsoils of t he Si ne Sal ou m 

regi on (Senegal). Different cali bration procedures and spectral pretreat ments were compared, 

and variabl e l og-transformati on useful ness was eval uat ed for predicti on opti mi zati on.  

Predi cti ons invol ved t hree cali bration procedures: gl obal partial least squares regressi on 

(PLSR), whi ch used all cali brati on sa mpl es si mi larl y; locall y wei ght ed (local) PLSR, wit h 

target sa mpl es predi cted indi vi duall y by gi vi ng hi gher wei ght t o cl osest calibrati on spectra; and 

gl obal PLSR per salinit y class, after spectral discri mi nati on of t hese classes. Predictions were 

perfor med wit h possi bl e spectrum pretreat ments (e. g., deri vatizati on) and variabl e deci mal l og-

transfor mati on.  

The st udy was perfor med on 311 t opsoil sa mpl es (0-25 c m dept h), eit her unsalted t o sli ghtl y 

salt y (Salt-, EC ≤ 2 mS cm- 1; 262 sa mpl es) or medi um t o hi ghl y salty (Salt+, EC > 2 mS c m- 1; 

49 sa mpl es). Soil sali nit y was accurat el y discri mi nat ed usi ng spectra: in vali dati on, 100 % and 

95 % of Salt- and Salt + sampl es were correctl y assigned on average, respectivel y. Best C and N 

cont ent predicti ons were achi eved after l og-transfor mati on usi ng calibrati on by cl ass 

( R2 VAL = 0. 87) and l ocal calibration ( R2 VAL = 0.77), respecti vel y; best EC predi cti on was 

achi eved wit hout l og-transfor mati on usi ng gl obal calibrati on ( R2 VAL = 0. 90). This suggest ed C 

and N cont ent predicti ons were affect ed by sali nity; l ogC and l ogN distri buti ons were al most 

symmetrical, hence log-transfor mati on useful ness, while l ogEC distributi on was very 

asymmetrical. No pretreat ment yiel ded syst e mat ically good predicti ons; nevert hel ess, first-

or der deri vati ve usi ng 31- poi nt gap often yi elded good predi ctions, and second- or der 

deri vati ves poor results. 
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Hi ghli ghts 

- Soil C and N cont ents and sali nity were accurat ely predi cted usi ng VNI RS ( RPD > 2) 

- C cont ent was best predict ed usi ng PLSR by sali nity class on l og-transformed val ues 

- N cont ent was best predict ed usi ng l ocall y wei ghted PLSR on l og-transformed val ues 

- Sali nit y was best predi cted usi ng gl obal PLSR wi thout l og-transfor mati on 

- Spectrum pretreat ment opti mi zati on depended on the variabl e and PLSR t ype 
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1. Introducti on 

 

Soil organi c matter (SOM),  made mai nl y of carbon ( C; 58 % of t he SOM)  coupl ed t o nitrogen 

( N), phosphor us and sulfur, plays an essential role i n soil physi cal (e. g., soil aerati on, 

aggregati on), che mi cal (e. g., pH regul ati on and nutrient reserve) and bi ologi cal fertility (e. g., 

mi neralizati on and nutrient recycli ng by het erotrophi c soil organis ms; Lal, 2014). Opti mi zi ng 

these functi ons and processes all ows soils t o pr ovi de ecosyst e m services, such as food 

pr oducti on, cli mat e regulati on or even wat er st orage, regul ati on and supply ( Do mi nati et al., 

2010; Lal, 2014). Thus, mai nt ai ni ng SOM st ocks is a maj or issue worl dwi de i n t he cont ext of 

cli mat e change and land degradati on ( Di gnac et al., 2017; Gupt a, 2019). 

Soil sali nizati on, whi ch is t he accumul ati on of water-sol ubl e salts i n t he soil, can have nat ural 

or ant hropi c ori gi ns (primar y or secondary salinizati on, respecti vel y). The proporti on of salt-

affect ed soils, locat ed mainl y in ari d and se mi ari d regi ons, is esti mat ed t o be 7. 5 % of t he gl obal 

land surface area ( Hossain, 2019). Sali nity affects soil properties, particul arly C and N cycli ng. 

Indeed, a hi gh level of salts reduces soil mi crobi al bi omass and acti vity and t hus SOM 

deco mpositi on ( Ri etz and Haynes, 2003; Yuan et al., 2007). Moreover, plant growt h is li mit ed 

in salt-affect ed soils: their bi omass producti on is reduced, leadi ng t o a l ower a mount of fresh 

or gani c matter i nput i nt o soil, often causi ng a SOM st ock decrease ( Wong et al., 2010). As i n 

many countries i n dry regi ons, Senegal is i mpacted by hi gh pri mar y sali nization, pri nci pall y 

due t o cli mat e change, resulti ng i n l ocall y so-called “Tannes” (hi ghl y degraded salt y pl ots, 

literally tanned or burnt out; Di atta et al., 2001). The current surface area of Senegal salt-

affect ed soils is hi gher t han 1. 7 milli on ha, and t he Tanne surface area is expect ed t o i ncrease 

in t he fut ure at the expense of agricult ural soils, mangr oves and soils under nat ural veget ati on 

(Faye et al., 2019; Sadi o, 1991). In t his cont ext, to be abl e t o prevent soil degradati on, it is 

necessary t o spatiall y and temporall y assess soil salinizati on processes and esti mat e t heir l ong-

ter m i mpact on SOM content. 

Accurat e mappi ng of spatial and te mporal changes in SOM cont ent and soil sali nity levels at 

different scales requires the anal ysis of many sa mpl es. Visi ble and near i nfrared diffuse 

reflect ance ( VNI R) spectroscopy ( VNI RS) has been proposed as an alternative to conventi onal 

anal ytical met hods t o assess soil properties: its cost- and ti me-effecti veness has been not abl y 

evi denced for SOM cont ent det er mi nati on ( O’ Rourke and Hol den, 2011; St enberg et al., 2010). 

VNI RS has also shown its useful ness for quantifyi ng soil organi c C and N cont ents and soil 

el ectrical conducti vit y (EC), whi ch is used as a pr oxy for soil sali nit y ( Clairotte et al., 2016; 

St enberg et al., 2010; Viscarra Rossel et al., 2006). Several aut hors also observed a direct effect 

of salt cont ent on t he VNI R absorbance spectrum ( Farifteh et al., 2008; Li et al., 2019; Wang 

et al., 2018). 

So me challenges have, however, been i dentified in VNI RS applicati ons to soils. In regi ons 

affect ed by variabl e levels of soil sali nizati on, soil spectral libraries may be charact erized by 

i mportant spectrum di versit y, possi bl y leadi ng to less accurat e predi ction of SOM cont ent 

( Moura- Bueno et al., 2019). To overcome t he issue of soil di versit y in spectral libraries, 

different t ypes of models can be used. For exa mpl e, Li u et al. (2018), who used a VNI R spectral 

library incl udi ng different soil types, obtai ned t he best predi ctions of soil organi c C cont ent 

when t hey first discri mi nat ed soil types from t heir VNI R spectra and t hen perfor med predi cti ons 

by soil type. Anot her strategy consists of perfor mi ng i ndi vi dual prediction of each target 
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sa mpl e, usi ng onl y cali brati on sa mpl es t hat are its spectral nei ghbours; this is the pri nci pl e of 

local partial least squares (PLS) regressi on (PLSR), whi ch has shown good results for t he 

predi ction of soil organi c C i n large and het erogeneous spectral libraries ( Clairotte et al., 2016; 

Nocit a et al., 2014). Spectrum pretreat ment (e. g., standardi zati on or deri vatization) has also 

been used t o i mpr ove predi cti on accuracy, especi ally t o reduce spectrum noise t hat dist urbs t he 

relati onshi p bet ween spectra and st udied sa mpl e properties ( Boys wort h and Booksh, 2007; 

St enberg et al., 2010). Few aut hors have specifically st udied t he effect of spectral pretreat ment s 

on predicti on model accuracy. Li u et al. (2019), who predi cted SOM content usi ng VNI RS, 

observed an effect of spectral pretreat ment (si x pretreat ments tested) on the cali bration set 

selecti on based on spectral represent ativeness, which t hus infl uenced SOM cont ent predi cti on 

perfor mance. Moura- Bueno et al. (2019) combi ned four t ypes of predi ction models wit h si x 

spectral pretreat ments and observed an effect of the combi nati on model  pretreat ment on soil 

or gani c C cont ent predicti on usi ng VNI R spectra. Recentl y, ot her aut hors tested fracti onal 

deri vati ves and reported good VNI RS predi ctions wit h 1. 5-order deri vati ves for salt cont ent 

( Wang et al., 2018) or 0.2- 0. 8-order deri vati ves for SOM ( Xu et al., 2020). However, most of 

these st udies consi dered onl y a few spectral pretreat ments and di d not consi der t heir possi bl e 

combi nati on (e. g., standardi zati on t hen deri vatizati on). In additi on, predi ction may be 

ha mpered for expl ai ned variabl es t hat do not follow a nor mal distri buti on, so several aut hors 

have used l og-transformati on ( wit h eit her natural or deci mal l ogarithm), root-square-

transfor mati on or Box Cox transfor mati on t o obt ain an approxi mat el y normal distri buti on and 

thus i mpr ove predicti on (Vasques et al., 2008; Li u and Chen, 2012; Terra et al., 2015; Lobsey 

et al., 2017). For i nstance, Vasques et al. (2008) and Terra et al. (2015) reported better VNI RS 

predi ctions of soil organic C wit h log10 transfor mati on t han wit hout l og10 transfor mati on. The 

latter aut hors compared different variabl e transfor mati ons: the best results were achieved wit h 

log10 transfor mati on for several soil properties, such as organi c C or exchangeabl e bases, wit h 

square-root transfor mation for ot her properties, such as clay acti vity or most mi cronutrients, 

wi t h Box Cox transfor mation for sand cont ent onl y, and wit hout transfor mat ion for clay cont ent 

and most oxi des. 

Therefore, predicti ng soil properties from spectral libraries t hat incl ude bot h unsalted and salt y 

soils mi ght be challengi ng, but appropriate combi nati ons of model t ype and pretreat ment s coul d 

hel p t o address t his challenge. The obj ecti ve of t his wor k was t o opti mi ze VNI RS predi cti ons 

of t opsoil organi c C and total N cont ents and EC in a spectral library i ncl udi ng variabl y salt y 

soils by i dentifyi ng t he best combi nati ons of t he type of predicti on model, spectral pretreat ment 

and variabl e transfor mation. More specificall y, the st udy was conduct ed on soils of t he Si ne 

Sal oum regi on (Senegal) and t hree types of PLSR (gl obal, i. e., common; l ocall y wei ght ed; and 

by EC cl ass) were combined wit h 46 spectral pretreat ments (e. g., centri ng, standard nor mal 

variate, detrendi ng, deri vatization, and t heir possibl e associ ati ons) t o test prediction accuracy. 

In additi on, t he l og-transfor mati on of expl ai ned variabl es was also tested.  
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2. Materi als and met hods 

 

2. 1. St udied regi on and soil sampli ng 

The soil sa mpl es t hat were st udied ori gi nat e from t he Senegal ese admi nistrati ve regi on of 

Fatick, whi ch is 100 t o 250 km east-sout heast of Dakar and covers 6850 km². The cli mat e is 

se mi ari d, wit h 400- t o 600- mm annual rai nfall and 28-29 ° C mean annual temperat ure. The 

regi on i ncl udes the deltaic Si ne Sal oum est uary in t he west ( Quat ernary sedi ments); gentl y 

rolli ng pl ai ns deri ved from an anci ent dune fiel d overl yi ng a conti nent al sedi ment ary basi n (lat e 

Cr et aceous) i n t he east; and resi dual dissect ed plat eaus of t he sa me continent al sedi ment ary 

basi n in t he nort h ( Roger et al., 2009; Tappan et al., 2004). The mai n soil types are Gl eyi c 

Sol onchaks (sol ubl e-salt rich and hydromor phi c), Ferralic/ Si deralic Arenosols (very sandy, 

strongl y weat hered, oxi de-rich), Umbri c Gl eysols ( wat erl ogged, dark-col oured, wit h l ow base 

sat uration), Ferric Li xisols ( wit h l ow-acti vit y clays, hi gh base stat us and oxi de concreti ons), 

St agni c Fl uvisols (stratified sedi ments, long waterl ogged), and, t o a lesser ext ent, Hapli c 

Ar enosols (very sandy) and Dystric Regosols (poorl y devel oped, wit h l ow base sat urati on; 

I USS Wor ki ng Gr oup WRB,  2015). Nat ural veget ati on is mai nl y tree savannah and shrub 

savannah but also mangroves. The mai n crops are peanuts and pearl millet, someti mes mai ze, 

and mar ket gardeni ng (on some hydr omor phi c soils). Co mmonl y, livest ock is more or less 

integrat ed i nt o agricult ural syste ms, especi all y cattle and s mall rumi nants.  

