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ARTICLE INFO ABSTRACT

Handling Editor: Budiman Minasny Visible-to-near-infrared (vis-NIR) and mid-infrared (MIR) spectroscopy have been widely utilized for the
quantitative estimation of soil organic carbon (SOC). The fusion of vis—NIR and MIR data can be hypothesized to
provide accurate and reliable prediction for SOC because spectral data within a specific range of each individual
sensor may lack important absorptive features associated with SOC. In this study, six data fusion strategies,
principally direct concatenation-partial least squares regression (DC-PLSR), outer product analysis-PLSR (OPA-
PLSR), OPA-competitive adaptive reweighted sampling-PLSR (OPA-CARS-PLSR), sequentially orthogonalized-
PLSR (SO-PLSR), DC-convolutional neural network (DC-CNN), and parallel input-CNN (PI-CNN), were
compared for the spectral estimations of SOC. The data fusion and individual sensor models were developed
using soil samples collected from Zhejiang Province, East China, and scanned under laboratory conditions with
both vis-NIR and MIR spectrophotometers. The validation results of vis-NIR (validation coefficient of deter-
mination [Rz] = 0.63-0.73) were generally better than those of MIR (validation R?>= 0.45-0.59). For data fusion,
the best validation accuracy was achieved by the PI-CNN (validation R? = 0.84), followed in descending order by
DC-CNN (validation R* = 0.78), SO-PLSR (validation R? = 0.73), OPA-CARS-PLSR (validation R* = 0.69), OPA-
PLSR (validation R? = 0.66), and DC-PLSR (validation R? = 0.64). The better performance of PI-CNN over DC-
CNN demonstrates the necessity of using different sizes of convolutional kernels before feeding into the fully
connected layers in the CNN network for fusing vis—NIR and MIR spectral data. The deep-learning fusion method
based on PI-CNN can be considered an efficient tool for integrating data from multiple sensors for estimating soil
properties in the field of soil spectral modeling.
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1. Introduction (Minasny et al., 2017; Ramesh et al., 2019; Wiesmeier et al., 2019).

Constrained by the high temporal and spatial variability of soils result-

As a key component of soil, soil organic carbon (SOC) affects various
physical and chemical properties of the soil (Lal, 2016). It plays a central
role in soil fertility, affecting crop production and food security (Zhao
et al., 2018). Slight changes in SOC content can cause severe distur-
bances to the terrestrial carbon cycle and global climate change
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ing from multiple soil-forming factors, such as climate, topography,
parent materials, and human management practices throughout time,
there are still some challenges in accurately quantifying SOC concen-
trations at different geographical scales (Wang et al., 2022). Therefore,
the development of accurate, inexpensive, fast and efficient SOC
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estimation approaches is crucial for monitoring soil quality and function
and for timely feedback to global warming and improvement in
ecosystem services.

Proximal soil sensors, such as visible-to-near-infrared (vis—-NIR) and
mid-infrared (MIR) spectrometers, have been widely utilized as a cost-
effective and efficient alternative in the quantitative estimation of SOC
(Hong et al., 2022; Hutengs et al., 2019; Ng et al., 2019b; Poppiel et al.,
2022). Spectral estimations of SOC are dependent on the chromophres,
and the overtones and combination absorptions of O-H, C-H, and N-H
that exist within both vis-NIR and MIR spectral ranges (Nocita et al.,
2015; Stenberg et al., 2010; Terra et al., 2019; Viscarra Rossel and
Behrens, 2010). Due to the inherent differences in detector type, spectral
range and resolutions, each sensor has its own advantages and disad-
vantages affecting the accuracy of predicting SOC. However, the spectral
range may be the most important factor, mainly because the spectral
data in a specific range may contain insufficient spectral information
associated with SOC (Ng et al., 2019b). Despite the fact that funda-
mental vibrations of molecules associated with SOC take place in the
MIR range, some literature reported better modeling performances of
MIR over vis-NIR (Hong et al., 2022; Hutengs et al., 2019; Terra et al.,
2019), while other studies reported contradictory results (Allo et al.,
2020; McDowell et al., 2012). It is thus worth exploring modeling ap-
proaches that make full use of the complementary information from
different sensors to maximize the predicted stability of SOC. Data fusion
is an effective strategy to integrate multiple data sources from different
sensors (Borras et al., 2015; Gholizadeh et al., 2021a; Grunwald et al.,
2015). The main purpose of data fusion modeling is to achieve accurate
prediction by integrating information from multiple sources (Javadi and
Mouazen, 2021; Munnaf and Mouazen, 2022).

