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Estimation Model of Soil Organic Carbon Content Based on Mid-infrared
Spectral Characteristics Enhancement and Ensemble Learning
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Abstract; Mid-infrared spectral data holds immense potential for accurate, cost-effective, and rapid
prediction of soil organic carbon ( SOC) content. To enhance the universality of spectroscopic data
estimation models, a spectroscopic feature enhancement strategy was employed and combined multiple
machine learning methods by using the Stacking algorithm to construct a robust model for estimating SOC
content. Various spectroscopic feature enhancement methods and their combinations were applied to
enhance the features of mid-infrared soil spectra and select the optimal strategies. The Stacking algorithm
was used in conjunction with multiple machine learning methods to build an ensemble model, aiming to
improve the model’s generalization ability. The estimation performance of the ensemble model was
compared with that of partial least squares regression ( PLSR), gradient boosting trees ( GBT), and
1-dimensional convolutional neural network (1D — CNN) models. The results demonstrated that the
optimal spectral characteristics enhancement strategy can significantly improve the correlation between soil

spectra and soil organic carbon content, and the optimal Pearson correlation coefficient reached —0. 82.
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Compared with PLSR, GBT, and 1D — CNN models, the ensemble model exhibited higher estimation

accuracy and robustness across various spectral datasets. In particular, under the spectral characteristic

enhancement strategy of first derivative combined with multivariate scatter correction, the ensemble model
demonstrated excellent estimation performance (R* =0.92, RMSE was 1. 18 g/kg, RPD was 3.52). The

proposed method enabled timely and accurate estimation of SOC, which can provide a scientific basis for

modern agricultural management.

Key words: soil organic carbon; estimation model; ensemble learning; spectral characteristics

enhancement; mid-infrared spectroscopy
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Fig.2  Framework of SG integrated model
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Tab.1 Statistics of soil organic carbon content

N ¥/ hnifEEs RoMES BRMES BRR
BARSE . B . B mE
(gkg™ ) (gkg™ ) (gokg™ ) (grkg™) /%
BEEE 1.20 2.66 0.01 60.0  10.57 221.67
Y 448 1.13 2.12 0.01 45.8 8.05 187.61
ik 4 1.45 4.13 0.01 60.0 9.47  285.82
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4 S R IBUAS [] o 3% 5 A1 34 5 O s b B S, O
ARG SOC & MMM, INIE 4 AT LA Ot
TR IR 3G 5 5 0k T DL S e OIS s 5 SoC
i ] A DG (H 4% SR W 22 TR A7 AR W I 25 %
HARW =, {8 FD + MSC . FD + SNV + MSC . FD +
SNV S5 ik 1 o SR i Ab PR B £ 5 SOC & &
Z A B AR DG 2 (P < 0.01) , d5c RAH OC 22 %3 i)
Jp—0.82, —0.82 F10.71, #Kifi, i ] SNV MSC .
SNV + MSC 455K W Ab ¥ J5 , 6% 8 s 5 SOC & &2
(] 7 AH DG T — M, e KOAH O R B4 X E 43 i
0.55.0.49 F10.56, WA, L Pearson AHGPE 2 54
XPE KT 0.4 (P <0.01) VE A 7 BeRFAE , 25 Fh ke
TIE 165 5 SR WS 104 016 1% R A0 v i 2 A Y e B
M Z 5]/ Kk A FD + MSC (287) .FD + SNV + MSC
(268) SNV + MSC (185) SNV (162) ,MSC (157) .
FD + SNV (134) [FD(63) 546 563% (0) .

2= F R, SR A FD + MSC 1 FD + SNV + MSC
T AR AR 3 i O W T L) R P AL A e B s
SOC & ft Z [ (g AH OGP o DRI, 35 3 5 7 A O o3 34
SR SR W AT i — 2 T o
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Fig.4 Correlation coefficient of organic carbon content and spectral feature
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Comparison of base model estimation accuracy
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1D — CNN FER Ak 5 M 8 B 4 4208 FD + MSC DL &
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Tab.2 Comparison of estimation accuracy between SG model and other models

SG fEi PLSR GBT 1D - CNN
S K RMSE/ RMSE/ RMSE/ RMSE/
] RPD R? ] RPD R? ] RPD R? ] RPD
(g-kg™) (g-kg™) (g-kg™) (g-kg™)
JF 8 6 0.82 1.76 2.35 0. 66 2.41 1.71 0.74 2.09 1.97 0.78 1.93 2. 14
FD + MSC 0.92 1.18 3.52 0.86 1.56 2.65 0.86 1.56 2. 64 0. 87 1.49 2.76
FD + SNV + MSC 0.91 1.23 3.37 0. 86 1.56 2.65 0. 86 1.52 2.70 0.88 1.43 2.88

y=0.712x+0.321

20

HEA/ (g

6 SG AR MY Ak BORG B2 B AR P B 22 E D 4]

Fig. 6  Scatter plots and error histograms of SG model estimation accuracy
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Fig.7 Structure of ISRIC soil spectral data
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