As part of t he st udy of Chauvi n (2013), the sa mpled sites were chosen t o capt ure t he regi onal 

variability of land covers and soil types, except mangr oves and mudfl ats on Fl uvisols (due t o 

accessi bility issues). The sa mpli ng desi gn, which i nvol ved 312 sites, was based on a 

cl assificati on carried out usi ng t wo 2010 Landsat 7 i mages (183  170 km²  each) provi ded by 

the sensor Enhanced Themati c Mapper, whi ch has ei ght bands from 0. 45 t o 12. 50 µm wit h 30-

m resol uti on i n general (USGS, 2011). I mages were anal ysed usi ng ENVI 4. 5 soft ware (I TT 

Vi sual Infor mati on Sol utions, Boul der, CO, USA) for geometric correcti on, mosai cki ng and 

col our composites and ArcGI S 9. 3 soft ware ( ESRI, Redl ands, CA, USA) for di gitizati on and 

for creati ng a land cover map. All these sites had soils wit h text ure dominated by sand-si ze 

particles. Overall, the site latitude ranged from 13°35' 35" to 14°41' 33" N, and t he site l ongit ude 

ranged from 16°38' 04" t o 15°35' 28" W. One soil sa mpl e was collect ed at each site at a dept h of 

0- 25 c m usi ng a manual auger. 

 

2. 2. Soil anal yses 

Bef ore anal yses, the soil sa mpl es were air-dried and t hen crushed usi ng a mort ar and pestle 

before 2- mm si evi ng. Al l anal yses were carried out i n ISO9001: 2015 certified laborat ories of 

the French Nati onal Research Instit ute for Sust ainabl e Devel opment (I RD) in Dakar. Tot al C 

and N cont ents were det er mi ned on 0. 2- mm ground, 100- mg ali quots accor di ng t o ISO 

10694: 1995 and 13878: 1998 procedures, respecti vel y (ISO, 1995 and 1998, respecti vel y) usi ng 

a CHN ele ment al anal yser ( Ther mo Fi nni gan Flash EA1112, Mil an, Ital y). Soil sa mpl es 

collected i n t he st udy area were expected t o be carbonat e-free; thus, all carbon was consi dered 

or gani c. However, one sa mpl e had a very hi gh C-t o- N rati o (28. 9), suggesti ng t hat it mi ght 

cont ai n carbonat es. This sa mpl e was consi dered an outlier and re moved fro m t he soil sa mpl e 

set, whi ch t hus incl uded 311 sa mpl es. The EC was det er mi ned accordi ng t o the ISO 11265: 1994 

pr ocedure (ISO, 1994) on suspensi ons of 20 g of 2- mm si eved soil in 100 mL de mi neralized 
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wat er usi ng an ohmmet er (Symp Hony SB70C, VWR,  Mont - Royal, QC, Canada). Two soil 

sali nity classes were distinguished accordi ng t o Sadi o (1991), who st udied t he Si ne Sal ou m 

area and consi dered vegetation and soil text ure i n additi on t o EC: unsalted or sli ghtl y salt y soils 

(denot ed as Salt-), wit h EC ≤ 2 mS c m- 1; and medi um t o hi ghl y salt y soils (Salt +), wit h 

EC > 2 mS c m- 1. 

Refl ect ance spectra i n t he visi bl e and near i nfrared regi ons were acquired bet ween 350 and 

2500 nm at 1 nm i nt ervals usi ng a portabl e LabSpec 4 spectrophot omet er (Anal ytical Spectral 

Devi ces, i. e., ASD, Boulder, CO, USA). This i nstrument is equi pped wit h a cont act probe, and 

the sa mpl es are scanned manuall y wit h t his probe (surface area scanned: 80 mm²). Each VNI R 

spectrum resulted from the averagi ng of 32 coadded scans, and absorbance zeroi ng was carried 

out every hour usi ng a reference standard (Spectral on, i.e., pol yt etrafl uor oet hyl ene). Each 

sa mpl e spectrum resulted from t he averagi ng of spectra acquired on t hree ali quots of 2- mm 

sieved air-dried sa mpl es that had been oven-dried at 40 °C for at least 12 h. 

 

2. 3. Che mo met ric anal yses 

2. 3. 1. Pretreat ments 
Bef ore anal yses, reflectance spectra were converted i nt o absorbance, whi ch was cal culat ed as 

the deci mal l ogarit hm of the inverse of reflectance (absorbance = l og10[1/reflectance]). Several 

common spectrum pretreat ments were used, alone or i n conj uncti on, to reduce baseli ne 

variati ons, enhance spectral feat ures, reduce t he particle-size scatteri ng effect, re move li near or 

curvili near trends of each spectrum, and/ or re move additi ve or multiplicative si gnal effects 

( Boys wort h and Booksh, 2007; St enberg et al., 2010): Savitsky- Gol ay smoot hi ng (Smoo), 

centri ng ( Centr), standard nor mal variate (SNV),  1st - and 2nd-order detrendi ng ( D1, D2), 1st - 

and 2nd-order deri vati ve wi t h 11- or 31-poi nt gaps ( Der111, Der131, Der211 and Der 231); Centr 

foll owed by D1, D2 or the deri vati ves menti oned (e. g., Centr D1, Centr D2 or Centr Der 111); 

SNV foll owed by D1 ( SNVD1), D2 (SNVD2) or t he deri vati ves menti oned (e. g., SNVDer 111); 

D1 or D2 foll owed by the deri vati ves menti oned (e. g., D1Der 111); Centr D1 or Centr D2 

foll owed by t he deri vati ves menti oned (e. g. CentrD1 Der 111); SNVD1 or SNVD2 foll owed by 

the deri vati ves menti oned (e. g. SNVD1 Der 111); and raw absorbance spectra, wit h no 

pretreat ment, were also studied ( Ra w). All pretreat ments ai m at a mplifyi ng the useful parts of 

spectra and at reduci ng irrelevant i nfor mati on. More specificall y, most of t he pretreat ment s ai m 

at re movi ng additi ve and multi plicati ve effects due to light scatteri ng and at enhanci ng spectral 

feat ures (e. g., SNV, detrendi ng and deri vati ves) but usi ng different appr oaches and wit h 

different results ( Ri nnan et al., 2009; St enberg et al., 2010). Therefore, combi ni ng spectral 

pretreat ments is a common practice and has often proven useful ( Ri nnan et al., 2009; St enber g 

et al., 2010; Ghozali deh et al., 2013). In t otal, 46 spectrum t ypes were studied, i ncl udi ng 

45 t ypes of pretreat ed spectra and raw spectra (Fi g. S1). Ot her common spectrum pretreat ment s, 

such as multiplicati ve scatter correcti on ( MSC) and conti nuum re moval, were not i ncl uded i n 

this set of pretreat ments. Indeed, t he for mer corrects spectra from trends measured over t he 

sa mpl e spectrum set so that t he correct ed spectrum of a gi ven sa mpl e changes accordi ng t o t he 

sa mpl e set to whi ch it belongs, whi ch may compli cat e t he use of MSC ( Boyswort h and Booksh, 

2007). The latter has most generall y been used for reflectance but not absorbance spectra, 

especi all y i n re mot e sensing st udi es ( Cl ark and Roush, 1984; Cong et al., 2018). 
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The distri buti ons of C and N cont ents and EC were ske wed, wit h ske wness coefficients reachi ng 

2. 4, 3. 1 and 4. 2, respecti vel y ( Tabl e 1). As nonnor mal distri buti ons ha mper statistical 

pr ocedures, the deci mal logarit hmi c transfor mati on (l og10) of t hese variabl es was carried out t o 

try t o achieve more normal distri buti ons ( Lobsey et al., 2017; Terra et al., 2015). Indeed, t he 

di stri buti ons of l ogC, l ogN and l ogEC were much less ske wed, but t he distri buti on of l ogEC 

was still skewed noticeabl y (ske wness coefficients were 0. 5, 0. 7 and 1. 3 i n the cali brati on set, 

respecti vel y). To document t he effect of l og-transfor mati on, regression procedures were 

perfor med on bot h C cont ent and l ogC, N cont ent and l ogN, and EC and l ogEC. Vari abl e 

transfor mati ons usi ng t he nat ural logarit hm (l n) and square root were also tested, but i n general, 

these transfor mati ons resulted i n poorer predi ctions than usi ng l og10 and will not be present ed.  

 

2. 3. 2. Cali brati on and validati on sets 

The set of 311 sa mpl es (after one sa mpl e was re moved as an outlier, cf. 2. 2) was di vi ded i nt o a 

cali brati on set for buil ding predicti on models and a vali dati on set to test these models. This 

di sti ncti on bet ween t he cali brati on and vali dati on sets was based on princi pal component 

anal ysis (PCA) perfor med on s moot hed (2nd-order Savitzky- Gol ay filteri ng, wi dt h 11) and t hen 

centred spectra usi ng t he R package Fact o Mi neR (Lê et al., 2008). PCA condenses t he huge but 

redundant i nfor mati on carried by spectra (here absorbance at 2151 wavelengt hs) i nt o a s mall 

nu mber of latent variabl es ( LVs) t hat are linear combi nati ons of absorbances, and LVs are built 

to be ort hogonal one t o anot her (no redundancy) and t o expl ai n maxi mu m variance (to represent 

at best spectral variability). Then, t he Kennard- St one al gorithm ( Kennard and St one, 1969) was 

applied t o PCA scores to select spectrally represent ati ve sa mpl es for calibrati on usi ng t he R 

package soil.spec (Sila et al., 2014), and t he re maini ng sa mpl es were used for vali dati on. The 

Kennard- St one al gorithm has become very popul ar in recent years for optimi zi ng t he spectral 

represent ativeness of calibrati on sa mpl es wit hi n a spectral library ( Nocita et al., 2014; Cl airotte 

et al., 2016; Lobsey et al., 2017; Wang et al., 2018; Li u et al., 2019; Moura-Bueno et al., 2019). 

Thi s al gorithm is particularl y relevant when t he library reflects t he variability of land covers 

and soil types i n a gi ven area (e. g., regi on, country), as was t he case i n t he present st udy (cf. 

secti on 2. 1). Indeed, i n such cases, vali dati on results provi de realistic approxi mati ons of how 

accurat el y ne w sa mpl es from t his area woul d be predi ct ed usi ng t he li brary. Thi s al gorithm first 

selects t he pair of sa mpl es separated by t he largest Eucli di an distance, then t he sa mpl e most 

di stant from sa mpl es already select ed, etc., until the required number of sa mpl es, here 

cali brati on sa mpl es, is reached. Due t o presumabl y hi gh soil variability, the size of t he 

cali brati on set was set to 249 sa mpl es (80 %) and the size of t he vali dati on set to 62 sa mpl es 

(20 %).  

 

2. 3. 3. Regressi on procedures 

Three regressi on procedures were carried out, which all invol ved PLSR: global PLSR; l ocall y 

wei ght ed PLSR; and PLSR by sali nit y class, after class discri mi nati on usi ng PLS discri mi nant 

anal ysis (PLSDA). All procedures were perfor med usi ng t he R package rnirs ( Lesnoff et al., 

2020). The PLS procedure ai ms at condensi ng t he huge and redundant i nfor mati on carried by 

spectra i nt o a s mall nu mber of LVs t hat are: i) linear combi nati ons of absorbances, 

ii) ort hogonal one wit h anot her, and iii) built to maxi mi ze t heir covariance wi t h t he expl ai ned 

variabl e (na mel y, C content, logC, N cont ent, logN,  EC or l ogEC); t he last poi nt differs from 
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PCA,  whi ch ai ms at descri bi ng spectrum set di versit y (cf. 2. 3. 2), while PLS is a step i n t he 

regressi on or discri mi nation procedure. Then, regressi on or discri mi nant anal ysis is carried out 

wi t h LVs.  

Gl obal PLSR is t he common PLSR procedure. One predi ction model is built usi ng all 

cali brati on sa mpl es and is then applied to all validation sa mpl es ( Boys wort h and Booksh, 2007). 

Locall y wei ght ed PLSR (herei nafter called l ocal PLSR) buil ds one prediction model for each 

vali dati on sa mpl e indi viduall y and wei ghts t he contri buti on of calibrati on sa mpl es t o model 

buil di ng based on t heir spectral si milarit y wit h t hat vali dati on sa mpl e ( Boys wort h and Booksh, 

2007). Spectral si milarity was calcul ated according t o t he R correlati on coefficient bet ween 

vali dati on and cali bration sa mpl es. The wei ghts assigned t o cali bration sa mples were cal cul at ed 

accordi ng t o Lesnoff et al. (2020) usi ng equati on 1:  

 

w = exp[-u / SD( u)]     Equati on 1 

where w is t he wei ght, exp is t he exponential functi on, SD is t he standard devi ati on, and u is a 

para met er defi ned according t o equati on 2: 

 

u = d / max( d)      Equati on 2 

where d measures spectral dissi mil arit y cal culated accordi ng t o equati on 3, and max( d) is its 

maxi mu m over t he cali brati on set: 

 

d = [0. 5  (1 - R)]0. 5     Equati on 3 

where R is t he correlati on coefficient bet ween a given vali dati on sa mpl e and each cali brati on 

sa mpl e. 