Various data fusion strategies, such as direct concatenation (DC),
feature fusion, and outer product analysis (OPA), have been introduced
to fuse vis-NIR and MIR spectral data to estimate soil properties (Borras
et al., 2015). Simple DC of the vis-NIR and MIR spectra is the simplest
and most commonly used method (Knox et al., 2015; Nawar et al., 2022;
Wan et al., 2020). Another very promising fusion approach is the
extension of the latent variable (LV) space combined with partial least
squares regression (PLSR), such as the sequentially orthogonalized-PLSR
(SO-PLSR) algorithm, which is the further development of the least
squares-PLSR method (Biancolillo et al., 2015; Biancolillo and Nees,
2019). It is based on sequentially extracting significant features from
different sensors and further allows incorporating the interactions be-
tween multiple sensors to improve the prediction accuracy and in-
terpretations. OPA aims to generate spectral coevolutions by calculating
the mutual weight of two different signals and then bringing them to the
same domain (Cécillon et al., 2012; Ng et al., 2019b; Terra et al., 2019).
However, OPA-fused data with large sets of predictors may lead to the
amplification of spectral noise and strong collinearity among variables
(Terra et al., 2019; Vohland et al., 2014), and variable selection after
OPA fusion is thus indispensable. Competitive adaptive reweighted
sampling (CARS) is a very rigorous procedure to select key wavebands
associated with target dependent variables (Hong et al., 2020a; Li et al.,
2009). However, the performance of the CARS method when integrated
with OPA fusion of vis-NIR and MIR has not been explored for spectral
prediction of SOC.

Recently, in the field of soil spectroscopy, deep learning algorithms,
such as long short-term memory, autoencoders, and convolutional
neural networks (CNNs), have been successfully employed in the spec-
tral estimation of soil properties, usually with excellent predictive per-
formance (Javadi et al., 2021; Ng et al., 2019b; Tsakiridis et al., 2020;
Wang et al., 2022). However, the majority of existing CNN models are
limited to using data from only one individual-sensor (Pullanagari et al.,
2021; Shen et al., 2022); hence, there is the need to explore data fusion
techniques from multiple sensors. A potential approach is to modify the
built-in functions of the CNN architecture to simultaneously allow data
from two sensors to be received (i.e., parallel input-CNN; PI-CNN)
(Mishra and Passos, 2021a). This methodology can be implemented by
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first performing multiple parallel convolutional layers, followed by
extracting features from each layer separately and finally passing them
to the fully connected layer. The input layer can be from different data
sources, such as vis-NIR, MIR, and X-ray fluorescence spectra. However,
due to the unique spectral features from every data source (Hong et al.,
2022; Vohland et al., 2022), using the same size of convolutional kernels
for extraction of the spectral information may not be the optimal solu-
tion. It is thus necessary to individually optimize the size of the con-
volutional kernels for multiple PIs prior to CNN modeling. The proof-of-
concept of PI-CNN was originally proposed in chemometrics (Mishra
and Passos, 2021a), but its extended application in the domain of soil
spectroscopy in fusing vis—NIR and MIR for SOC prediction has not been
reported.

The main objective of this research was to compare spectral esti-
mations of SOC using vis-NIR, MIR, and their fused data. Our hypothesis
was that fusing vis—NIR and MIR spectra by PI-CNN could improve the
modeling performance, compared to predictions made by single-sensor
and commonly used data fusion models.

2. Materials and methods
2.1. Soil sampling and laboratory analysis

The study area was located in Zhejiang Province, East China (Fig. 1).
Its topography across the whole province is complex and diverse, and
highlands account for approximately 75% of the province’s area. The
terrain in the northern part is relatively low and flat, with fertile soils,
high population density, and a highly developed economy. According to
the Koppen-Geiger climate classification, the defining type in Zhejiang
Province belongs to Cfa (i.e., a temperate zone with hot summers and no
dry season) (Beck et al., 2018). The annual average temperature and
precipitation are approximately 15-18°C and 980-2000 mm, respec-
tively. This province has more than eight different soil types (Fig. 1),
with paddy soils, purplish soils, and red soils being the dominant soil
orders, according to Chinese Soil Taxonomy (Shi et al., 2006).

