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RESUMO: A salinização é uma das principais causas de degradação do solo no mundo, todavia, esse fenômeno ocorre com maior frequência em  regiões áridas e semiáridas.  Nesse contexto, este estudo tem como objetivo prever a condutividade elétrica de solos do Ceará, usando informações espectrais na faixa de 350 a 2500 nm associadas à regressão por mínimos quadrados parciais. Além disso, busca-se avaliar se o pré-processamento espectral melhora os modelos de regressão.  Foram analisadas  114  amostras  de  solo  oriundas  de  municípios  do  Ceará.  As  amostras  foram  avaliadas com método tradicional para determinar a condutividade elétrica (CE), e com método espectral na faixa  do  visível  ao  infravermelho  de  ondas  curtas  (350  –  2500  nm).  Os  resultados  da  CE  foram analisados  com  estatística  descritiva.  Os  dados  espectrais  foram  submetidos  a  técnicas  de  pré-processamentos,  e  para  a  modelagem  da  CE  os  espectros  brutos  e  processados  foram  usados juntamente com o algoritmo de regressão por mínimos quadrados parciais. A estatística descritiva dos  solos  evidenciou  a  presença  de  caráter  salino  e/ou  sálico.  O  modelo  preditivo  com  os  dados transformados em absorbância obteve o melhor desempenho (R² = 0,74 e RPD = 2,0). 
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SPECTRAL PREDICTION OF SOIL ELECTRICAL CONDUCTIVITY USING VISIBLE 

AND NEAR-INFRARED SPECTROSCOPY 

 

ABSTRACT:  Salinization  is  among  the  main  causes  of  soil  degradation  worldwide,  but  this phenomenon occurs more frequently in arid and semiarid regions. In this context, this study aims to predict the electrical conductivity of soils in Ceará using spectral information in the range of 350 to 2500 nm associated with partial least squares regression. In addition, we seek to evaluate whether spectral preprocessing improves regression models. A total of 114 soil samples from municipalities in  Ceará  were  analyzed.  The  samples  were  evaluated  using  the  traditional  method  to  determine electrical conductivity (EC) and the spectral method in the visible to shortwave infrared range (350–

2500  nm).  The  EC  results  were  analyzed  using  descriptive  statistics.  The  spectral  data  were subjected to  preprocessing techniques,  and for EC modeling,  the raw and processed spectra were used together with the partial least squares regression algorithm. Descriptive statistics of the soils revealed  the  presence  of  saline  and/or  saline  characteristics.  The  predictive  model  with  the  data transformed into absorbance obtained the best performance (R² = 0.74 and RPD = 2.0).  
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1 INTRODUCTION 

performed  in  the  visible  (Vis:  350–750  nm), 

 

near-infrared (NIR: 750–1100 nm), shortwave Salinization  is  among  the  main  causes 

infrared  (SWIR:  1100–2500  nm),  and  mid-of land degradation and is characterized by the infrared  (MIR:  2500–25000  nm  or  4000–400 

progressive  accumulation  of  soluble  salts  on cm⁻¹)  ranges  (Mendes   et  al. ,  2022)  .  The the  soil  surface  (Wang   et  al. ,  2023)  .  Excess spectral  data  generated  in  these  ranges  are salt  in  the  soil  severely  affects  plant associated  with  statistical  methods  to  obtain development,  compromising  global  food 

predictive models. 

security.  (Sun   et  al.,  2024).  Salinization  is Spectroscopy has stood out for its great 

generated  by  both  natural  processes  and potential  in  soil  characterization;  however,  its inadequate  anthropogenic  practices,  such  as use in identifying salinization is still incipient, the use of low-quality water for irrigation and especially in arid and semiarid regions. In this inadequate  soil  management  (Muhammad   et context, this study aims to predict the electrical al.,  2024) . 

conductivity  of  soils  in  Ceará  using  spectral Salinization  occurs  more  frequently  in 

information  in  the  350  to  2500  nm  range arid  and  semiarid  regions,  where  climatic associated with partial least squares regression conditions  with  high  evapotranspiration  rates (PLSR).  Furthermore,  it  seeks  to  evaluate associated with low precipitation  intensify the whether  spectral  preprocessing  improves 

concentration  of  salts  on  the  soil  surface regression models. 