 

In additi on, wei ghts assi gned t o calibrati on sampl es were also cal culat ed accordi ng t o 

equati on 4 instead of equati on 1: 

 

w = exp[-u / 2SD( u)]     Equati on 4 

 

Ho wever, the predicti on results usi ng bot h wei ght functi ons di d not differ much; moreover, 

those achieved wit h equation 1 were better i n general than t heir count erparts usi ng equati on 4 

( whi ch gave relati vel y lower wei ght t o t he cl osest nei ghbours when compared t o equati on 1), 

so it di d not see m useful to present t he results achieved usi ng equati on 4. 

PLSR by class first involved PLSDA t o predi ct the sali nity class of vali dation sa mpl es (Salt - 

vs. Salt +) usi ng t he PLSDA-l m procedure of t he rnirs package (l m for linear model; Lesnoff et 

al., 2020). This procedure i nvol ved t he creati on of t wo dummy variabl es (e. g., the resulti ng 

Salt + variabl e obt ai ned the val ue 1 for Salt + sa mpl es and 0 for Salt- sa mples); PLSR was t hen 

used t o predi ct the class correspondi ng t o t he dummy variabl e for whi ch predicti on was t he 

hi ghest (e. g., if Salt + predi cti on yi el ded 0. 9 and Salt- predicti on 0. 1, the sampl e was cl assified 

as Salt +). Then, for each soil propert y consi dered ( C cont ent, logC, N content, logN, EC and 

logEC), gl obal PLSR built wit h all calibration sampl es from a gi ven salinit y class (Salt - or 

Salt +) was applied t o validati on sa mpl es bel ongi ng to t his class accordi ng t o PLSDA.  

Therefore, for each variabl e ( C, N and EC), t hree regressi on procedures (global, local and by 

cl ass) were tested wit h 46 spectrum t ypes and possi bl e variabl e l og-transfor mati on (cf. 2. 3. 1). 
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What ever t he procedure (gl obal PLSR, local PLSR or PLSDA), rando mly selected fi vefol d 

cross-vali dati on wit h 10 replicates was perfor med on t he cali bration set, and the number of LVs 

that mi ni mi zed t he root mean square error of cross-vali dati on ( RMSECV) was consi dered 

opti mal and sel ected. When a predicti on yi el ded a negati ve val ue, it was repl aced by zero. All 

the steps of t he che mo metric anal yses are summarized i n Fi g. 1. 

 

 

 
Fi g. 1. Di agra m of t he main steps foll owed i n t his st udy. NLV is t he number of latent variabl es. The 

dark-background boxes refer to dat asets and t he white-background ones t o processes.  

 

 

2. 3. 4. Eval uati on of predicti on model perfor mance 

The para met ers used for assessi ng t he goodness of fit of predicti ons were as foll ows: 

- the root mean square error ( RMSE), eit her calcul ated over t he cali brati on set in cross-

vali dati on ( RMSECV) or over t he vali dati on set (RMSEP);  

- the bi as, whi ch is the mean resi due over t he validati on set; 

- R² bet ween predicti ons and observati ons calculated over t he calibrati on set in cross-vali dati on 

( R² CV) or over t he vali dation set ( R² VAL); 

- RPD, whi ch is t he ratio of standard devi ati on to RMSE, on either t he calibrati on set or 

vali dati on set ( RPDCV and RPDVAL, respecti vely); Chang et al. (2001) consi dered t hat 

RPD > 2 corresponded t o accurat e NI RS predi ctions of soil properties; 

311 samples with VNIR spectra & reference data

Kennard Stone algorithm on smoothed and centred spectra

- CAL set : 80% representative spectra

- VAL set : 20% remaining spectra

CAL 

(N = 249)

VAL 

(N = 62)

46 types of spectra obtained on the total dataset (CAL + VAL)

Reference data processing

C content using or not log; 

N content using or not log;

EC without log

Application of the models

- Global PLSR;

- Locally weighted PLSR;

- Global PLSR per salinity class predicted by PLSDA

Model calibration:

5-fold cross-validation 

randomly selected (x 10) 

➔ selection of NLV            

(lowest RMSECV)

Reference data processing

C content using or not log; 

N content using or not log;

EC without log
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- RPI Q, whi ch is t he ratio of i nterquartile range (i. e., difference bet ween the third and first 

quartiles; I QR) t o RMSE ( RPI QCV, RPI QVAL) and has been recommended inst ead of RPD for 

variabl es t hat do not follow a nor mal distri buti on ( Bell on- Maurel et al., 2010).  

For PLSDA,  ot her performance para met ers were consi dered:  

- sensiti vity, whi ch is the proporti on of sa mpl es correctl y assi gned t o a class (in % of t he set); 

- specificit y, whi ch is t he pr oporti on of sa mpl es correctl y i dentified as not belongi ng t o t he cl ass 

consi dered (i n %; Alt man and Bl and, 1994). 

 

2. 3. 5. Co mparisons bet ween sets and bet ween model perfor mances 

Si mil arit y bet ween t wo spectra can be eval uat ed usi ng t he coefficient of det er mi nati on ( R²), 

and si mil arit y bet ween two spectrum sets can be eval uat ed by average R² over all possi bl e pairs 

of spectra made of one spectrum from each set. Therefore, spectral si mi larit y bet ween t he 

cali brati on and vali dati on sets, whi ch depended on t he spectrum t ype (raw or pretreat ed 

spectra), was eval uat ed usi ng t he average R² bet ween every cali bration and vali dati on spectrum. 

To eval uat e t he cali bration nei ghbour hood of validati on sa mpl es, the number of cali brati on 

spectra t hat were correlated t o each vali dati on spectrum wit h R² ≥ 0. 95 was also consi dered.  

For a gi ven variabl e, the average RMSEP cal cul ated usi ng all 46 t ypes of spectra was compared 

bet ween t he different regressi on procedures usi ng St udent’s paired t-test when t he RMSEP 

distri buti on was nor mal or t he Wil coxon si gned rank sum t est ot her wi se after nor malit y was 

eval uat ed wit h the Shapiro- Wil k test. In t he sa me way, for a gi ven regression procedure, t he 

average RMSEP over t he 46 t ypes of spectra was co mpared bet ween predi ctions usi ng t he log-

transfor mati on of t he consi dered variabl e or not. 

 

 

3. Results and discussi on 

 

3. 1. Ref erence dat a 

Tabl e 1 presents t he distributi ons of t he three st udied variabl es, na mel y, C and N cont ents and 

EC, wit hout and wit h log-transfor mati on, i n t he calibrati on and vali dati on sets. The observed C 

and N cont ents were low, wit h respecti ve means and SDs a mounti ng t o 4.3 ± 3. 2 gC kg- 1 and 

0. 34 ± 0. 24 gN kg- 1 for t he whol e dat aset; moreover, the observed C and N cont ent s were hi ghl y 

correl ated ( R = 0. 95), whi ch confir med t heir organi c nat ure (dat a not shown). When 

consi deri ng bot h salinit y cl asses, the distri buti on of observed C and N cont ents ( mean, medi an, 

SD and I QR) was quite si mil ar i n t he cali bration and vali dati on sets but with a wi der range i n 

the calibrati on t han i n t he vali dati on set ( mostl y for N cont ent). However, their distri buti on and 

range per salinit y class were quite different between t he cali bration and vali dati on dat asets, 

particul arl y i n Salt + ( mean and SD were 5. 6 ± 5.0 vs. 2. 3 ± 1. 6 gC kg- 1 and 0. 44 ± 0. 35 vs. 

0. 21 ± 0. 14 gN kg- 1, respecti vel y). For bot h C and N cont ents, medi ans di d not differ much i n 

general bet ween Salt- and Salt + i n t he cali bration set; however, in t he vali dati on set, Salt + 

sa mpl es had t wi ce s maller medi an C and N cont ents t han Salt- sampl es. Co mparabl e 

observati ons were made for t he mean, alt hough a slight difference was also observed i n t he 

cali brati on set (25-29 % lower in Salt- than i n Salt + for bot h variabl es). The relati ve SD (i.e., 

rati o of SD t o mean; RSD,  expressed i n %) was sli ghtl y l ower i n Salt- than Salt +: for bot h C 

and N cont ents, it was 68 % vs. 80-90 % i n t he calibrati on set and 51-63 % vs. 65-70 % i n t he 
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vali dati on set for Salt- vs. Salt +, respecti vel y. This i ndicat ed hi gher het erogeneit y but wit hout 

syste maticall y l ower values of C and N cont ents in Salt + t han i n Salt-, in accordance wit h 

Pankhurst et al. (2001), who st udi ed variabl y salt-affected soils from different Australian 

regi ons and di d not fi nd any li near (negati ve) correlati on bet ween soil organi c C cont ent and 

EC for t heir whol e dat aset. 

 

Tabl e 1. Distri buti on of C and N cont ents and EC before and after log-transfor mation i n cali brati on and 

vali dati on sets accordi ng t o sali nit y classes. Salt- corresponds t o unsalted or sli ghtly salt y sa mpl es and 

Salt + t o medi um t o hi ghl y salt y ones ( EC ≤ vs. > 2 mS c m- 1). NTot al, NSalt- and NS alt + are t he number of 

sa mpl es i n t otal, Salt- and Salt + sets, respecti vel y. SD is the standard devi ati on, IQR t he i nterquartile 

range (difference bet ween third and first quartiles) and Ske w t he ske wness. All para met ers have t he 

sa me unit as the soil property consi dered, except ske wness (unitless).  

Soil property  Set 

Cali brati on  
  

Vali dati on  

( NTot al =249; NSalt- =214; NSalt +=35) ( NTot al =62; NSalt- =48; NSalt +=14) 

Mi n Me di an Me an Max SD I QR Ske w  Mi n Me di an Me an Max SD I QR Ske w  

C content Bot h 0. 8 3. 2 4. 2 20. 7 3. 2 2. 8 2. 4  1. 0 3. 9 4. 6 17. 0 3. 3 3. 3 1. 9 

(gC kg- 1) Salt- 0. 8 3. 2 4. 0 20. 7 2. 7 2. 7 2. 7 
 

1. 5 4. 5 5. 3 17. 0 3. 3 3. 2 1. 8 

 Salt + 0. 8 2. 9 5. 6 17. 9 5. 0 5. 9 1. 2  1. 0 1. 9 2. 3 7. 3 1. 6 1. 4 2. 1 
                 

N content Bot h 0. 08 0. 26 0. 34 2. 10 0. 25 0. 20 3. 1  0. 10 0. 31 0. 35 1. 20 0. 20 0. 20 1. 7 

(gN kg- 1) Salt- 0. 09 0. 26 0. 33 2. 10 0. 22 0. 19 3. 9 
 

0. 15 0. 35 0. 40 1. 20 0. 20 0. 16 1. 8 

 Salt + 0. 08 0. 30 0. 44 1. 43 0. 35 0. 48 1. 2  0. 10 0. 16 0. 21 0. 62 0. 14 0. 14 1. 9 
                 

EC Bot h 0. 0 0. 0 1. 4 29. 0 4. 1 0. 1 4. 2  0. 0 0. 0 2. 7 28. 6 6. 1 0. 8 2. 8 

( mS c m- 1) Salt- 0. 0 0. 0 0. 1 1. 2 0. 2 0. 0 4. 1 
 

0. 0 0. 0 0. 1 1. 3 0. 2 0. 0 3. 6 

 Salt + 2. 1 6. 9 9. 3 29. 0 6. 8 6. 4 1. 5  3. 7 8. 1 11. 5 28. 6 8. 0 9. 9 1. 0 
                 

l ogC Bot h -0. 1 0. 5 0. 5 1. 3 0. 3 0. 4 0. 5  0. 0 0. 6 0. 6 1. 2 0. 3 0. 4 0. 1 

[l og10(gC kg- 1)] Salt- -0. 1 0. 5 0. 5 1. 3 0. 2 0. 3 0. 6 
 

0. 2 0. 6 0. 7 1. 2 0. 2 0. 3 0. 4 

 Salt + -0. 1 0. 5 0. 6 1. 3 0. 4 0. 6 0. 2 
 

0. 0 0. 3 0. 3 0. 9 0. 2 0. 3 0. 8 
                 

l ogN Bot h -1. 1 -0. 6 -0. 5 0. 3 0. 2 0. 3 0. 7  -1. 0 -0. 5 -0. 5 0. 1 0. 2 0. 3 0. 0 

[l og10(gN kg- 1)] Salt- -1. 0 -0. 6 -0. 5 0. 3 0. 2 0. 3 0. 9 
 

-0. 8 -0. 5 -0. 4 0. 1 0. 2 0. 2 0. 4 

 Salt + -1. 1 -0. 5 -0. 5 0. 2 0. 3 0. 6 0. 1  -1. 0 -0. 8 -0. 7 -0. 2 0. 2 0. 3 0. 9 
                 

l ogEC Bot h -2. 4 -1. 6 -1. 2 1. 5 1. 0 1. 0 1. 3  -2. 1 -1. 4 -0. 9 1. 5 1. 1 1. 6 0. 9 

[l og10( mS c m- 1)] Salt- -2. 4 -1. 7 -1. 6 0. 1 0. 5 0. 6 1. 2  -2. 1 -1. 5 -1. 4 0. 1 0. 5 0. 5 1. 4 

 Salt + 0. 3 0. 8 0. 9 1. 5 0. 3 0. 4 0. 2   0. 6 0. 9 1. 0 1. 5 0. 3 0. 4 0. 3 

 

The observed EC showed much hi gher variati on i n Salt- than Salt +: t he RSD of bot h t he 

cali brati on and vali dati on sets was 220-230 % for Salt- vs. 70-74 % for Salt +. Moreover, t he 

RSD also differed i n t he total set bet ween t he calibrati on and vali dati on sets: 298 % vs. 226 %,  

respecti vel y. Indeed, t he EC distri buti on i n Salt + was quite different between t he cali brati on 

and vali dati on dat asets. In contrast, the EC distri buti on i n Salt- was si milar i n bot h t he 

cali brati on and vali dati on sets: 0. 1 ± 0. 2 mS c m- 1 in each set. 