Field sampling was designed based on the Second National Soil
Survey of China and knowledge from professional pedologists. In
2009-2012, a total of 146 soil profiles were collected within the prov-
ince, thus resulting in 591 soil samples depending on the genetic soil
horizon classifications (Shi et al., 2006). These samples were brought
back to the laboratory for air-drying, grinding, and sieving to less than 2
mm. Stones, roots, and voids were carefully excluded. Every sample was
then divided into two parts, with one part used for spectral measurement
and the other for soil chemical analysis. Soil texture (i.e., % clay, silt,
and sand) and SOC content were determined by the pipette method and
H3S04-K5Cro07 oxidation method, respectively.

2.2. Spectral scanning and preprocessing

The vis-NIR spectra were obtained using a Fieldspec® ProFR spec-
trometer equipped with a contact probe and built-in light source,
covering a spectral range from 350 to 2500 nm, with a final resampling
resolution of 1 nm (Analytical Spectral Devices, Boulder, CO, USA). A
Spectralon panel was utilized for calibrating and optimizing the spec-
trometer before and during the spectral measurement. The pretreated
samples were placed in plastic containers that were 5 cm in diameter
and 1 cm in height, and the sample surfaces were carefully leveled
before scanning. For each sample, three positions uniformly distributed
over the sampling surface were selected for scanning to minimize the
spectral randomness, and subsequently, 10 internal scans were collected
at each position. Finally, the 30 spectral curves were averaged in one
final spectrum, representing a soil sample. The vis-NIR reflectance (R)
was converted to absorbance using the equation log10(1/R).

The MIR spectral data were measured in diffuse reflectance using a
handheld Agilent 4300 FTIR spectrometer with a spectral range and
resolution of 4000-650 cm ™' and 4 cm™), respectively (Agilent
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Fig. 1. Study area (Zhejiang Province, China) and location of the soil sampling profiles.

Technologies, Santa Clara, CA, USA). The soil sample was placed in a
circular container 2 cm in diameter (containing approximately 2 g of
soil). The surface of every sample was flattened gently without smearing
before taking the measurement. After every 10 min of measurement, the
spectrometer was calibrated using a gold-plated reference cap. Three
replicates with 64 co-added scans were collected and then averaged into
one single MIR absorbance spectrum for each sample.

Regarding the vis-NIR, only data within the 400-2400 nm range
were retained to exclude the noisy wavebands. Both vis—NIR and MIR
absorbance spectra were first pre-processed using Savitzky-Golay
smoothing algorithm (11 points and 2 polynomial order) (Savitzky and
Golay, 1964), followed by spectral first-derivative (FD) transformation.
The biggest feature of the Savitzky—Golay filter is that it can keep the
shape and width of the spectral signal unchanged while filtering out the
noise. We selected the FD algorithm since spectral data between vis—NIR
and MIR were different in terms of the spectral magnitude and intensity.
Spectral FD can effectively remove the interferences from baselines and
background noises, and isolate the overlapping peaks (Hong et al.,
2020b; Xu et al., 2020). Finally, we resampled both types of data to an
interval of 10 nm/cm ™! to reduce the spectral dimensionality (Chen
et al.,, 2021). All these prepressing steps were performed in R with
prospectr package (R Core Team, 2021; Stevens and Ramirez-Lopez,
2021).

2.3. Calibration and validation datasets

Before further data analysis, outliers in the entire dataset were
cautiously excluded using the Monte Carlo outlier detection approach
(Hong et al., 2019b; Li et al., 2012), thus retaining 566 samples. We then
used a concentration ranking scheme to split the remaining 566 samples
into two parts: a calibration set (75%, 425 samples) and a validation set
(25%, 141 samples). This division method can ensure that the SOC range
of the calibration set covers that of the validation set, and accordingly,
their data distributions are generally similar (Chen et al., 2021; Hong
etal., 2019a). The selection process was as follows: All 566 samples were
sorted in ascending order according to the SOC content and then divided
into 141 strata. In each stratum, one sample was assigned to the vali-
dation set, and the rest of the samples were chosen as the calibration set.
Levene’s test was calculated in R software with the car package to verify
whether the data distributions of SOC in the calibration and validation

sets were similar (Fox and Weisberg, 2011; Levene, 1960).

