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1. Maps showing the spatial location of some samples
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Figure S1 Location of the soil library with 515 samples in China. The location of samples from Meadow
soils and Chernozems is unavailable. And some samples from Coastal solonchaks, Purplish soils and Black

soils are also available.

2. Indicators of PLSR model performance

To assess PLSR model performance, we calculated five indicators, namely root-mean-square
error of cross-validation (RMSE,,), coefficient of determination in cross-validation (R2,), root mean
square error of prediction (RMSEP), R}, and residual predictive deviation (RPD).
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where n refers to the number of calibrated samples, y; and J; are the measured and estimated

values of the ith sample in calibration set using leave-one-out cross-validation, and y is the average

measured value. Cov(y;, ¥;) is the covariance of measured and estimated values. Var(y;) and

var(¥;) are the variance of measured and estimated values, respectively.
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where n refers to the number of validated samples, y; and J; are the measured and estimated values
of the ith sample in validation set, respectively, and y is the average measured value. Cov(y;,¥;) is
the covariance of measured and estimated values. Var(y;) and var(9;) are the variance of measured
and estimated values, respectively.
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where SD is the standard deviation of reference values in the validation set.
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3. VIP analysis

The important wavelengths used in the PLSR models of estimating SOC were measured by
variable importance in the projection (VIP) scores [1]. Wavelengths with VIP scores of >1 were
considered the most correlative and significant for estimating SOC concentration [2-4]. As observed
in previous studies, the critical wavelengths for SOC estimation occurred at 450-1050, 1410, 1890, and
2250-2380 nm (Figure 3) [5-7]. The visible region of 450-800 nm was mainly affected by iron oxides
and the dark color of SOM [8]. The other regions of 800-1050, 1410, 1890, 2250-2380 nm were caused
by the overtones and combinations of fundamental vibrations of organic molecules, such as C-H, N-
H, S-H, C=0, and O-H [9].
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Figure S2. Variable importance projection (VIP) scores (black line) associated with the cross-validation of
partial least-squares regression model for soil organic carbon concentration estimation by using laboratory
spectroscopy and the entire dataset form Chinese soil spectral library. The threshold for VIP was set to 1

(horizontal dashed line).

4. Optimal spectral pretreatment for PLS-DA and PLSR

The optimal spectral pretreatments for PLS-DA and PLSR were based on agreement rate and
coefficient of determination in prediction (R3), respectively. Therefore, the spectral pretreatments
for PLS-DA could be different from those of PLSR.

Table S1. Spectral pretreatment for PLS-DA and PLSR.

Model Strategy
Soil type LVs Pretreatment
Strategy 1 Five soil types 12 Lg+SG+MC
Coastal solonchaks 3 SNV+MC
Meadow soils 7 SNV+5G+MC
PLSR Strategy II,
Chernozems 11 SNV+5G+MC
Strategy III
Black soils 16 MSC+SG+MC
Purplish soils 4 None

PLS-DA - Five soil types 12 Lg+MC
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5. Misclassifying six samples from Coastal solonchaks to Meadow soils and Chernozems

To study how the misclassification between two soil types with evident spectral difference
affected subsequent SOC estimation, six validation samples (20%) from Coastal solonchaks were
allocated to Meadow soils and Chernozems (SI Figure S2). The R% of Coastal solonchaks decreased
greatly from 0.51 to 0.31 when 20% Coastal solonchaks samples were misclassified to Meadow soils

and to 0.23 when 20% Coastal solonchaks samples were misclassified to Meadow soils ( Table 3 and

SI Table S2).
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Figure S3. Scatter diagram of scores on latent variable 2 (LV2) plotted against latent variable 1 (LV1) for
validation samples in partial least squares discriminant analysis (PLS-DA) models. The six samples in red
ellipse were selected to be misclassified to Meadow soils and Chernozems. The other three ellipses (blue,
green, and dark blue) were the 90% confidence ellipse for each soil type.

Table S2. Model performance when six samples from Coastal solonchaks were misclassified to Meadow

soils and Chernozems.

Misclassification Coastal solonchaks
From To Count R2 RMSEP RPD
Coastal solonchaks Meadow soils 6 0.31 2.91 0.81
Coastal solonchaks Chernozems 6 0.23 3.44 0.69

6. Stratification with different number of soil types

When the number of soil types varies from 5 to 16, stratification still could improves the

performance of SOC estimation using vis-NIR spectroscopy, see Figure 54.



Remote Sens. 2018, 10, x FOR PEER REVIEW 50f5

0.8

0.6 A r' 7 3

>
(]

&
~ 0.4

0.2

—A— No stratification
—=— Stratification
Oc 0 I T I L] I T I T I L] I L I 1
4 6 8 10 12 14 16
Number of soil types

Figure S4. Performance of SOC models stratified by soil type when the number of soil type varies from 5

to 12.
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