EC was measured i n a 1:5 soil: wat er extract, whi ch does not necessaril y represent act ual fiel d 

conditi ons but all ows co mparison bet ween sa mpl es under controlled conditi ons. Thus,  t he 

observed EC val ues present ed here coul d underesti mat e sa mpl e sali nity under fiel d conditi ons, 

as t heir initial wat er content was not consi dered (Ma vi and Marschner, 2017). 
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The t hree variabl es di d not have nor mal distri butions: t he ske wness val ue was syste mati call y 

positi ve in t he cali brati on and vali dati on sets, wit h many s mall val ues. The log-transfor mati on 

decreased t he ske wness para met er cl ose to zero for all three variabl es so that distri buti ons were 

mor e symmetrical; the l og-transfor mati on also allowed t he distri buti ons per salinity class t o be 

cl oser bet ween t he cali brati on and vali dati on dat asets. However, the distributi on of l ogEC i n 

the cali brati on and vali dation sets (except for Salt+) was still very ske wed.  

 

3. 2. Predi cti on of t he soil electrical conductivity 

The l og-transfor mati on of EC di d not i mpr ove its predi ction, probabl y because t he distri buti on 

of l ogEC was still very ske wed; t hus, the correspondi ng results will not be present ed.  

 

3. 2. 1. Sa mpl e discri mi nation accordi ng t o EC cl ass 

The PLSDA,  built to discri mi nat e soil sali nity classes usi ng sa mpl e VNI R spectra, eit her raw 

or pretreat ed, yiel ded accurat e results: in vali dati on, syst e maticall y 100 % of the Salt - sa mpl es 

were correctl y discri mi nated, and on average over all 46 spectrum t ypes (±SD), 95. 2 % ( ±7. 5 %) 

of t he Salt + sa mpl es were correctl y assi gned ( Tabl e 2). Some aut hors also showed accurat e 

di scri mi nati on of soil classes when usi ng VNI R spectra. For exa mpl e, Li u et al. (2018) achi eved 

accurat e discri mi nati on of fi ve soil classes (0-20 cm dept h) st udied i n different provi nces of 

Chi na usi ng PLSDA based on VNI R spectra. Vasques et al. (2014) also observed a strong 

correl ati on bet ween soil VNI R spectra and taxono mi c classes, whi ch was partl y expl ai ned by 

soil col our. In t he present study, t he noticeabl e PLSDA efficiency coul d also be expl ai ned by 

the effect of salinit y on soil col our and t hus on spectrum absorbance (Shahi d et al., 2018). 

Indeed, an effect of soil sali nity on VNI R spectra has been reported i n t he literat ure: Wang et 

al. (2018) reported a negati ve correlati on bet ween spectral absorbance and EC, whi ch was also 

the case in t he present study (dat a not shown); in contrast, Li et al. (2019) found a positi ve 

correl ati on bet ween soil spectral absorbance and salt concentration. These contradi ct ory results 

coul d hardl y be expl ai ned by t he predomi nance of different salts bet ween t he st udied soils si nce 

sodi um i ons were predomi nant i n t he soils studied by Li et al. (2019) and Wa ng et al. (2018), 

whil e sulfate i ons were predomi nant i n t he soil sa mpl es of t he present study (Sadi o, 1991). 

Ho wever, the presence of salts can variabl y affect ot her soil charact eristics, such as t heir 

compositi on or struct ure, and t hus indirectl y modi fy soil spectra (Shahi d et al., 2018; St enber g 

et al., 2010). Whil e t he discri mi nati on of Salt- sa mpl es was perfect, regardl ess of t he 

pretreat ment, the discrimi nati on of Salt + sa mples was sli ghtl y affected by t he pretreat ment 

used. Indeed, 10. 9% of t he 46 t ypes of spectra led to i ncorrect discri mi nati on for very few Salt + 

vali dati on sa mpl es (onl y three or four, dependi ng on t he spectrum t ype consi dered). In contrast, 

89. 1 % of t he spectrum t ypes led to perfect or nearly perfect (i. e., onl y one misclassified sa mpl e) 

di scri mi nati on for t his cl ass. In t otal, four sampl es were potentiall y mi scl assified, whi ch 

differed accordi ng t o spectrum t ype: t hey had EC bet ween 3. 7 and 6. 8 mS c m- 1; t hree of t he m 

had t he l owest EC i n the Salt + class. We coul d therefore suppose, as reported by Li u et al. 

(2018), that dependi ng on spectrum t ype, t hese sa mpl es coul d have spectral charact eristics 

cl oser t o t he charact eristics of Salt- than Salt + sampl es.  
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Tabl e 2. Confusi on matri x of PLSDA vali dati on for t he t wo sali nit y classes (Salt- i.e. EC ≤ 2 mS c m- 1 

vs. Salt + i.e. EC > 2 mS c m- 1) accordi ng t o t he spectrum t ype (ST) consi dered. Smoo refers t o 

s moot hi ng; Centr to centring; SNV t o standard normal variate; D1 and D2 to 1st- and 2nd-order 

detrendi ng, respecti vel y; Der111, Der131, Der211 and Der 231 t o 1st- and 2nd-order deri vati ve wit h 11- 

or 31-poi nt gaps, respecti vely. 

ST 

%STs 

wi t h 

si mil ar 

result 

Predi c-

ted 

sali nity 

Observed sali nit y 

Tot al 

Sensi-

tivit y 

( %)  

Speci-

ficit y 

( %)  

Salt- 

( NSalt- =48) 

Salt + 

( NSalt +=14) 

Centr, D1, D2, Centr D1, Centr D2, Der111, 

Centr Der111, D1Der 111, D2Der 111, 

Centr D1 Der 111, Centr D2 Der111, Der131, 

Centr Der131, D1Der 131, D2Der 131, 

Centr D1 Der 131, Centr D2 Der131, 

SNVD2 Der 131, Der211, Centr Der211, 

D1 Der 211, D2 Der 211, CentrD1 Der 211, 

Centr D2 Der 211, D2 Der 231, Centr D2 Der 231 
 

56. 5 Salt- 48 0 48 100. 0 100. 0 

Salt + 0 14 14 100. 0 100. 0 

Ra w, Smoo, SNV, SNVD1, SNVD2, 

SNVD2 Der 111, SNVDer 131, SNVD1 Der 131, 

Der 231, Centr Der231, D1Der231, 

Centr D1 Der 231, SNVDer 231,  SNVD1 Der 231, 

SNVD2 Der 231 
 

32. 6 Salt- 48 1 49 100. 0 92. 9 

Salt + 0 13 13 92. 9 100. 0 

SNVDer 111, SNVD1 Der 111 4. 3 Salt- 48 2 50 100. 0 85. 7 

Salt + 0 12 12 85. 7 100. 0 

SNVDer 211, SNVD1 Der 211, SNVD2 Der 211 6. 5 Salt- 48 4 52 100. 0 71. 4 

Salt + 0 10 10 71. 4 100. 0 

Tot al 100. 0 
      

Mean over all STs 

(and SD)  

 
Salt- 48. 0 

(0. 0) 

0. 7 

(1. 1) 

48. 7 

(1. 1) 

100. 0 

(0. 0) 

95. 2 

(7. 5) 

Salt + 0. 0 

(0. 0) 

13. 3 

(1. 1) 

13. 3 

(1. 1) 

95. 2 

(7. 5) 

100. 0 

(0. 0) 

 

 

3. 2. 2. Predi ction of EC 

For each EC cali brati on procedure wit hout l og-transfor mati on (gl obal, local, by class), t he 

results t hat yiel ded t he lowest RMSEP are present ed i n Tabl e 3 and Fig. 2, while Fi g. 3 

compares RMSEP a mong t he t hree cali brati on procedures. The most accurat e EC predi cti on 

was obt ai ned wit h a gl obal model (usi ng SNVD1; RMSEP = 1. 9 mS cm- 1), while t he best 

predi ctions achieved wi th local PLSR (usi ng SNVD2 Der 111) and PLSR by class (usi ng 

Der 131) were less accurate ( RMSEP = 2. 1 and 2. 3 mS c m- 1, respecti vel y; Tabl e 3 and Fi g. 2). 

Thus, common PLSR (i.e., gl obal PLSR) was appr opriate for EC predi ction. When averaged 

over all 46 spectrum types consi dered, l ocal PLSR yi el ded t he l owest RMSEP 

(2. 4 ± 0. 2 mS c m- 1), cl ose but si gnificantl y l ower than gl obal PLSR (2. 5 ± 0. 3 mS c m- 1), whi ch 

itself was si gnificantl y l ower t han PLSR by class (2. 8 ± 0. 2 mS c m- 1; Tabl e 3 and Fi g. 3). 

EC i n Salt + sa mpl es was more accurat el y predi cted when cali brati on was carried out on bot h 

Salt- and Salt + sa mpl es than on Salt + sa mpl es onl y (Fi g. 2). This coul d be expl ai ned by t he 

s mall number of Salt + sampl es i n t he cali brati on set, whi ch li mit ed t he predi cti on accuracy of 
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the model by class ( Kuang and Mouazen, 2012). In contrast, EC i n Salt- sa mpl es was more 

accurat el y predicted when onl y Salt- sa mpl es were used for cali bration, probabl y because of 

the het erogeneit y provi ded by t he additi on of Salt + sa mpl es, wit h a cl ustering effect (Fi g. 2; 

St enberg et al., 2010). 

To our knowl edge, no study has focused on EC (1: 5 soil: wat er) predi ction i n variabl y salt-

affect ed soils usi ng VNI RS, but predicti ons achieved for Salt- sa mpl es were comparabl e t o 

those report ed i n t he literat ure for t he sa me class. Dunn et al. (2002) st udied t opsoil sa mpl es 

ori gi nati ng from sout hern Ne w Sout h Wal es ( Australia), wit h variabl e text ure but l ow EC 

(< 1. 8 mS c m- 1); usi ng global calibrati on, they achieved RPDVAL = 1. 2, which is comparabl e t o 

the results of t he present study for Salt- sa mpl es ( RPDVAL = 1. 3 on average and up t o 1. 4; 

Tabl e 3). Isla m et al. (2003) st udied EC predi ction usi ng ultravi ol et and VNI RS (250- 2500 nm) 

in unsalted and sli ghtl y salty soils ( EC < 1. 5 mS c m- 1) in Ne w Sout h Wal es and sout heast 

Queensl and ( Australia) and achi eved RPDVAL = 1. 0. Concerni ng t he Salt + class, Wei ndorf et 

al. (2016) used VNI RS for predicti ng EC i n salt-rich sa mpl es collect ed at several dept hs i n t he 

Monegr os regi on, Spai n (average EC = 5. 8 ± 3. 8 mS c m- 1). They found 1. 6 ≤ RPDVAL ≤ 2. 0 

and 2. 4 ≤ RPI QVAL ≤ 3. 0 usi ng support vect or regressi ons and penalized spli ne regressi ons, 

whi ch is more accurat e than i n t he present st udy, possi bl y attri but ed t o t he mor e homogeneous 

EC distri buti on i n t he sampl e popul ation st udied by Wei ndorf et al. (2016) and t o t he li mit ed 

nu mber of Salt + sa mpl es in t he present st udy.  

