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Abstract: [Objective] Hyperspectral remote sensing technology holds considerable research value for monitoring and

assessing heavy metal contamination in soils. However, it is unclear how this technology can be used to detect different
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heavy metal fractions in soil. [Method] This study collected 22 intact soil profile samples with depths of approximately 100
cm from farmland soils in the Le'an River Basin, Jiangxi Province, China. The samples were used to investigate the potential
of hyperspectral imaging (HSI, 400-1010 nm) for predicting five copper (Cu) fractions in intact soil profiles, including total
Cu, weak acid-extractable Cu (F1), reducible Cu (F2), oxidizable Cu (F3), and residual Cu (F4). After the spectral data and
Cu contents of the soil profile samples were measured, prediction models for soil Cu contents were established. Several
modeling methods were applied to investigate the effect of different spectral preprocessing techniques on prediction accuracy,
including partial least squares regression (PLSR), random forest (RF), Cubist regression tree (Cubist), Gaussian process
regression (GPR), and Support vector machine (SVM). [Result] The results show that the four machine learning algorithms,
namely RF, Cubist, GPR, and SVM, generally outperformed the linear PLSR model in terms of R=demonstrating higher
predictive accuracy. After preprocessing with the combined absorbance transformation and first derivative method (Abs+FD),
the SVM-based model achieved relatively good predictive performance for the five soil Cu fractions in the independent
validation set (F1: R% = 0.78, RMSE, = 0.56 mg kg%; F2: R% = 0.78, RMSE, = 0.40 mg kg%; F3: R% = 0.67, RMSE, = 1.33
mg kg!; F4: R% = 0.70, RMSE, = 2.91 mg kg%; Total Cu: R% = 0.67, RMSE, = 3.64 mg kg%). [ Conclusion] These findings
indicate that HIS combined with machine learning can effectively predict multiple heavy metal fractions in soil profiles,
which is of great significance for improving our understanding of the migration and transformation of heavy metals in soil
and for conducting regional soil pollution risk assessments.

Key words: Soil heavy metals; Hyperspectral; Chemical speciation; Machine learning
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EEXS FIRFFFEA R, ASCLATL PG48 SR 28 m i A AR AR %, R @ ek g (HSD FpLas
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Fig. 1 Location of the study area and distribution of sampling sites
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f) CHsCOOH &, Z¥R¥% B0 Jasr & BiiEw CHFIE FL 5 1\ E—BRsRE A 0.5 mol Lt
(1) NH.OH-HCI ¥#3, £4%3% « 850 J5 70 & _E3E R CH T F2); 15 ) _E— D iRE A 8.8 mol Lt
(1) HoO2 WG TR 1 mol Lt ) NH4OAc, &k B0 a3 Bism (HTIE F3) « sJafii
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APt AT S HAR AT 0 B AR, DRI, 1 50 SO e T s ik BTG 4k 2 400~1010 nm,  BA
HEbR D S S . HR, AT PR A ER . REDGIEREE R, FRA 18 Bt
b BT S A A T SR AR T R B AR AT A e, BARELEE . RAROGIE SO AR (Raw) | TROGRE
B (Abs) . Gap-Segment 3% (GS) . Savitzky-Golay Vi (SG) . —prS§#t (FD) . &
¥ (SD) « ZICHUEHRIE (MSC) . AREIESAEE (SNV) . Kk (DT) . ES4 5B (CR)
Abs+SG. Abs+FD. Abs+SD. Abs+GS. GS+SNV. GS+MSC. SG+SNV. SG+MSC.
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Cubist A& —FhJE T 45 1 1) JR AP 2R VAR Y, AR CoMLIRIPE 328 U b ) 4 T A5 o [ (81, g
BRI N HAMARHER 746, A TR A R M [ AR, 36 49 5 6 3k 1) T A% i3k 47
. ZBAGELE A T TSI AR, DARE = Pl v ff 12250
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SVM & — Rl T 7R AR LR ML A8 2 SR, B X RO I B S 2 AR R PR R, B
RIFHIVERE . (L REL SVM KA S LS 214 5 46 23 W) B i 48 A RFAE 25 (8], (SR ASTE B I ARFAIE
TR . SVM A DURROCEFEARG S, WD TURFEARRS, 1A, SVM FEfRER/INEAR. FE
P R e A R ) 1) At R B A T A

5 FEL R S BRI ERTE R (4.4.2) BT, FIF R 1 caret XA A 151 S5
HHAT MRS R, HRE A8 XEGUE R 25 B e Y i 1% 22 (Root Mean Square Error, RMSE) /M1
SR IR AR S G TP AR T R X 18 Tt i ¥ b B F 5 1 B0 0 AT R S 1) X A 4
1.6 HEBEUEEITME