(Hailu; 

Mehari, 

2021). 

Currently, 

 

approximately  1.4  billion  hectares  of  land 2 MATERIALS AND METHODS 

worldwide  are  affected  by  salt  (FAO,  2024)  . 



In Brazil, this phenomenon manifests itself in In this study, soil samples deposited in 

a worrying way, especially in irrigated areas. 

the  collection  of  the  Soil,  Water,  Tissue  and Traditionally, salinity is assessed in the 

Fertilizer  Analysis  Laboratory,  located  in  the laboratory  by  determining  the  electrical Department  of  Soil  Science  at  the  Federal conductivity  (EC)  of  the  soil  (Barreto   et  al., University  of  Ceará  (UFC),  were  used.  The 2023)  .  However,  this  methodology  requires soils evaluated came from 13 municipalities in specific  sample  preparation  and  longer 

Ceará,  which  are  located  in  the  Northwest analysis  times,  in  addition  to  being  costly, Ceará, North Ceará and Metropolitan Fortaleza limiting  the  scope  of  mapping  saline  areas. 

mesoregions, and are part of the data from the Considering 

these 

aspects, 

alternative 

Medium-Intensity  Reconnaissance  Survey  of methodologies,  such  as  remote  sensing,  are the  Soils  of  the  State  of  Ceará,  published  in being  studied  to  assess  salinity  and  monitor 2024. 

these areas in a faster and more economically One hundred and fourteen soil samples 

viable way. 

were  analyzed,  comprising  24  pedological From  this  perspective,  multispectral 

profiles classified into 9 soil orders. Analyses remote  sensors  have  been  successively 

using  traditional  (wet  chemistry)  and  spectral employed  to  map  and  monitor  salinity. 

methods  were  performed  on  air-dried  fine However, aspects such as image resolution and earth samples. For this purpose, the soils were vegetation  canopies  can  limit  the  remote placed  in  the  shade,  air-dried,  ground  and determination  of  salts  (Barreto   et  al. ,  2023)  . 

sieved  through  a  sieve  with  a  2  mm  mesh Therefore,  the  use  of  near-hyperspectral opening. 

sensors, 

associated 

with 

reflectance 

In  the  analysis  using  the  traditional 

spectroscopy,  has  emerged  as  a  promising method, the electrical conductivity (EC) of the technique for salinity assessment (Pessoa  et al. 

soil  was  evaluated  according  to  the  Embrapa 

, 2016) . 

Soil Analysis Methods Manual (Teixeira  et al., Reflectance spectroscopy stands out for 

2017).  For  the  spectral  analyses,  the  TFSA its  rapid  analysis  capabilities,  requiring samples were subjected to a drying process in minimal  sample  preparation  (Lotfollahi   et  al. , a forced-air oven at a temperature of 45 °C for 2023)  .  Soil  analysis  using  this  technique  is 
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moisture (Epiphanio  et al. . 1992). 

models  was  evaluated  on  the  basis  of  the Spectral reflectance data were obtained 

coefficient of determination (Equation 1), root using a contact probe ( Hi-Brite Contact Probe) mean  square  error  (Equation  2),  and 

and  a  FieldSpec  Pro  FR  3  spectroradiometer performance-to-deviation  ratio  (Equation  3). 

(Analytical 

Spectral 

Devices, 

Boulder, 

Before  these  metrics  were  computed,  the  CE 

Colorado,  USA).  This  instrument  performs values  were  converted  back  to  their  original readings  in  the  visible  to  shortwave  infrared units. 

range  (350–2500  nm)  and  has  spectral 



resolutions  of  3  nm  and  10  nm,  respectively. 

∑𝑛 (𝑦̂−𝑦̅)²

𝑅² = 𝑖=1

(1) 

resampled to 1 nm, yielding 2151 features. 