The i nt erpret ation of EC predi ction accuracy differed accordi ng t o t he perfor mance para met er 

that was consi dered. For the total vali dati on dat aset, RPDVAL and R2 VAL suggest ed t hat t he 

models were accurat e i n general, whereas RPI QVAL suggest ed t hat t he models were not accurat e 

( Tabl e 3). Due t o t he very ske wed distri buti on of EC (l ogEC was still far from nor mal, cf. 

2. 3. 1), the I QR was very low and much s maller than SD, so RPI Q was also much s mall er t han 

RPD.  This was, however, not t he case in t he Salt+ cl ass, but t he latter i ncluded few sa mpl es. 

Contradicti on bet ween hi gh RPD and l ow RPIQ hi ghli ghted t he difficult y of i nterpreti ng 

predi ction results sometimes, and t he li mits of para met ers used for eval uating t he perfor mance 

of predicti on models for variabl es t hat have very asymmetrical and/ or cl ustered distri buti ons. 

For nonnor mall y distri buted variabl es, Bell on- Maurel et al. (2010) recommended consi deri ng 

RPI Q i nstead of RPD and t hus referri ng RMSE to I QR i nstead of SD for eval uati ng model 

perfor mance; however, this approach does not necessaril y lead t o easily i nterpret able results for 

very ske wed distri buti ons, as seen here. Moreover, studyi ng EC i n bot h cl usters separat el y 

(Salt- and Salt +) di d not necessaril y i mpr ove t he predi ction results. On t he one hand, EC was 

very homogeneous in Salt- sa mpl es: SD (0. 1 mS cm- 1) and I QR (0. 0 mS c m-1) were very s mall, 

so RMSEP coul d hardl y be lower. On t he ot her hand, t he number of Salt+ sa mpl es was t oo 

s mall to all ow accurat e prediction, as menti oned previ ousl y. 
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Tabl e 3. Cross-vali dati on and vali dati on results of VNI RS predi cti ons of electrical conducti vit y 

( mS c m- 1) for each PLSR met hod i) usi ng raw spectra; ii) usi ng t he spectrum type t hat mi ni mi zed 

RMSEP; iii) averaged over all 46 spectrum t ypes ( with SD). For PLSR by class, vali dati on para met ers 

were calcul ated for i) the tot al vali dati on set, ii) the vali dati on sa mpl es predi cted as Salt- by PLSDA; 

iii) the vali dati on sa mpl es predi cted as Salt + by PLSDA (t he size of Salt- and Salt + vali dati on sets 

depended on t he spectrum type, cf. Tabl e 2). 

Spectrum 

type 

VAL 

set 

LV Cali brati on 

( NTot al =249; NSalt- =214; NSalt +=35) 

 

Vali dati on 

( NTot al =62 ; unfi xed NSalt- and NSalt+) 

R2  

CV 

RMS E-

CV 

RPD 

CV 

RPI Q

CV 

 

Me an SD R2 

VAL 

Sl ope 

VAL 

Bi as 

VAL 

RMS E-

P 

RPD 

VAL 

RPI Q 

VAL 

Gl obal PLSR 

Ra w Tot al 11 0. 84 1. 6 2. 5 0. 1 
 

2. 7 6. 1 0. 88 0. 83 0. 1 2. 1 2. 9 0. 4 

SNVD1 Tot al 9 0. 85 1. 6 2. 6 0. 1 
 

2. 7 6. 1 0. 90 0. 84 0. 1 1. 9 3. 1 0. 4 

Mean 

(SD)  

Tot al 7 

(2) 

0. 82 

(0. 02) 

1. 8 

(0. 1) 

2. 3 

(0. 1) 

0. 1 

(0. 0) 

 

2. 7 6. 1 0. 83 

(0. 04) 

0. 77 

(0. 06) 

0. 2 

(0. 1) 

2. 5 

(0. 3) 

2. 4 

(0. 3) 

0. 3 

(0. 0) 

Local PLSR 

Ra w Tot al 7 0. 82 1. 8 2. 3 0. 1 
 

2. 7 6. 1 0. 87 0. 88 0. 3 2. 2 2. 8 0. 4 

SNVD2 Der 111 Tot al 5 0. 84 1. 7 2. 5 0. 1 
 

2. 7 6. 1 0. 89 0. 79 0. 0 2. 1 2. 9 0. 4 

Mean 

(SD)  

Tot al 7 

(2) 

0. 82 

(0. 02) 

1. 8 

(0. 1) 

2. 3 

(0. 1) 

0. 1 

(0. 0) 

 

2. 7 6. 1 0. 85 

(0. 03) 

0. 81 

(0. 04) 

0. 1 

(0. 1) 

2. 4 

(0. 2) 

2. 5 

(0. 2) 

0. 3 

(0. 0) 

PLSR By cl ass* 

Ra w Tot al 9, 11, 8 0. 84 1. 7 2. 4 0. 1 
 

2. 7 6. 1 0. 79 0. 8 -0. 3 2. 8 2. 2 0. 3 

Salt- 0. 55 0. 1 1. 4 0. 3 
 

0. 2 0. 8 0. 62 0. 31 0. 0 0. 5 1. 4 0. 1 

Salt + 0. 58 5. 1 1. 3 1. 3 
 

12. 0 8. 1 0. 49 0. 65 -1. 3 6. 0 1. 4 1. 8 

       
 

        Der 131 Tot al 7, 15, 3 0. 81 1. 8 2. 2 0. 1 
 

2. 7 6. 1 0. 86 0. 76 -0. 1 2. 3 2. 6 0. 3 

Salt- 0. 63 0. 1 1. 6 0. 3 
 

0. 1 0. 2 0. 63 0. 99 0. 1 0. 2 1. 2 0. 2 

Salt + 0. 50 5. 1 1. 3 1. 3 
 

11. 5 8. 0 0. 70 0. 43 -0. 5 4. 9 1. 6 2. 0 

       
 

        Mean 

(SD)  

Tot al 6, 14, 6 

(2, 2, 2) 

0. 83 

(0. 02) 

1. 7 

(0. 1) 

2. 4 

(0. 1) 

0. 1 

(0. 0) 

 

2. 7 6. 1 0. 79 

(0. 04) 

0. 80 

(0. 04) 

-0. 2 

(0. 2) 

2. 8 

(0. 2) 

2. 2 

(0. 2) 

0. 3 

(0. 0) 

Salt- 0. 59 

(0. 05) 

0. 1 

(0. 0) 

1. 5 

(0. 1) 

0. 3 

(0. 0) 

 

0. 2 

(0. 1) 

0. 6 

(0. 5) 

0. 63 

(0. 10) 

0. 60 

(0. 30) 

0. 0 

(0. 1) 

0. 5 

(0. 4) 

1. 3 

(0. 1) 

0. 1 

(0. 1) 

Salt + 0. 56 

(0. 05) 

5. 0 

(0. 2) 

1. 4 

(0. 1) 

1. 3 

(0. 1) 

 

11. 8 

(0. 7) 

8. 1 

(0. 1) 

0. 49 

(0. 10) 

0. 59 

(0. 10) 

-0. 8 

(0. 6) 

5. 9 

(0. 4) 

1. 4 

(0. 1) 

1. 8 

(0. 2) 

* For PLSR by cl ass, t he nu mber of latent variables is mentioned for PLSDA,  PLSR for sampl es predi ct ed as Salt - 

and PLSR for sa mpl es predi cted as Salt +, respecti vel y ( wit h SDs i nt o brackets when averaged over all spectrum 

types) 
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Fi g. 2. Measured vs. predi cted EC ( wit hout l og-transfor mati on) and C and N cont ents ( wit h and wit hout l og-transfor mati on) usi ng t he spectral type (a mong t he 

46 tested) that mi ni mi zed RMSEP for each PLSR (cf. Tabl e 6). The vertical axis title specifies when C and N cont ents were predi cted after l og-transfor mati on 

("usi ng l og"). Salt- corresponds t o unsalted or slightl y salt y sa mpl es and Salt + t o medi um t o hi ghl y salt y sa mpl es.  The li ne represents y = x.  
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3. 3 Predi cti on of soil organi c carbon cont ent  

Tabl e 4 presents C content predicti on results using raw spectra, usi ng spectrum t ypes t hat 

yi el ded l owest RMSEP,  and on average over all spectrum t ypes, for the t hree cali brati on 

pr ocedures, wit hout l og-transfor mati on or usi ng log-transfor mati on, while boxpl ots present ed 

in Fi g. 3 compare distributi ons of RMSEP over all spectrum t ypes accordi ng t o cali brati on 

pr ocedure and possi bl e log-transfor mati on of C cont ent. 

Usi ng l og-transfor mati on or not, the best vali dati on results were obt ai ned wi t h PLSR by class: 

wi t hout l og-transfor mation, t he l owest RMSEP was 1. 6, 1. 7 and 1. 9 gC kg- 1 wit h PLSR by 

cl ass, gl obal and l ocal PLSR, respecti vel y; usi ng log-transfor mati on, the lowest RMSEP was 

1. 3, 1. 7 and 1. 4 gC kg- 1, respecti vel y. Better vali dati on results wit h PLSR by class t han wit h 

gl obal and l ocal PLSR see med t o result mai nl y from better predicti on on C-rich sa mpl es, whi ch 

were Salt- sa mpl es i n general (Fi g. 2). The sa me result was found when RMSEP was averaged 

over t he 46 spectrum t ypes, usi ng l og-transfor mat ion or not ( Tabl e 4; Fi g. 3), whi ch coul d be 

attri buted t o hi gher sa mple set homogeneit y all owed by cali bration by class in bot h cali brati on 

and vali dati on. Indeed, Brunet et al. (2007) reported t hat NI RS predicti on accuracy i ncreased 

when soil C and N content cali brations were built and applied t o text urally homogeneous 

sa mpl e sets. Li u et al. (2018) also reported better soil organi c C cont ent predi cti on wit h models 

built and applied by soil type t han usi ng t he whol e spectral library ( RMSEP decreased by 11 %). 

Better predicti on usi ng cali brati on by sali nity class coul d additi onall y be expl ai ned by t he 

positi ve correlati on bet ween soil sali nity and soil moi st ure, even i n dried sampl es ( Na war et al., 

2015), as het erogeneous soil moist ure can i mpact C cont ent predicti on accuracy ( All ory et al., 

2019). 

Mor eover, regardl ess of the cali bration procedure, the l owest RMSEP was obt ai ned usi ng 

variabl e l og-transfor mation, whi ch i n particul ar all owed l ow C cont ent val ues t o be better 

predi cted ( Tabl e 4; Fi g. 2). The mean RMSEP over all 46 spectrum t ypes was also s mall er 

usi ng l og-transfor mati on, regardl ess of t he cali brati on procedure. Indeed, t he l og-

transfor mati on of C content led t o less asymmetrical variabl e distri buti on and, i n particul ar, t o 

"ungroupi ng" of C- poor sa mpl es, whi ch contri buted t o hi gher model accuracy ( Tabl e 1; Lucà 

et al., 2017; Moura- Bueno et al., 2019). 

On t he whol e, the benefit of PLSR by class using l og-transfor med C cont ent val ues was 

noticeabl e when compared wit h gl obal PLSR usi ng C cont ent val ues (i. e., common procedure), 

eit her consi deri ng best results or averages over all spectrum t ypes. The most accurate predi cti on 

of C cont ent, usi ng PLSR by class, log-transfor mati on and SNVDer 131, yi el ded 

RMSEP = 1. 3 gC kg- 1, RPDVAL = 2. 5 and RPI QVAL = 2. 5, whi ch, according t o Chang et al. 

(2001), was accurat e ( RPDVAL > 2). Under such conditi ons, RMSEP was 24 % l ower t han t he 

lowest RMSEP obt ai ned wi t h gl obal PLSR (usi ng D2 wit h log-transfor mation or SNV wit hout 

log-transfor mati on; Table 4), whi ch is a hi gher difference t han t hat reported by Li u et al. (2018) 

when compari ng PLSR by soil type and gl obal PLSR i n Chi nese provi nces. Ot her st udi es t hat 

addressed VNI RS or NIRS predi ction of sandy topsoil C cont ent at the regi onal scal e used 

gl obal cali bration i n general and achi eved results comparabl e t o t hose achieved wit h t his 

pr ocedure in t he present study (e. g., RPDVAL = 2. 3 for Bart hès et al., 2008, for a sa mpl e 

popul ati on ori gi nati ng fro m four sites i n Bur ki na Faso and Congo- Brazzaville; RPDVAL = 1. 9 

for Ca mbul e et al., 2012, in a 1000-km² area in Moza mbi que, while RPDVAL = 1. 9 was achi eved 

in t he present st udy). 