KA PEZRE (R ¥JRREZE (RMSE) X #TiR 2 (RPD) =AMV S 300 22 X8 iE

(LT3 ev Rom) FISTIGIE CBARbR p Ron) BI85 AT BARS BV . Jovh RO T 1, B
RUfRRERE J/00; RMSE /s, RIS TONNRG BBk S . RPD 2R MARHEZE (SD) SHEEATIN 135 75
iRz (RMSE) HILGAE, e i & (10 2 A2 S0l Roks BE AR T30 B S s e maR . 24 RPD<1.4
INf, 22 BIREAY TR AE AR SE, 24 1L.A<<RPD<2.0 Itf, 2 HIBLAY TR EE S Al &, (HA] BETREAE
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AR e B 6145 R (4.4.2) . ArcGIS10.8. SPSS. Origin2024. H:#' PLSR. RF. GPR.
Cubist. SVM % 5 Fifi RUH L S HRALIIE R R TEm: BRSS9 {E SPSS K
R sE R 2 BRIFE ArcGIS 1 Origin B 58 B

2 4 R

2.1 i CupyiEiR St

HF 5T X e P Cu S 24y RR PE ST HRIE QN2 1 o o 33850 1T 4 SR AR A Sl 4 AR AL Y T
N 8.94~73.46 mg kg, F1 HIZALTEHI A 0.03~9.82 mg kgt, F2 fIAR4LTE Y 0.01~24.48 mg kg?,
F3 7224k Ja v 0.10~15.16 mg kg, F4 FIRIERIN 7.91~48.07 mg kgt. H, F1 S EHK, (H
B REK; F2 8% BB K, A, BIBRFI A it F4 S e HARE, 2+
Herh i EERAATES . BT REM LIS NREZRIRE (£ 100 cm %) EimuHEoR, e
IR BA BRI M, X REREA R R ER R, R 1 bl BUE L, B
SRR S B0E B A AL IR PERFIE . 1X 3R B Kennard-Stone 51 1940 # 7 & A B ATAT I

5 Fofr b 49 Jeg 14 el F1L 2. F3 T F4) 2 [R5 2 B2 2 IEAH IR R &R (R 2) o Horhr, F1(r=0.61) .
F2 (r=0.86) . F3 (r=0.62) HlF4 (r=0.92) 5 L8352 I R IAH G ME o« 1% SU40 J& 1 2 8] 1) 2% 7]
KB, AT — PR EDGE R (HSD 78 TS84 0 o i 52 AT L2

=1 TELE Cu S EMFEITHHE
Table 1 Statistical characteristics of Cu concentration in soil profile

¥t HMH E i JEE it AR5 2
e 2 w5 RIAR
it AR ) N Standard o
. Range/ Mean/ Median/ Skewness . Coefficient of
Data set Variable Deviation/ o
(mg kgH (mg kg» (mg kg» variation/%
(mg kg
F1% 0.03~9.82 1.02 0.63 2.83 1.26 123.53
e F2” 0.01~24.48 1.33 0.79 5.74 2.08 156.39
Whole set F3° 0.10~15.16 242 1.93 2.15 3.33 137.60
(n=433) F4® 7.91~48.07 22.28 21.04 0.72 6.71 30.12
A 8.94~73.46 27.06 25.84 1.19 8.73 32.26
" F1% 0.03~9.82 0.99 0.60 3.09 1.28 129.29
RS .
o F2~ 0.12~24.48 1.45 0.71 5.06 241 166.21
Calibration 5
) F3" 0.10~15.16 2.38 1.71 2.14 2.34 98.32
se f
(n=303) F4® 7.91~48.07 22.39 20.96 0.69 7.26 32.43
n=
A 8.94~73.46 27.21 25.48 117 9.60 35.28
. F1® 0.03~6.14 1.09 0.70 2.20 122 111.93
EATTES >
o F2~ 0.01~7.19 1.05 0.87 3.61 0.85 80.95
Validation 5
) F3" 0.12~14.92 2.52 2.19 2.20 2.32 92.06
se ,,
(=130 F4® 8.88~39.87 22.04 21.71 0.66 5.24 23.77
n=
SR 13.24~48.59 26.70 26.09 0.70 6.25 2341
DIFEL AR A4 Weak acid soluble copper (F1) , @u]i& J5 #4:4 Reducible copper (F2) , @ #1445 & 44 Organic-bound

copper (F3) , @574 Residual copper (F4) . F[Al.  The same below.
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Fz2 TEBASEES ENEXREH
Table 2 Correlation coefficients between total Cu and its chemical fractions in soils