2.4. Model development and assessment

2.4.1. Individual sensor modeling

Both preprocessed vis—NIR and MIR spectra were subjected to PLSR
and CNN algorithms to develop four full-spectrum-based models for the
estimation of SOC. The calibration and validation results from two PLSR
models were considered as the modeling benchmarks for subsequent
comparisons to test the prediction accuracy of other individual as well as
fusion models. The PLSR algorithm is the most widely used calibration
technique in soil spectral analysis (Ng et al., 2022). This is mainly due to
its unique superiority in handling multicollinearity or ill-conditioned
matrices (Wold et al., 2001). It compresses spectral information into a
selected number of LVs, which are obtained by projecting the spectra in
the direction of maximizing covariance with the target variable. Leave-
one-out cross-validation was employed to determine the optimal num-
ber of LVs, which led to the minimum root mean square error (RMSE)
value. Variable importance in the projection (VIP) value derived from
PLSR was used to evaluate the importance of spectral variables, with
bands greater than 1 regarded as important for SOC prediction (Chong
and Jun 2005; Wold et al., 2001). PLSR analysis was implemented in
MATLAB 2019a (MathWorks, Natick, MA, USA) together with a toolbox
named MBA-GUI (Mishra et al., 2020).

As a commonly used deep learning-based architecture, CNNs can
automatically extract relevant features from specific data (Cui and
Fearn, 2018; Mishra and Passos, 2021b). The 1-dimensional CNN ar-
chitecture could yield relatively accurate results on one-dimensional
data (Ng et al., 2019b) and thus was used in this paper. The CNN visu-
alization architectures for both vis-NIR and MIR are shown in Fig. 2.
Taking the vis—NIR as an example (Fig. 2a), a seven-layer network was
created, including an input layer, a convolutional layer (with both filter
and stride of 1), a flattening layer, three fully connected layers with 36,
18, and 12 neurons, and an output layer (e.g., SOC predicted values).
Only the last layer utilized a linear activation function, whereas the
other layers used exponential linear units as the activation function
between the layers. We initialized the weights by using ‘HeNormal’
initialization and trained the model with an Adam optimizer, whose
initial learning rate (LR) was set as 0.01*(batch size)/256. The loss
function used here was MSE plus L2 penalty regularization. When the
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Fig. 2. Architectures of the proposed 1D-CNNs for SOC estimation: vis—NIR (a) and MIR (b).

validation loss did not improve by 10° after 25 epochs, the LR value was
iteratively reduced by a factor of 2. The maximum number of epochs was
set to 1000, and an automatic early stopping algorithm was applied to
avoid overfitting. Regarding the determination of the optimal kernel
size, eight different combinations with kernel sizes in the intervals of 2,
3,4,5,6,7,8, and 9 were tested using a fivefold cross-validation method
performed on the calibration set (Tsakiridis et al., 2020). For the MIR
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data (Fig. 2b), the same processing parameters and steps were strictly
followed. The CNN algorithm was implemented in Python (Python
Software Foundation, 2019) using Keras (Chollet, 2019) and TensorFlow
(Abadi et al., 2019) running on a graphics processing unit cloud-
computing server. Spectral variable importance (i.e., Shapley additive
explanations; SHAP) from the CNN model was interpreted using the
SHAP library (Lundberg and Lee, 2017).

vis—=NIR

Filter: 1; Stride: 1}
Convolutional layer 1}
| Extractedfeatures |1
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Convolutional layer 2

Flatten Iayerl Features concatenated |
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Fig. 3. Illustrations of four spectral fusion strategies. Note: X;: vis-NIR; Y: SOC; W: weights; T: scores; X5: MIR; E: SOC-residuals; Q: loadings; n: sample size; r:

vis—NIR spectral dimension; c: MIR spectral dimension.
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2.4.2. Spectral fusion modeling

Six data fusion strategies for combining vis-NIR and MIR spectra,
including DC-PLSR, OPA-PLSR, OPA-CARS-PLSR, SO-PLSR, DC-CNN,
and PI-CNN, were explored in this work. Conceptual diagrams of four
of them are explained and illustrated in detail in Fig. 3.

(1) DC-PLSR (Hong et al., 2022; Wan et al., 2020): Simple spectral
concatenation of vis-NIR and MIR data was first carried out for each
sample (Fig. 3a), and then the fused spectral data were input into the
PLSR algorithm for further modeling. The DC approach is the simplest
and most straightforward data fusion strategy.