19 
 

The model perfor mance coul d probabl y be i mproved by i ncreasi ng t he number of Salt + 

sa mpl es, whi ch was s mall. Indeed, t he positi ve effect of i ncreasi ng t he number of cali brati on 

sa mpl es on vali dati on accuracy has been report ed by several aut hors, eit her at the l ocal scal e 

( Lucà et al., 2017) or national scale ( Cl airotte et al., 2016), until an optimu m was reached, 

dependi ng on sa mpl e popul ati on di versit y.  

 

Tabl e 4. Cross-vali dati on and vali dati on results of VNI RS predi cti ons of soil organi c carbon cont ent 

(gC kg- 1) usi ng or not log-transfor mati on for each PLSR met hod i) usi ng raw spectra; ii) usi ng t he 

spectrum t ype t hat mi ni mi zed RMSEP; iii) averaged over all 46 spectrum t ypes (wi t h SD).  

Mo del  
Spectrum 

type 
LV 

Cali brati on 

( NTot al =249) 
  

Vali dati on 

( NTot al =62) 

R2  

CV 

RMS E-

CV 

RPD 

CV 

RPI Q 

CV 
  

R2  

VAL 
Sl ope 

Bi as 

VAL 

RMS E-

P 

RPD

VAL 

RPI Q 

VAL 

Gl obal 

–  

no l og 

Ra w 13 0. 68 1. 9 1. 7 1. 5   0. 64 0. 70 -0. 1 2. 0 1. 7 1. 7 

SNV 11 0. 57 2. 2 1. 5 1. 3  0. 72 0. 74 0. 1 1. 7 1. 9 1. 9 

Mean 

(SD)  

12 

(1) 

0. 62 

(0. 03) 

2. 0 

(0. 1) 

1. 6 

(0. 1) 

1. 4 

(0. 0) 
 

0. 59 

(0. 06) 

0. 68 

(0. 05) 

0. 2 

(0. 1) 

2. 1 

(0. 2) 

1. 5 

(0. 1) 

1. 5 

(0. 1) 
      

 
      

 
Gl obal 

– 

usi ng 

log 

Ra w 14 0. 41 4. 3 0. 7 0. 6  0. 71 0. 69 -0. 2 1. 8 1. 9 1. 8 

D2 12 0. 66 1. 9 1. 7 1. 5  0. 73 0. 79 0. 1 1. 7 1. 9 1. 9 

Mean 

(SD)  

13 

(2) 

0. 66 

(0. 07) 

2. 0 

(0. 5) 

1. 6 

(0. 2) 

1. 4 

(0. 2) 
  

0. 68 

(0. 04) 

0. 74 

(0. 08) 

0. 1 

(0. 1) 

1. 9 

(0. 1) 

1. 8 

(0. 1) 

1. 7 

(0. 1) 

Local 

–  

no l og 

Ra w 9 0. 63 2. 0 1. 6 1. 4   0. 6 0. 69 0. 0 2. 1 1. 6 1. 6 

SNV 7 0. 56 2. 2 1. 5 1. 3  0. 67 0. 74 0. 2 1. 9 1. 7 1. 7 

Mean 

(SD)  

10 

(2) 

0. 64 

(0. 03) 

2. 0 

(0. 1) 

1. 6 

(0. 1) 

1. 4 

(0. 1) 
 

0. 59 

(0. 06) 

0. 68 

(0. 05) 

0. 2 

(0. 1) 

2. 2 

(0. 2) 

1. 5 

(0. 1) 

1. 5 

(0. 1) 
      

 
      

 
Local 

– 

usi ng 

log 

Ra w 11 0. 57 2. 5 1. 3 1. 1  0. 74 0. 79 -0. 2 1. 7 2. 0 2. 0 

Centr 11 0. 39 3. 9 0. 8 0. 7  0. 82 0. 85 -0. 1 1. 4 2. 3 2. 3 

Mean 

(SD)  

11 

(2) 

0. 67 

(0. 09) 

1. 9 

(0. 4) 

1. 7 

(0. 3) 

1. 5 

(0. 2) 
  

0. 70 

(0. 06) 

0. 75 

(0. 06) 

0. 1 

(0. 1) 

1. 8 

(0. 2) 

1. 8 

(0. 2) 

1. 8 

(0. 2) 

By 

cl ass 

– 

no l og 

Ra w 9, 15, 8* 0. 65 1. 9 1. 6 1. 4 
 

0. 72 0. 81 0. 2 1. 8 1. 9 1. 9 

SNVDer 131 7, 15, 9* 0. 70 1. 8 1. 8 1. 6 
 

0. 79 0. 91 0. 2 1. 6 2. 1 2. 1 

Mean 

(SD)  

6, 13, 8 

(2, 3, 4) * 

0. 60 

(0. 07) 

2. 0 

(0. 2) 

1. 6 

(0. 1) 

1. 4 

(0. 1) 

 

0. 67 

(0. 08) 

0. 78 

(0. 09) 

0. 1 

(0. 1) 

1. 9 

(0. 2) 

1. 7 

(0. 2) 

1. 7 

(0. 2) 
      

 
      

 
By 

cl ass  

– 

usi ng 

log 

Ra w 9, 13, 8* 0. 65 2. 0 1. 6 1. 4 
 

0. 75 0. 80 0. 0 1. 6 2. 0 2. 0 

SNVDer 131 7, 15, 7* 0. 74 1. 7 1. 9 1. 7 
 

0. 87 1. 02 0. 2 1. 3 2. 5 2. 5 

Mean 

(SD)  

6, 14, 6 

(2, 2, 2) * 

0. 64 

(0. 07) 
1. 9 

(0. 2) 

1. 7 

(0. 2) 

1. 5 

(0. 1) 

 

0. 75 

(0. 06) 

0. 84 

(0. 09) 

0. 2 

(0. 1) 

1. 7 

(0. 2) 

2. 0 

(0. 2) 
2. 0 

(0. 2) 

* For PLSR by cl ass, t he nu mber of latent variables is mentioned for PLSDA,  PLSR for sampl es predi ct ed as Salt - 

and PLSR for sa mpl es predi cted as Salt +, respecti vel y ( wit h SDs i nt o brackets when averaged over all spectrum 

types) 

 

 

3. 4. Predi cti on of soil nitrogen cont ent  

Predi cti ons of N cont ent wer e perfor med wit h the three cali brati on procedures, eit her usi ng l og-

transfor mati on or not. Tabl e 5 presents t he results achieved usi ng raw spectra, usi ng t he most 

appr opriate spectrum t ypes (i. e., lowest RMSEP) and on average over all spectrum t ypes. In 
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additi on, Fi g. 3 presents the effects of t he calibrati on procedure, spectrum t ype and l og-

transfor mati on on t he N cont ent predicti on accuracy.  

Wi t hout l og-transfor mation, t he t hree models were not accurat e accordi ng t o Chang et al. (2001; 

RPD < 2) and provi ded si milar RMSEP (0. 13 gN kg- 1) when usi ng t he most appropri at e 

pretreat ment. Nevert hel ess, PLSR by cl ass tended t o predict the N cont ent of Salt + sa mpl es 

mor e accurat el y t han gl obal and l ocal PLSR ( Fi g. 2): despite t he s mall number of Salt + sa mpl es, 

their N cont ent predicti on was t hus more accurat e usi ng onl y Salt + sa mpl es for cali brati on t han 

by usi ng bot h Salt- and Salt + sa mpl es, whi ch was not observed for C predicti on of Salt + 

sa mpl es. Therefore, the VNI R spectral si gnat ure of salinit y mi ght have an effect on N cont ent 

predi ction, whi ch has not yet been reported in t he literat ure. Usi ng l og-transfor mati on, t he most 

accurat e predicti ons were achi eved wit h local PLSR (and SNVDer 211), yi el di ng 

RMSEP = 0. 10 gN kg- 1, RPDVAL = 2. 1 and RPI QVAL = 2. 0 and was t hus accurat e accordi ng t o 

Chang et al. (2001). In contrast, the most accurate predi ctions achi eved with the gl obal model 

and by class yi el ded RPDVAL = 1. 7 and 1. 9, respecti vel y, so they were not accurate accor di ng 

to t his reference. Usi ng l og-transfor mati on or not, the l owest mean RMSEP over all 

46 spectrum t ypes was also obt ai ned wit h local PLSR ( Tabl e 4; Fi g. 3). 

For each cali brati on procedure, the l owest RMSEP and l owest mean RMSEP over all spectrum 

types were obtai ned wit h N cont ent l og-transfor mati on, as was also t he case for C. However, 

unli ke C cont ent, the benefit of l og-transfor mati on tended t o concern not only N- poor sa mpl es 

but also most sa mpl es poorl y predi cted wit hout l og-transfor mati on (Fi g. 2). The benefit of l og-

transfor mati on on RMSEP for a gi ven cali bration procedure was not much larger t han t he 

standard error of laborator y anal ysis (≈ ±0. 01 gN kg- 1; ISO, 1998); alt hough si gnificant, t his 

benefit was thus li mited in general. 

On t he whol e, the benefit of l ocal PLSR usi ng l og-transfor med N cont ent values was noticeabl e 

when compared wit h global PLSR usi ng N content val ues (i. e., common procedure), eit her 

consi deri ng best results or averages over all spectru m t ypes.  

Because of t he very l ow N cont ent ( mean and SD were 0. 34 ± 0. 24 gC kg- 1 over t he whol e 

dat aset), the results obt ained i n t his st udy were necessaril y less accurat e t han t he results mostl y 

reported i n t he literat ure (e. g., RPDVAL = 2. 8 and 4.0 for Chang and Laird, 2002 and Mor ón and 

Cozzoli no, 2004, who studi ed sa mpl e sets where the N cont ent averaged 2. 8 and 5. 8 gN kg- 1, 

respecti vel y). However, for a t opsoil sa mpl e popul ati on ori gi nati ng from four sandy sites i n 

nort h, central and sout h Bur ki na Faso and i n Congo- Brazzaville, wit h N cont ent si milar t o t he 

N cont ent of the present st udy ( mean and SD were 0. 37 ± 0. 20 gN kg- 1 vs. 0. 34 ± 0. 24 gN kg- 1 

here), Bart hès et al. (2008) achieved RPDVAL = 2.2 usi ng gl obal NI RS calibrati on (also usi ng 

spectrally represent ati ve sa mpl es for cali bration). This result is comparable t o t he best 

predi ctions achi eved i n the present st udy, usi ng local cali brati on but better t han gl obal PLSR 

predi ctions achieved here, possi bl y because Bart hès et al. (2008) st udi ed unsalted soils. 
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Tabl e 5. Cross-vali dati on and vali dati on results of VNI RS predi cti ons of soil nitrogen cont ent (gN kg-

1) usi ng or not log-transformati on for each PLSR method i) usi ng raw spectra; ii) usi ng t he spectrum 

type t hat mi ni mi zed RMSEP; iii) averaged over all 46 spectrum t ypes ( wit h SD).  

Mo del  
Spectrum 

type 
LV 

Cali brati on 

( NTot al =249) 
  

Vali dati on 

( NTot al =62) 

R2
CV 

RMS E-

CV 

RPD 

CV 

RPI Q

CV 
 R2

VAL Sl ope 
Bi as 

VAL 

RMS E-

P 

RPD 

VAL 

RPI Q

VAL 

Gl obal 

– 

no l og 

Ra w 12 0. 63 0. 15 1. 6 1. 3  0. 57 0. 79 -0. 01 0. 14 1. 4 1. 4 

SNV 11 0. 48 0. 19 1. 3 1. 1  0. 62 0. 78 0. 01 0. 13 1. 5 1. 5 

Mean 

(SD)  

12 

(1) 

0. 55 

(0. 03) 

0. 17 

(0. 01) 

1. 4 

(0. 1) 

1. 2 

(0. 0) 
 

0. 54 

(0. 06) 

0. 76 

(0. 07) 

0. 02 

(0. 01) 

0. 15 

(0. 01) 

1. 4 

(0. 1) 

1. 3 

(0. 1) 
      

 
      

 
Gl obal 

– 

usi ng 

log 

Ra w 12 0. 50 0. 21 1. 1 0. 9  0. 65 0. 76 -0. 01 0. 12 1. 7 1. 6 

D2 12 0. 64 0. 15 1. 6 1. 3  0. 66 0. 78 0. 01 0. 12 1. 7 1. 6 

Mean 

(SD)  

13 

(2) 

0. 64 

(0. 07) 

0. 16 

(0. 02) 

1. 6 

(0. 2) 

1. 3 

(0. 1) 
 

0. 63 

(0. 05) 

0. 78 

(0. 08) 

0. 01 

(0. 01) 

0. 13 

(0. 01) 

1. 6 

(0. 1) 

1. 5 

(0. 1) 