Hil2H 43
. F1 F2 F3 F4 pu:n
Cu Fraction

F1 1.00

F2 0.45™ 1.00

F3 0.88™ 0.48™ 1.00

F4 0.31™ 0.72 0.3 1.00
J5L4 Total Cu 0.61™ 0.86™ 0.62™ 0.92™ 1.00

**F N £<0.01, ** represents /<0.01.
2.2 NEIFEMAIERT HIRFIE Cu A5 FUNAEE AR

N T AN IR G 1 FAL B 7 5 - 35 T Cu i FROIAR RS B2 (i, ASHI S0 SR 18 Rl it 7l
WFR 5%, FF%ET PLSR. RF. Cubist. GPR 1 SVM 25 5 Ffi Y, A VNIR W4 & & 34T T 2
Bro SAEAULE SR AETRAC B 790 F VA 45 A3 3 Fis. Sl P s, SBAMRE SR 7.
PLSR #Ayrf SNV ZEFAM F1 (3IE5E: R2,=0.68, RMSE,=0.70 mg kg 5 F3 (IiF4E: R2%,=0.64,
RMSEp=1.40 mg kgt W A EEMTNKEE. mE RF F%F, GS X F1 (IiF4: R%=0.73,
RMSE,=0.64 mg kg 5 F3 (J&iE#: R%=0.73, RMSE,=1.21 mg kg™®) Tl R4+ . GPR FifY
KA Abs+GS FildbEEf5, *F F1. F3 F1 F4 SR BRI TN GE /7. Cubist #4454 GS+MSC £
F2. F4 K S AR s . i SVM FAL/E Abs+FD FALFE ~, Hefk 5t 4l & 4 Fhed s
REHUAS R I TN 25 SR o X 3R IH FOUAR 35 5 V2 PRI 3080 v 8 A st T A 7R SR AR 5 10000 ) e

FEFRSTIGAE, 42 GS+MSC AL H 5 ) Cubist £5%1 5 Abs+FD FALFRJ5 1) SVM #iAL, 7 5 Ff
Cu YL G, 3 RPD KA AT 1.4, RMSE B/ H RZFEIL T 1, EARIX WA AL IS 2257 1
TR ELAT AR 5 R T R 77

% 3 TR % FHIEEIHE Cu & BN TSR

Table 3 Predictive models of Cu concentration in soil profiles under different pretreatment methods

" T e -
PN WA R #AHAE Calibration set I6F 4 Validation set

Cu Fraction Model Best method
R2%v RMSEcy RPDcv R?% RMSE, RPDp
SSMRIE MRS PLSR SNV 0.54 0.87 1.47 0.68 0.70 1.75
Weak acid Cubist GS+SNV 0.62 0.79 1.62 0.80 0.54 2.23
soluble copper  GPR Abs+GS 0.60 0.80 1.58 0.71 0.68 1.80
(FD RF GS 0.55 0.86 1.48 0.73 0.64 1.90
SVM Abs+GS 0.70 0.70 1.82 0.80 0.54 2.24
A 3 i A4 4 PLSR SNV 0.66 141 171 0.51 0.65 131
Reducible Cubist GS+MSC 0.84 1.01 2.39 0.85 0.36 2.38
copper (F2) GPR FD 0.75 1.20 2.01 0.78 0.40 212
RF Abs+FD 0.79 1.10 2.19 0.77 0.42 2.02
SVM FD 0.84 0.99 2.43 0.81 0.38 2.27
AHa58M  PLSR SNV 0.59 1.51 1.55 0.64 1.40 1.66
Organic-bound  Cubist Abs+SD 0.55 1.58 1.48 0.74 1.18 1.96
copper (F3) GPR Abs+GS 0.64 1.40 1.67 0.70 1.27 1.83
RF GS 0.64 141 1.66 0.73 121 1.92
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SVR Abs+FD 0.73 1.22 191 0.67 1.33 1.74

BRI 24 PLSR GS+SNV 0.55 4.92 1.47 0.25 4.70 1.12
Residual Cubist GS+MSC 0.72 381 191 0.68 3.01 1.74
copper (F4) GPR Abs+GS 0.66 4.26 1.71 0.61 3.33 1.57
RF GS+MSC 0.67 421 1.72 0.62 3.45 1.52

SVM Abs+FD 0.66 4.24 171 0.70 291 1.80

A PLSR GS+SNV 0.57 6.41 1.50 0.28 5.83 1.07

Total copper ~ Cubist GS+MSC 0.69 5.32 1.80 0.65 3.78 1.65
GPR Abs+FD 0.72 5.15 1.86 0.64 3.77 1.66