∑𝑛 (𝑦−𝑦̅)²

𝑖=1

To  read  spectral  data  in  the  Vis-NIR-



SWIR  range,  the  equipment  sensor  was 

where 

R² 

= 

coefficient 

of 

calibrated  every  20  minutes.  Calibration  is determination; Ŷ = predicted value; Ȳ = mean performed  by  reading  a  blank  plate 

of observed values; Y = observed value; and n (Spectralon),  which  is  considered  a  100% 

= number of samples. 

reflectance  reference  standard.  Three  spectral readings  were  performed  on  the  surface  of 𝑛−𝑚

(2) 

each sample to perform a complete scan of the 𝑅𝑀𝑆𝐸 = √∑

yi’−yi

𝑖=1

𝑛−𝑚

sample and obtain good representativeness. 



Savitzky–Golay 

smoothing 

where RMSE = root mean square error; 

preprocessing  and  conversion  of  values  to n  =  number  of  samples;  m  =  number  of absorbances  are  performed,  with  the  goal  of samples  used  for  prediction;  and  yi'-  yi  = 

suppressing  noise  and  irrelevant  information predicted and observed values. 

and improving the quality of the spectral data for  subsequent  modeling  processes.  Spectral 𝜎

𝑅𝑃𝐷 =

𝑌𝑂                                                  (3) data  preprocessing  and  statistical  analyses 𝑅𝑀𝑆𝐸



were  performed  using  R  software  (R  Core where  RPD  is  the  ratio  of  deviation 

Team, 2024) . 

performance and σ is the standard deviation of Descriptive  statistical  analyses  were 

the observed values. 

applied  to  the  electrical  conductivity  results. 



The  normality  of  the  data  was  also  assessed The  performance  of  the  models  was 

using  the  Kolmogorov‒Smirnov  normality 

divided into classes on the basis of the values hypothesis test at 5%. Given the nonnormality obtained from the metrics. With respect to the of  the  data,  the  base-10  logarithm 

R²  results,  Terra   et  al  .  (2015)    suggest  the transformation was applied to obtain normally following  classes:  R²  >  0.75  -  models  well distributed 

values 

and 

improve 

the 

fitted to accurately predict soil attributes; 0.50 

performance of the models. 

≤ R² ≤ 0.75 - models that are fair but could be To construct the predictive models, the 

improved;  and  R²  <  0.50  -  unreliable  models data  were  separated  into  75%  of  the  samples with no predictive capacity. On the basis of the for calibration and 25% for model testing with RPD  values,  Sun   et  al.  (2024)   suggest  the unpublished  data.  For  this  purpose,  a  random following classes: RPD > 2 - excellent models; selection  was  performed  on  the  basis  of  the 1.4  ≤  RPD  <  2  -  models  with  moderate soil profiles to  encompass all  the profiles and performance;  RPD  <  1.4  –  models  without avoid bias. During the calibration phase,  k-fold predictive capability. 

 cross-validation was performed.  10 times. CE 



modeling was performed using the partial least 3 RESULTS AND DISCUSSION 

squares 

regression 

(PLSR) 

algorithm 



associated  with  raw  reflectance  spectra  and Descriptive  statistical  analysis  (Table 

preprocessed spectra. 

1)  revealed  that  the  average  electrical conductivity  of  the  soil  samples  was  0.65 
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dS/m,  which  is  considered  low.  However,  the and/or  saline  characteristics,  which  are standard  deviation  (1.68  dS/m)  was  high conditions  potentially  detrimental  to  soil relative to  the average,  and the maximum EC 

quality and agricultural productivity (Santos  et value  observed  (10.15  dS/m)  indicated  that al.,  2018). 

some  of  the  evaluated  soils  presented  saline Table 1. Descriptive statistics for electrical conductivity values. (dS/m) of the soil. 

Average  Median  Minimum  Maximum 

Q1 

Q3 

SD 

p value 

7.34E-

0.65 

0.14 

0.01 

10.15 

0.08 

0.28 

1.68 

20 

Note: Q1 = first quartile; Q3 = thirty quartile; SD = standard deviation; p value = Kolmogorov‒Smirnov normality test. 