Local  

– 

 no l og 

Ra w 11 0. 63 0. 16 1. 6 1. 3  0. 58 0. 83 0. 00 0. 15 1. 4 1. 3 

SNVD2 Der 131 7 0. 59 0. 16 1. 5 1. 2  0. 65 0. 84 0. 03 0. 13 1. 6 1. 5 

Mean 

(SD)  

10 

(2) 

0. 58 

(0. 05) 

0. 17 

(0. 01) 

1. 5 

(0. 1) 

1. 2 

(0. 1) 
 

0. 60 

(0. 03) 

0. 80 

(0. 05) 

0. 02 

(0. 01) 

0. 14 

(0. 01) 

1. 4 

(0. 1) 

1. 4 

(0. 1) 
      

 
      

 
Local  

– 

usi ng 

log 

Ra w 11 0. 65 0. 16 1. 5 1. 2  0. 63 0. 76 -0. 01 0. 13 1. 6 1. 6 

SNVDer 211 15 0. 50 0. 22 1. 1 0. 9  0. 77 0. 78 -0. 01 0. 10 2. 1 2. 0 

Mean 

(SD)  

11 

(2) 

0. 65 

(0. 09) 

0. 16 

(0. 03) 

1. 6 

(0. 3) 

1. 3 

(0. 2) 
 

0. 67 

(0. 06) 

0. 78 

(0. 08) 

0. 01 

(0. 01) 

0. 12 

(0. 01) 

1. 7 

(0. 2) 

1. 7 

(0. 2) 

By 

cl ass 

– 

no l og 

Ra w 9, 12, 7* 0. 61 0. 16 1. 6 1. 3  0. 47 0. 71 0. 01 0. 16 1. 2 1. 2 

Der 131 7, 15, 9* 0. 59 0. 16 1. 5 1. 2  0. 74 1. 02 0. 04 0. 13 1. 6 1. 6 

Mean 

(SD)  

6, 12, 8 

(2, 3, 3)* 

0. 51 

(0. 07) 

0. 18 

(0. 01) 

1. 4 

(0. 1) 

1. 1 

(0. 1) 
 

0. 55 

(0. 09) 

0. 79 

(0. 11) 

0. 03 

(0. 02) 

0. 15 

(0. 02) 

1. 3 

(0. 1) 

1. 3 

(0. 1) 
      

 
      

 
By 

cl ass 

–  

usi ng 

log 

Ra w 9, 13, 8* 0. 65 0. 16 1. 6 1. 3  0. 68 0. 84 0. 01 0. 12 1. 7 1. 6 

SNV 9, 15, 3* 0. 57 0. 17 1. 5 1. 2  0. 74 0. 83 0. 02 0. 11 1. 9 1. 8 

Mean 

(SD)  

6, 14, 8 

(2, 1, 4)* 

0. 61 

(0. 07) 

0. 16 

(0. 01) 

1. 6 

(0. 1) 

1. 3 

(0. 1) 
  

0. 66 

(0. 09) 

0. 91 

(0. 12) 

0. 03 

(0. 01) 

0. 14 

(0. 02) 

1. 5 

(0. 2) 

1. 5 

(0. 2) 

* For PLSR by cl ass, t he nu mber of latent variables is mentioned for PLSDA,  PLSR for sampl es predi ct ed as Salt - 

and PLSR for sa mpl es predi cted as Salt +, respecti vel y ( wit h SDs i nt o brackets when averaged over all spectrum 

types) 
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Fi g. 3. Distri buti on of RMSEP over t he 46 spectrum types for t he t hree variables and t hree PLSR 

procedures, possi bl y usi ng log-transfor mati on for C and N contents. Vertical lines i nsi de boxes represent 

medi ans, red di a monds means. The bott om and t op of each box are first and t hird quartiles. Boxpl ot 

whi sker ends are eit her t he mi ni mu m and maxi mu m val ues when t hey were i ncl uded i n 1. 5 ti mes t he 

interquartile range; ot her wi se, the latter val ue was used (and t he mi ni mu m and/ or maxi mu m poi nts were 

represent ed out of the boxplot). Lower-case letters i ndi cat e si gnificant effects of l og-transfor mati on; and 

capital letters indi cat e si gnificant effects of PLSR met hod, consi deri ng procedures wi t hout and wit h l og-

transfor mati on separatel y (the si gnificance of differences was esti mat ed usi ng St udent’s paired t-test for 

nor mal distri butions, Mann- Whit ney- Wil coxon test other wi se; p < 0. 05); “a” and “ A” were assi gned t o 

hi ghest val ues. 

 

 

3. 5. Effect of spectrum t ype on spectral si mil arity and vali dati on results 

3. 5. 1. Effect of spectrum type on spectral si mil arity bet ween cali brati on and vali dati on sets 

The R² coefficient was used t o eval uat e t he si milarity bet ween cali bration and vali dati on sa mpl e 

spectra (e. g., Shenk et al., 1997), whi ch depended on spectrum t ype (raw or pretreat ed 

spectrum). Tabl e 6 shows: i) the average R² bet ween t he calibrati on and validati on spectra, and 

ii) the average number of cali bration nei ghbours ( R² > 0. 95) per vali dation sa mpl e, bot h 

consi deri ng t he spectrum type t hat yiel ded t he best vali dati on results for each PLSR pr ocedure 

and variabl e. 



23 
 

For predi ctions wit hout log-transfor mati on, t he most accurat e gl obal PLSR were achi eved wit h 

pretreat ments t hat resulted i n strong spectral simi l arit y bet ween cali bration and vali dati on 

sa mpl es: SNV for C and N cont ents and SNVD1 for EC (average R2 = 0. 95; 172 and 

154 spectral nei ghbours on average, respecti vely). This result see med logical because all 

cali brati on spectra have the sa me wei ght when buildi ng gl obal PLSR, whi ch is si mil arl y applied 

to all vali dati on sa mpl es. For l ocal PLSR wit hout log-transfor mati on, t he best predi cti on of C 

cont ent was achi eved with SNV, whi ch resulted i n strong spectral si milarit y bet ween cali brati on 

and vali dati on sa mpl es, whil e t he best predicti ons for N cont ent and EC were achi eved wit h 

SNVD2 Der 131 and SNVD2 Der 111, whi ch resulted i n l ower si milarit y (average R² = 0. 85-

0. 87; 51-52 cali bration nei ghbours on average). As t he cl osest cali bration nei ghbours had t he 

hi ghest wei ght i n l ocal model buil di ng, t his difference i ndicat ed t hat more cali brati on 

nei ghbours were required for predicti ng C cont ent t han N cont ent and EC,  suggesti ng t hat N 

and sali nit y mi ght have clearer spectral si gnat ures than C. This result is count eri nt uiti ve si nce 

the C cont ent is much higher t han t he N cont ent in soils, so t hat a stronger spectral si gnat ure 

woul d have been expected for soil C t han for soil N. However, fewer calibrati on nei ghbours 

were required t o achi eve the best N predi ction t han t he best C predi ction, whi ch suggest ed t hat 

the soil N si gnat ure was easi er t o catch. Thus, we mi ght hypot hesize t hat the spectral si gnat ure 

of soil N was less dispersed t han t he spectral si gnature of soil C, i n accordance wit h t he much 

s maller che mi cal di versity of N compounds t han C compounds i n soils. The best PLSR by cl ass 

wi t hout l og-transfor mation were obt ai ned wit h spectrum t ypes that resulted i n i nter medi at e 

si milarit y bet ween cali bration and vali dati on spectra: Der131 for N cont ent and EC and 

SNVDer 131 for C cont ent (average R2 = 0. 87; 59 spectral nei ghbours on average). This result 

coul d be expl ai ned by PLSR by class i nvolvi ng t hree separate models: i) PLSDA t o 

di scri mi nate Salt- and Salt + sa mpl es; ii) specific gl obal PLSR for sa mpl es predi cted as Salt- 

(built wit h Salt- calibration sa mpl es); and iii) specific gl obal PLSR for sampl es predi ct ed as 

Salt + (built wit h Salt + calibrati on sa mpl es). Thus, we mi ght hypot hesi ze t hat opti mi zi ng PLSR 

by class required a ki nd of compr omi se over t he three separat e models. The best predicti ons i n 

PLSR by class were achi eved wit h spectrum t ypes t hat resulted i n i nter medi at e si mil arit y 

bet ween cali brati on and vali dati on spectra, so we might assume t hat such spectrum t ypes hel ped 

to reach t his compr omi se. 

In contrast, usi ng l og-transfor mati on of C and N cont ents, the most accurat e gl obal models were 

obt ai ned wit h D2, whi ch split the t otal set bet ween calibrati on and vali dati on sa mpl es (average 

R2 = 0. 73; 34 cali bration nei ghbours on average). Strong spectral si mil arit y bet ween cali brati on 

and vali dati on sa mpl es bei ng no l onger required suggest ed t hat l og-transfor mati on of C and N 

cont ents woul d make gl obal calibrati ons easier. The best local PLSR for C cont ent was obt ai ned 

usi ng Centr, whi ch yi elded hi gh spectral si milarit y (average R² = 0. 95 and 172 cali brati on 

nei ghbours on average, as was also the case wit hout l og-transfor mati on but usi ng SNV), whil e 

the best local PLSR for N cont ent was obt ai ned wi t h SNVDer 211, whi ch yiel ded l ow spectral 

si milarit y (average R² = 0. 80 and 10 cali brati on neighbours onl y on average, i.e., lower t han for 

its count erpart wit hout l og-transfor mati on). In line wit h previ ous consi derations, the N spectral 

si gnat ure was suggest ed to be even clearer usi ng log-transfor mati on. The best model by cl ass 

for C cont ent was obt ai ned wit h SNVDer 131 (as was also t he case wit hout log-transfor mati on), 

whi ch yi el ded i nter medi ate spectral si milarit y, whi le t he best model by class for N cont ent was 

obt ai ned wit h SNV, which yi el ded hi gh spectral si mil arit y (hi gher t han for its count erpart 
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wit hout l og-transfor mation). In li ne wit h previ ous consi derati ons, wit h log-transfor mati on, 

opti mi zi ng t he three steps of PLSR by class was suggest ed t o still require a kind of compr o mi se 

for C (as was the case wi thout l og-transfor mati on: inter medi at e spectral simi l arit y) but not for 

N ( hi gh si mil arit y). 

Overall, the best prediction for C cont ent was achieved wit h PLSR by class and l og-

transfor mati on usi ng a pretreat ment t hat yi el ded i nter medi ate si mil arit y between cali brati on and 

vali dati on sa mpl es. The best predi ction for N content was achi eved wit h local PLSR and l og-

transfor mati on usi ng a pretreat ment t hat yiel ded l ow si milarit y. Fi nall y, the best EC predi cti on 

was achi eved wit h gl obal PLSR wit hout l og-transfor mati on usi ng a pretreat ment t hat yi el ded 

hi gh si mil arit y. Possi bl e reasons t hat woul d expl ai n the pretreat ment effect on predicti on results 

have rarel y been exa mi ned specificall y; nevert heless, Li u et al. (2019) also observed an effect 

of pretreat ment on t he Kennard St one sel ecti on of cali brati on sa mpl es based on spectral 

represent ativeness and t hus on predi ction results. 

 

Tabl e 6. Effect of the spectrum t ype (ST) t hat mi ni mi zed RMSEP on spectral simi l arit y accordi ng t o 

i) average R² (+/-SD) bet ween cali brati on and vali dation spectra ( CAL and VAL,  NTot al = 249 and 62, 

respecti vel y); and ii) average number of cali brati on nei ghbours (+/-SD) per vali dati on spectrum 

consi deri ng R² > 0. 95. RMSEP was cal cul ated for gl obal, local and per-class calibrati on of C and N 

cont ents and EC, possi bly usi ng t heir log-transformati on (except for EC). Best predi cti ons are 

underli ned.  

Co mbi nati on of PLSR and ST 

that mi ni mi zed RMSEP 

Average R2 

bet ween CAL 

and VAL 

Average number of 

cali brati on nei ghbours 

wi t h R2 > 0. 95 

Wi t hout vari abl e l og-transfor mati on 

SNV for gl obal PLSR on C and N and l ocal PLSR on C 0. 95+/-0. 06 172+/-69 

SNVD1 for gl obal PLSR on EC 0. 95+/-0. 05 154+/-63 

Der 131 for per-class PLSR on N and EC 0. 87+/-0. 09 59+/-47 

SNVDer 131 for per-class PLSR on C 0. 87+/-0. 09 59+/-47 

SNVD2 Der 111 for local PLSR on EC 0. 87+/-0. 09 51+/-45 

SNVD2 Der 131 for local PLSR on N 0. 85+/-0. 11 52+/-43 

Wi t h vari abl e l og-transfor mati on 

Centr for l ocal PLSR on C 0. 95+/-0. 06 172+/-69 

SNV for per-class PLSR on N 0. 95+/-0. 06 172+/-69 

SNVDer 131 for per-class PLSR on C 0. 87+/-0. 09 59+/-47 

SNVDer 211 for local PLSR on N 0. 80+/-0. 11 10+/-12 

D2 for gl obal PLSR on C and N 0. 73+/-0. 24 34+/-33 

 

 

3. 5. 2. Effect of spectrum type on predicti on accuracy 

The effect of spectrum t ype on predicti on results invol ved aspects ot her t han spectral si mil arit y 

bet ween cali brati on and vali dati on sa mpl es. Fi g. 4 presents RMSEP for each combi nati on 

model × variabl e × spectrum t ype, and i n t he case of C and N cont ents, either usi ng vari abl e 

log-transfor mati on or not. Twent y-t wo spectrum types (out of 46) were removed because t hey 

al ways yi el ded predicti on results si mil ar t o or slightl y worse than t hose achi eved wit h ot her 
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particul ar pretreat ments, regardl ess of t he variabl e or cali bration procedure (e. g., Centr before 

anot her pretreat ment always yi el ded exactl y t he sa me result as t hat pretreat ment al one). A 

si milar fi gure wit h all 46 spectrum t ypes is presented i n Fi g. S1.  