RF GS+MSC 0.69 5.43 1.77 0.63 4.02 1.55

SVM Abs+FD 0.76 4,74 2.03 0.67 3.64 1.71

VE: Raw: JFUBGIE RT3, Abs: WOGRE#EH, GS: Gap-Segment S:%; SG: Savitzky-Golay “Fig; FD: —Fr5%;
SD: —HirF#; MSC: ZItHUNRIE; SNV: dr#EIESALE; DT: £E%H 1k CR: LG L. 45 777% (U1 GS+SNV)
oL IRT B AH R )7 % . Note:
Raw-Original spectral reflectance; Abs-Absorbance transformation; GS-Gap-Segment derivative; SG-Savitzky-Golay
smoothing; FD-First derivative; SD-Second derivative; MSC-Multiplicative scatter correction; SNV-Standard normal variate;
DT-Detrending; CR-Continuum removal. Combinations (e.g., GS+SNV) indicate that the corresponding methods were
applied sequentially.
2.3 FEWEFE IMRBTUN IR FHE Cu A7 VB E LR

N TR E B AR 3% Cu FUASEAY, BT 3 Mok BE VR S LU T PLSR K24 5 4 Rl #2714
B, EIRAELEH, PLSR Xf T 5 A3 Cu JEABIEHINE RPD A ] AL T HABEAL . 5514
PEASAY PLSR AL, 4 FhIELRPEAERY (Cubist. GPR. RF. SVM) Tl - 4835 I A 4 B 4150 (RS
AHRAET: . N L 5 MR TN PERE, Cubist. GPR. RF. PLSR F512R FH Pl 25 2R £ 47 1)
TRALFE T 7%, SVM K H Abs+FD FilAbEE 7772 . A 5 PSR (b 37 36 ik A 0 45 S vhoe] DUR I (1] 2-
6) , 4 FhiLEsE SIBR LA S R W B i T PLSR A5 5Y . TTI7E 4 FPALEs 1A, Cubist 5
SVM HEHIFE 5 Frfrhs B v 35 5 4% WA BT 1) T A8CER, JH F0MIE A S 538 59 HLAR /- AR 7E 11 20
T o FEMSZ ISR, SVM 7E 5 Fh 3% Cu J@ 1 Bl Fh & HE 8 (F1: R%,=0.78, RMSE,=0.56 mg kg;
F2: R%=0.78, RMSE,=0.40 mg kg*; F3: R%=0.67, RMSEy=1.33 mg kg*; F4: R%=0.70, RMSE,=2.91
mg kgt B4 R%=0.67, RMSEy=3.64 mg kg™) o did Xt 56 iiF 5 Hh A Jag ok T 2 S o i R B, 55
TR TN, S AR AR EEHE N SVM>Cubist>GPR>RF>PLSR. #Aifii, 7E4TSAN[F] 135841
Sy EAT RS, SVM 7E F1 A1 F4 40> FONBAURERY, TfE F2 A F3 205 IR e R0 H fe vk RE
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Fig. 2 Scatter plots of predicted versus measured values of weak acid soluble copper (F1) using various machine learning

techniques on the validation set
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Fig. 3 Scatter plots of predicted versus measured values of reducible copper (F2) using various machine learning techniques

on the validation set
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Fig. 4 Scatter plots of predicted versus measured values of organically bound copper (F3) using various machine learning

techniques on the validation set
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Fig. 5 Scatter plots of predicted versus measured values of residual copper (F4) using various machine learning techniques on

the validation set
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Fig. 6 Scatter plots of predicted versus measured values of total copper in soil using various machine learning techniques on
the validation set
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Fig. 7 Relative importance of spectral variables for predicting soil Cu attributes by the SVM model
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PLSR. Cubist. GPR. RF #%%!, 5 PLSR #&AHLL, 4 FiHlas>J5H % Cubist. RF. GPR il SVM
X EH T Cu & /BT g /136 B E A, H SVM 5 Cubist A PRI T RF. GPR B4,
PEAk, RIS IGERT B, AT SVM MRS 5 Flt - 3584 J P 1) ELAG AT O TN AE 1 OB 56AIE
(1) RZJE [N 0.67~0.78) o Cubist A B17E 5 Fft - 3384 J& 1 A 37 B0 AE At R B HS € [ TR0 68 /7 - PLSR
BEAE 5 Fft Cu J&ME I TR B2 el VBN —FPERPERNE 7%, PLSR 7RG AR 72 v ot L 78 23l 12 ik
T A AE LR AR ELAE AL, D51 78 T A R AL TS 1 Cu & B RIUAEE BT AW 7T 45 SRR 0,
SVM 5L E TR 4458 Je8 4 77 THI PR R B Hh 1929900, 3 5 AR ST I 9 45 SR — 5. {H SVM (1) T
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