Source: Authors (2025) 



The  Kolmogorov‒Smirnov  normality 

should  consider  robust  approaches  geared test indicated that the EC data do not follow a toward heterogeneous data. 

normal  distribution,  a  behavior  that  is  quite CE modeling with spectral data (Table 

common  in  soil  attributes  (Bellon-Maurel   et 2)  revealed,  on  the  basis  of  the  metric  values al. ,  2010)  .  The  high  standard  deviation  and obtained  in  the  validation  with  unpublished nonnormality  of  the  data  reflect  the 

data,  that  all  the  developed  models  showed heterogeneity  of  the  soils  studied,  which moderate reliability and  performance,  with R² 

present  contrasting  characteristics.  These 

≥  0.50.  Nevertheless,  adjustments  are  needed results  suggest  that  predictive  models  for  EC 

to improve the prediction accuracy. 



Table  2. Results  of  the  calibration  and  testing  of  the  PLSR  model  for  estimating  the  electrical conductivity (dS/m) of the soil in the spectral range 350–2500 nm. 

Treatment 

 

- spectral 

No. C 

R² cal. 

RMSE 

R² val 

RMSE 

RPD 

DP 

data 



Gross 

13 

0.52 

1.31 

0.60 

0.29 

1.60 

0.46 

Abs 

12 

0.59 

1.21 

0.74 

0.23 

2.00 

0.46 

SG 

13 

0.48 

1.36 

0.58 

0.29 

1.57 

0.46 

Note:  Abs  =  Absorbance;  SG  =  Savitzky‒Golay  smoothing;  No.  C  =  Number  of  model  components;  R²  cal.  = 

Coefficient of determination for calibration; RMSE = root mean square error; R² val = Coefficient of determination for validation; RPD = ratio of performance deviation; DP = standard deviation. 

Source: Authors (2025) 



Among the models developed, the best 

effect  on  model  performance.  These  results performance  was  achieved  with  the  PLSR 

corroborate  previous  work  showing  that 

regression applied to spectral data transformed spectral  processing  can  efficiently  highlight into absorbance, whose metrics approached the small  differences  in  the  data,  increasing  the values  classified  as  excellent  accuracy.  In sensitivity  of  the  regression  to  variations  in contrast,  preprocessing  with  the  SG  filter soil salinity (Sun  et al.,  2024) . 

resulted  in  the  lowest  performance,  with  R² 

The  performance  of  the  models 

and  RPD  values  close  to  the  minimum 

obtained  was  superior  to  that  reported  by reliability limit for the predictive models. 

Lotfollahi   et  al. (2023)    for  the  spectral The  conversion  of  spectral  data  to 

prediction of soil salinity in the visible to near-absorbance 

was 

the 

most 

efficient 

infrared  region;  however,  the  results  were preprocessing  technique  for  improving  EC 

inferior to those reported by Sun  et al. (2024) . 

prediction,  demonstrating  that  not  all 

The  lower  predictive  performance  of  the  EC 

preprocessing  methods  produce  the  same 

may  be  related  to  the  absence  of  specific 



18                                               Souza, et al./Predição espectral.../v40p14-20 (2025) signatures  of  this  attribute;  thus,  greater https://www.sciencedirect.com/science/article/

accuracy is  obtained  for attributes with  active pii/S0140196322001835. Accessed Published: 

spectral characteristics or when there is a high March 11, 2025. 

concentration  of  the  element  in  the  soil  and when there is a high correlation with spectrally BELLON-MAUREL, V.; FERNANDEZ-active elements ( Ng).  et al.,  2022) . 