(2) OPA-PLSR (Fig. 3b): The OPA algorithm emphasizes the common
evolution of different spectra by merging the spectral data obtained by
different sensors (Jaillais et al., 2005; Terra et al., 2019). For the same
sample size n, all spectral data of vis—NIR (sensor 1: r dimensions) are
multiplied by all spectral values of MIR (sensor 2: ¢ dimensions), thus
producing n outer product matrices (r rows X c¢ columns) between
spectral data in both spectral domains. The spectral intensities of the
resulting matrix depend upon the intensities of the original spectral
data. The r x ¢ matrix is then unfolded to an r x c vector. For n samples,
the unfolded process generates a new matrix (i.e., n rows and r x ¢
columns), from which the regression models (e.g., PLSR in this study)
between SOC and the fused spectral data can be developed. Moreover,
the VIP can also be derived, and its dimension is the same as that of the r
x ¢ vector. The OPA was run in R software (R Core Team, 2021). The
OPA method generates a large number of predictors, which would
complicate the modeling structure and lengthen the running time.

(3) OPA-CARS-PLSR: The CARS algorithm is a widely utilized vari-
able selection method based on the rule of “survival of the fittest” (Li
et al., 2009). It first develops a complete model containing all variables
and then eliminates the least important variables iteratively and
continuously in a backward way. In each iteration, CARS adopts a
strategy of evaluating the importance performance of a subset with
multiple variables rather than a single variable. Finally, the subset with
the lowest cross-validation error is selected as the optimal subset.
Readers can find the detailed steps of the CARS algorithm from Li et al.
(2009) and Li et al. (2018). A simplified version of CARS was used to
ensure that the selected variables were reproducible and stable, and all
the procedures were performed in MATLAB 2019a using the 1ibPLS li-
brary (Li et al., 2018). The number of sampling runs was set to 50.

(4) SO-PLSR (Fig. 3c): The main principle behind this method is to
perform sequential incorporation of multiple predictor matrices (Bian-
colillo and Naes, 2019). It evaluates the incremental contributions from
different sensors and removes redundant information through an
orthogonalization procedure (Mishra et al., 2021b). For only two sensors
(i.e., two predictor matrices), the main calculation steps are as follows:
First, a PLSR model is built to relate SOC to the X; matrix (from vis—-NIR)
to obtain the scores T; matrix. Then, the PLSR model between SOC-
residuals and the orthogonalized X, matrix (from MIR) is also estab-
lished. Finally, ordinary least-squares regression between SOC and the
concatenated scores from the X; and X, matrices is established. The
sequential feature along with the orthogonalization process allows
direct assessment of whether data fusion of two sensors can improve the
model accuracy. SO-PLSR was conducted in MATLAB 2019a using the
MBA-GUI toolbox (Mishra et al., 2020). The advantages of SO-PLSR are
that it can effectively deal with multisensors with more than one un-
derlying dimension and multicollinearity among predictors.

(5) DC-CNN: Similar to the DC-PLSR method, the CNN model was
constructed after concatenation of vis-NIR and MIR spectral data. The
DC-CNN model was also executed to optimize the kernel size in the
convolutional layer via a grid-searching method, with the same
parameter intervals previously mentioned in Section 2.4.1. Other
modeling parameters were set the same as listed in Section 2.4.1 (i.e.,
CNN on individual spectroscopic matrices).

(6) PI-CNN (Fig. 3d): For data fusion analysis, the 1D-CNN frame-
work is adjusted to allow parallel input of multiple data sources so that
different spectral features can be extracted simultaneously. Two
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convolutional layers consisting of two individual receptor fields (with
both filter and stride of 1) were modified in the first two layers. Other
parameter settings and processing steps in PI-CNN were set to be the
same as those in the single sensor-based CNN architecture defined in
Section 2.4.1. The kernel sizes in the individual vis-NIR or MIR range
needed to be well-tuned. To achieve this goal, we optimized them in a
grid-searching manner with both kernel sizes from vis-NIR and MIR
changing in the space of [2, 3, 4, 5, 6, 7, 8, and 9]. The optimal kernel
sizes were identified according to the lowest RMSE value obtained in the
calibration set under a fivefold cross-validation scheme. Models with the
optimal hyperparameters were then tested using the validation set. One
advantage of PI-CNN is that it can perform specific convolutions for each
data source individually.

2.4.3. Model evaluation

Three indicators, including the coefficient of determination (R?),
RMSE, and ratio of performance to interquartile range (RPIQ) (Bellon-
Maurel et al., 2010), were collectively used to evaluate the models’
predictive performance during calibration and validation processes
(Chen et al., 2022). R? denotes the amount of variance explained by the
model. The RMSE is the standard deviation of the residuals between the
measured and estimated SOC values. The RPIQ is calculated by dividing
the interquantile distance of the measured SOC values by the RMSE.
Large R? and RPIQ and small RMSE values represent a good model.