The best predicti ons of C cont ent required l og-transfor mati on and were achieved wit h 

cali brati on by class using SNVDer 131, SNVD1Der 131, SNVD2 Der 131 ( RMSEP = 1. 3-

1. 4 gC kg- 1), SNV and Der131 (1. 4-1. 5 gC kg- 1), but very good predi ctions were also achi eved 

wi t h local cali bration using Centr and SNV ( RMSEP = 1. 4-1. 5 gC kg- 1). The best N cont ent 

predi ctions also required log-transfor mati on and were achieved wit h local calibrati on usi ng 

SNVDer 211 (and SNVD1 Der 211 and SNVD2 Der 211), Der211 (and D1 Der 211 and 

D2 Der 211; Fi g. S1; RMSEP=0. 10 gN kg), SNV,  D1 and SNVD1 (0. 11 gN kg- 1). However, 

comparabl e predi ction results were also achi eved wi t h a model by class using SNV,  SNVD1, 

SNVD2 and SNVD2 Der131 (0. 11 gN kg- 1). The best EC predi cti ons were achi eved wit h t he 

gl obal model usi ng SNVD1, SNV,  Ra w and Centr ( RMSEP = 1. 9-2. 1 mS c m- 1), but 

comparabl e results were achieved wit h the local model usi ng SNVD2Der 111 and Centr 

(2. 1 mS c m- 1). 

No gi ven pretreat ment yi el ded good predi ction results over all variables and cali brati on 

pr ocedures, but trends coul d be observed. For C and N cont ents, eit her usi ng log-transfor mati on 

or not, pretreat ments with Der 131 often yi el ded so me of t he best predicti on results for a gi ven 

cali brati on procedure and never yi el ded poor results. In contrast, good predi cti ons of C and N 

cont ents were rarel y achieved wit h pretreat ments that invol ved Der 211 and Der 231. For EC, 

SNV al ways yi el ded good predicti ons, while Der211 (and D1Der 211 and D2 Der 211; Fi g. S1) 

al ways yi el ded poor predictions. 

Co mpari ng t he effects of pretreat ments regardl ess of whet her l og-transformati on was used led 

to contrasting observati ons. For gl obal calibrati on of C cont ent, a gi ven pretreat ment most often 

yi el ded comparabl e perfor mances wit h or wit hout log-transfor mati on, eit her good ( Centr, SNV,  

D1 and D2), poor (2nd-order deri vati ves) or i nter medi at e (SNVD1 and SNVD2). The trend was 

si milar but less mar ked for l ocal cali brati ons of C and N cont ents, but t he pretreat ments t hat 

yi el ded good or poor predi cti ons were not necessaril y t he sa me as for gl obal cali brati on of C 

cont ent. However, the trend tended t o be opposite for t he gl obal cali bration of N cont ent: a 

maj orit y of pretreat ments t hat yiel ded good predicti ons wit h l og-transformati on yi el ded poor 

predi ctions wit hout l og-transfor mati on. The sit uation was int er medi ate for cali brati on by cl ass 

of C and N cont ents, with comparabl e proporti ons of pretreat ments t hat yiel ded si mil ar ki nds 

of results and opposite kinds of results wit h and without l og-transfor mati on. 

Dependi ng on t he variabl e and cali bration procedure, the variati on of predicti on results 

accordi ng t o spectrum type mi ght be hi gh or low; t hus, pretreat ment opti mi zati on was 

someti mes cruci al and someti mes not cruci al, which has rarel y been reported i n t he literat ure. 

The RSD of RMSEP over all 46 spectrum t ypes was t he lowest, 5%, for C and N cont ents i n 

gl obal PLSR wit h log and for N cont ent i n l ocal PLSR wit hout l og: in such conditi ons, 

pretreat ment selecti on was not trul y cruci al (e. g., for gl obal C cont ent cali brati on wit h l og, 

1. 7 ≤ RMSEP ≤ 2. 1 gC kg- 1). The RSD of RMSEP was 7-8 % for C and N cont ents i n gl obal 

PLSR and for EC i n local and per-class PLSR, all wi t hout l og. The RSD of RMSEP was 9-10 % 

in local PLSR for C content wit h or wit hout l og and for N cont ent wit h l og, whi ch yi el ded t he 

best N cont ent predicti ons. The RSD of RMSEP was 11-13 % for EC i n gl obal PLSR, whi ch 

yi el ded t he best EC predictions, and for C and N cont ents i n PLSR by class, all wit hout l og; 
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and for C cont ent i n PLSR by class wit h l og, whi ch yi el ded t he best C content predicti ons. The 

RSD of RMSEP was 15% f or N cont ent i n PLSR by class wit h l og: i n such conditi ons, sel ecti ng 

an appropriat e pretreat ment was decisi ve. The RSD of RMSEP was even > 60 % for EC wit h 

log, what ever t he PLSR: here, avoi di ng an i nappr opriate pretreat ment  was indispensabl e 

(Fi g S1). The RSDs of RPDVAL and RPI QVAL were generall y cl ose t o t he RSD of RMSEP (dat a 

not shown). Thus, the best predicti ons of C and N cont ents and EC were achi eved wit h 

cali brati on procedures t hat produced rat her hi gh variati on i n predicti on results dependi ng on 

spectrum t ype (9 % for N and 12 % for C and EC). Act uall y, the effect of pretreat ment t ended t o 

be less decisi ve in general in gl obal cali bration t han i n cali brati on by class: the RSD of RMSEP 

ranged from 5 t o 8% for the for mer, except 12 % for EC, vs. 11-15 % for t he latter, except 7% 

for EC. The effect of pretreat ment was inter medi ate i n l ocal cali brati on (8-10 % except 5% for 

N cont ent). This result might be due t o t he larger effect of pretreat ments when fewer sa mpl es 

are used for cali bration: thi s was the case in calibrati on by class (onl y cali brati on sa mpl es from 

the class consi dered were used) and t o some ext ent i n l ocal cali brati on (onl y cali brati on 

nei ghbours had a noticeabl e contri buti on). This effect has been partl y reported by Li u et al. 

(2019), who st udi ed t he effect of cali brati on set size on SOM predi cti on usi ng si x pretreat ment s: 

they observed t hat pretreat ment affected prediction accuracy onl y when fewer t han 70- 80 

sa mpl es were used for calibrati on (gl obal cali bration here). This effect mi ght also be i nferred 

from comparisons bet ween st udies t hat i nvol ved sampl e sets of different sizes and tested several 

pretreat ments (e. g., wit h gl obal PLSR, Cl airotte et al., 2016, on a set of > 3800 sa mpl es, 

achi eved best VNI RS predi cti ons of organi c C content j ust usi ng a movi ng average on 10 bands, 

whil e Vasques et al., 2008, on a set of ca. 550 sampl es, achieved t he best VNI RS predi cti ons 

of l ogC usi ng deri vati ves). Moreover, in cali bration by class, miscl assificati on ( whi ch mi ght 

concern up t o four sa mpl es; Tabl e 2) coul d increase the variability of predi ction accuracy 

dependi ng on pretreat ment. Moura- Bueno et al. (2019) also observed t hat the range of C cont ent 

predi ction accuracy accor di ng t o VNI R spectru m pretreat ment varied bet ween t he four 

cali brati on procedures t hey tested. The present study additi onall y shows that t he pretreat ment 

effect depended on t he studi ed soil propert y and its possi bl e l og-transfor mation.  
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Fi g. 4. Variati ons of RMSEP for EC and C and N cont ent predi cti ons accordi ng to PLSR procedure, 

spectrum t ype (24 spectrum t ypes, after 22 were removed, cf. subsecti on 3. 5.2) and possi ble l og-

transfor mati on (results wit h log-transfor mati on not present ed for EC, cf. subsecti on 3. 2).  
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Concl usi on 

 

The present st udy eval uated t he effects of calibration procedures (gl obal, local or per-sali nit y 

cl ass PLSR, i. e., for Salt- ≤ 2 mS c m- 1 vs. Salt+ > 2 mS c m- 1), log-transfor mati on of t he 

expl ai ned variabl e, and spectrum t ype (46 were tested) on VNI RS predi ctions of t opsoil C and 

N cont ents and EC at t he regi onal scale i n variabl y salt y soils of t he Sine Sal oum area of 

Senegal. The best prediction of C cont ent was achieved wit h PLSR by class appli ed t o spectrum 

absorbance pretreated wi th SNVDer 131 and usi ng l og-transfor mati on ( RMSEP = 1. 3 gC kg- 1, 

RPDVAL = 2. 5 and RPI QVAL = 2. 5). In contrast, the best predi ction of N cont ent was achi eved 

wi t h l ocal PLSR applied to spectrum absorbance pretreat ed wit h SNVDer211, also usi ng l og-

transfor mati on ( RMSEP = 0. 10 gN kg- 1, RPDVAL = 2. 1 and RPI QVAL = 2. 0). The best EC 

predi ction was achieved wit h gl obal PLSR appl ied t o spectrum absorbance pretreat ed wit h 

SNVD1, wit hout l og-transfor mati on ( RMSEP = 1. 9 mS c m- 1, RPDVAL = 3. 1 and 

RPI QVAL = 0. 4; the latter was expl ai ned by t he domi nance of very sli ghtl y salt y sa mpl es). We 

mi ght, however, assume that gl obal calibrati on woul d not necessaril y be the most appropri at e 

pr ocedure for predi cting EC i n a sa mpl e popul ation wit h more Salt + sa mpl es. Moreover, t he 

di stri buti ons of l ogC and l ogN were al most sy mmetrical, hence t he useful ness of l og-

transfor mati on for predicting these variabl es; however, the distri buti on of logEC was still very 

asymmetrical, so l og-transfor mati on of EC di d not hel p its predicti on. Spectrum pretreat ment 

affect ed predicti on accuracy, but no pretreat ment yi el ded good predi ction results over all 

variabl es and cali brati on procedures; nevert heless, pretreat ments wit h Der131 ( 1st -order 

deri vati ve wit h a 31-poi nt gap) often yi el ded good predi ctions, especi all y for C and N cont ents, 

whil e 2nd-order deri vati ves yiel ded poor results i n general. 

Therefore, no uni que procedure woul d opti mi ze VNI RS predi ction of soil properties i n a 

het erogeneous regi onal spectral library: calibrati on approach as well as processi ng of 

expl anat ory and expl ai ned variabl es must be tailored dependi ng on t he propert y and its 

di stri buti on, as hi ghli ghted by t he results of t he present st udy; but also dependi ng on sa mpl e set 

size and di versit y, whi ch was not st udi ed here but has been suggest ed by ot her st udi es. 

Nevert hel ess, and i mportantl y, the present st udy showed t hat accurat e predi cti on of t he soil 

sali nity class coul d easily be achi eved by PLSDA ( on average, over all spectrum t ypes, 100 % 

and 95 % of Salt- and Salt + vali dati on sa mpl es were correctl y assi gned,  respecti vel y). The 

present st udy also showed t hat accurat e VNI RS predi ctions of C and N cont ents and EC i n 

variabl y salt-affected soils coul d be achi eved ( RPDVAL > 2) usi ng different combi nati ons of 

cali brati on procedures and processi ng (i ncl udi ng pretreat ment and l og-transfor mati on). 
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Suppl e ment ary materi al  

 

 
Fi g. S1. Variati ons of RMSEP for EC and C and N cont ent predi cti ons accordi ng t o PLSR procedure, 

spectrum t ype (46 were tested) and possi ble log-transfor mati on. Very hi gh RMSEP achi eved for EC 

predi cti on usi ng PLSR by class and l og-transfor mation wit h Der231, Centr Der231, D1Der 231 and 

Centr D1Der 231 have not been i ncl uded i n t he fi gure (RMSEP = 341, 011 mS c m- 1). 

 