AHUMADA, E.; PALAGOS, B.; ROGER, 



JM; MCBRATNEY, A. Critical review of 

4 CONCLUSIONS 

chemometric indicators commonly used for 



assessing the quality of the prediction of soil The  use  of  the  partial  least  squares 

attributes by NIR spectroscopy. Trends in regression  algorithm  in  conjunction  with Analytical Chemistry , Amsterdam, v. 29, p. 

spectral data in the 350–2500 nm range made 1073-1081, 2010. DOI: 

it  possible  to  generate  reliable  soil  EC 

https://doi.org/10.1016/j.trac.2010.05.006 . 

prediction  models.  Transforming  reflectance Available at: 

data  into  absorbance  data  was  an  efficient https://www.sciencedirect.com/science/article/

strategy  for  improving  the  accuracy  of  the pii/S0165993610001585?via%3Dihub. 

prediction models. 

Accessed on: 10 Mar. 2025. 

The  results  obtained  reinforce  the 



potential  of  reflectance  spectroscopy  as  a EPIPHANIO, JCN; FORMAGGIO, AR; 

promising method for evaluating salinity on a VALERIANO, MM; OLIVEIRA, JB. 

large  scale  and  as  an  alternative  technique  to Spectral behavior of soils from the State of conventional  analyses.  However,  it  is 

São Paulo. São José dos Campos: National important  to  highlight  that  broader  studies Institute for Space Research, 1992. 

addressing  this  technique  are  necessary  to further  improve  the  accuracy  of  spectral FAO. Global status of salt-affected soils . 

prediction. 

Rome: FAO, 2024. DOI: 10.4060/cd3044en. 



Available at: 

5 ACKNOWLEDGEMENTS 

https://openknowledge.fao.org/handle/20.500. 



14283/cd3044en. Accessed on: March 15, 

We  thank  the  INCT  in  Sustainable 

2025. 

Agriculture in  the Tropical  Semi-Arid  Region 



-  INCTAGriS  (CNPq/Funcap/Capes)  for  its HAILU, B.; MEHARI, H. Impacts of Soil 

support and the Ceará Foundation for Support Salinity/Sodicity on Soil‒Water Relations and of  Scientific  and  Technological  Development Plant Growth in Dry Land Areas: A Review. 

(FUNCAPE)  for  the  scholarship.  This  work Journal of Natural Sciences Research , was  carried  out  with  the  support  of  the Hong Kong, vol. 12, no. 3, p. 1-10, 2021. DOI: Coordination  for  the  Improvement  of  Higher 10.7176/JNSR/12-3-01. Available at: 

Education Personnel - CAPES - Funding Code 

https://pdfs.semanticscholar.org/c5b7/9e53589

001. 

f60bc564e2ff61a3c9b8ab309bab7.pdf. 



Accessed on: 10 Mar. 2025. 

6 REFERENCES 



 

 



BARRETO, AC; FERREIRA NETO, M.; 



OLIVEIRA, RP de; MOREIRA, LCJ; 



MEDEIROS, JF de; SÁ, FV da S. 



Comparative analysis of spectral indexes for soil salinity mapping in irrigated areas in a semiarid region, Brazil. Journal of Arid Environments , London, v. 209, article 104888, p. 1-8, 2023. DOI: 



10.1016/j.jaridenv.2022.104888. Available at: 



  Souza, et al./Predição espectral.../v40p14-20 (2025)                                                       19 



LOTFOLLAHI, L.; DELAVAR, MA; 

PESSOA, LGM; FREIRE, MBG dos S.; 

BISWAS, A.; FATEHI, S.; SCHOLTEN, T. 

WILCOX, BP; GREEN, CHM; DE ARAÚJO, 

Spectral prediction of soil salinity and 

RJT; DE ARAÚJO FILHO, JC. Spectral 

alkalinity indicators using visible, near-, and reflectance characteristics of soils in 

mid-infrared spectroscopy. Journal of 

northeastern Brazil as influenced by salinity Environmental Management , London, vol. 

levels. Environmental Monitoring and 

345, article 118854, p. 1-21, 2023. DOI: 

Assessment, Dordrecht, v. 188, article 616, 10.1016/j.jenvman.2023.118854. Available at: 2016. DOI: 10.1007/s10661-016-5631-6. 

https://www.sciencedirect.com/science/article/

Available at: 

pii/S0301479723016420. Accessed on: 20 

https://www.researchgate.net/publication/3091

Mar. 2025. 

38772_Spectral_reflectance_characteristics_of _soils_in_northeastern_Brazil_as_influenced_

MENDES, W. de S.; DEMATTÊ, JAM; 

by_salinity_levels. Accessed on: March 15, 

ROSIN, NA; TERRA, F. da S.; POPPIEL, RR; 

2025. 

URBINA-SALAZAR, DF; BOECHAT, CL; 



SILVA, EB; CURI, N.; SILVA, SHG; 

R CORE TEAM. A : A Language and 

SANTOS, UJ dos; VALLADARES, GS. The 

Environment for Statistical Computing. 

Brazilian soil Mid-infrared Spectral Library: Vienna: R Foundation for Statistics 

The Power of the Fundamental Range. 

Computing, 2024. Available at: https://www.r-

Geoderma , Amsterdam, v. 415, article 

project.org/ . Accessed on: April 10, 2024. 

115776, p. 1-12, 2022. DOI: 



10.1016/j.geoderma.2022.115776. Available 

SANTOS, HG; JACOMINE, PKT ; ANJOS, 

at: 

LHC dos ; OLIVEIRA, VA de ; 

https://www.sciencedirect.com/science/article/

LUMBRERAS, JF; COELHO, MR; 

pii/S0016706122000830. Accessed on: March 

ALMEIDA, JA de ; ARAUJO FILHO, JC de; 22, 2025. 

LIMA, HN ; MARQUES, FA; OLIVEIRA, JB 



de ; CUNHA, TJF. Brazilian soil MUHAMMAD, M.; WAHEED, A.; WAHAB, 

classification system.  5th ed. Brasília, DF: A.; MAJEED, M.; NAZIM, M.; LIU, YH; LI, 

Embrapa , 2018. 

L.; LI, WJ Soil salinity and drought tolerance: An evaluation of plant growth, productivity, Sun, M.; LIU, H.; LI, P.; GONG, P.; YU, X.; microbial diversity, and improvement 

Ye, F.; GUO, Y.; WU, Z. Effects of salt 

strategies. Plant Stress , Amsterdam, v. 11, content and particle size on spectral 

article 100319, p. 1-16, 2024. DOI: 

reflectance and model accuracy: Estimating 

10.1016/j.stress.2023.100319. Available at: soil salt content in arid, saline‒alkali lands. 

https://www.sciencedirect.com/science/article/

Microchemical Journal , New York, v. 207, pii/S2667064X23001860. Accessed on: 10 

article 111666, p. 1-12, 2024. DOI: 

Mar. 2025. 

10.1016/j.microc.2024.111666. Available at: https://www.sciencedirect.com/science/article/

N.G., W.; MINASNY, B.; JEON, SH; 

pii/S0026265X24017788. Accessed on: 25 

MCBRATNEY, A. Mid-infrared spectroscopy 

Mar. 2025. 

for accurate measurement of an extensive set of soil properties for assessing soil functions. 

TEIXEIRA, PC; DONAGEMMA, GK; 

Soil Security , Amsterdam, v. 6, article FONTANA, A.; TEIXEIRA, WG Manual of 

100043, p. 1-13, Mar. 2022. DOI: 

Soil Analysis Methods.  3rd ed. Brasília, DF: 

https://doi.org/10.1016/j.soisec.2022.100043 . 

Embrapa , 2017. 

Available at: 



https://www.sciencedirect.com/science/article/



pii/S2667006222000107?via%3Dihub. 



Accessed on: 15 Mar. 2025. 







20                                               Souza, et al./Predição espectral.../v40p14-20 (2025) WANG, J.; ZHEN, J.; HU, W.; CHEN, S.; 

v. 11, no. 3, p. 429-454, 2023. DOI: 

LIZAGA, I.; ZERAATPISHEH, M.; YANG, 

10.1016/j.iswcr.2023.03.002. Available at: 

X. Remote sensing of soil degradation: 

https://www.sciencedirect.com/science/article/

Progress and perspective. International Soil pii/S209563392300014X. Accessed on: 1 2 

and Water Conservation Research , Beijing, Mar. 2025. 