3. Results
3.1. SOC and spectral data

The SOC in the entire dataset varied from 0.05% to 5.14%, with a
mean and standard deviation of 0.88% and 0.77%, respectively
(Table 1). The SOC range for the calibration set (0.05-5.14%) was larger
than that for the validation set (0.07-3.93%). Levene’s test yielded a p
value of 0.73 at the 5% significance level, thus indicating no difference
in SOC distribution between calibration and validation sets, which can
be representative of the entire dataset (Fig. 4a). Except for the silt and
sandy clay soil textures, the 566 samples covered all other soil texture
types (Fig. 4b). Moreover, most of the samples were of the loam texture.

After FD processing, spectral absorption features of both vis—NIR and
MIR data were enhanced (Fig. 5a and b), which included in particular
the valleys at 520, 1450, 1950, and 2230 nm in the vis—NIR data and
peaks near 3710, 1720, and 1020 em™! in the MIR data. However,
absorbance features (e.g., at 520 nm) in the vis-NIR region, had rela-
tively broader peaks compared to the thinner peaks (e.g., at approxi-
mately 3710 cm™?) in the MIR range. Therefore, in practical situations,
using the same convolutional kernel size for both vis-NIR and MIR may
not be a successful solution, necessitating exploration of optimal con-
volutional kernel sizes suitable for both spectral data. Over the full-
spectrum domains, spectral correlations for vis-NIR and MIR varied
within —0.56-0.34 and —0.29-0.48, respectively (Fig. 5c and d).

3.2. Data fusion analysis

With OPA fusion using 201 vis-NIR wavebands and 335 MIR
wavebands, a total of 67,335 combined wavebands were generated
across the common spectral domain (Fig. 6a). The shape of the absor-
bance spectra after OPA fusion was overall consistent with the inverse of
the FD absorbance of MIR spectra shown in Fig. 5b, because the spectral
intensity of MIR was generally higher than that of vis-NIR. From the
matrix representation (Fig. 6b), in the vis-NIR spectral range, high
spectral coevolutions were located at approximately 400-800 nm, and
the fused absorbance was apparent along the MIR domain with large
coevolutions occurring at 3710, 3000, and 1230 cm ™. The correlation
between SOC and the fused data in the fused spectral range (Fig. 6¢) was
higher than those in both the vis—NIR and MIR individual spectral
ranges. Relatively large correlation values were located in the vis-NIR
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Table 1
Descriptive statistics for measured soil organic carbon (SOC).
Dataset Sample size Min (%) 1st quartile 3rd quartile Max (%) Mean (%) Median (%) Standard deviation (%) Coefficient variation (%)
Entire 566 0.05 0.33 1.21 5.14 0.88 0.60 0.77 87.76
Calibration 425 0.05 0.33 1.21 5.14 0.89 0.60 0.79 88.77
Validation 141 0.07 0.33 1.20 3.93 0.87 0.59 0.73 84.74
100
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Fig. 4. Raincloud plots of SOC for three different datasets (a) and soil texture triangles for the calibration and validation datasets (b).
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Fig. 6. Fused results by OPA: unfold absorbance (a) and folded absorbance matrix (b), and unfold spectral correlation (c) and folded correlation matrix (d).

range of 600-1000 nm and in the MIR domain of 4000-3400,
2400-1600, and 1000-800 cm ™! (Fig. 6d).

The output of the CARS algorithm applied to select the most infor-
mative variables for SOC after OPA fusion (Fig. 7) showed that with an
increase in the sampling run, the uninformative wavelengths were
eliminated in a gradual manner (Fig. 7a). By analyzing Fig. 7b, when the
number of sampling runs was equal to 31, the cross-validation RMSE
(RMSECV) reached the lowest value (i.e., the position marked by the
arrow). The selected variables were mainly codistributed within the
vis—-NIR range at 400-800 and 1900-2350 nm and the MIR range at
3800-2800 cm ™! (Fig. 7c).

The outputs of the SO-PLSR analysis are presented in Fig. 8. The
minimal cross-validation error was achieved when 15 LVs were used in

the fusion model (i.e., the black point in Fig. 8a), of which 10 LVs were
determined for the vis-NIR range and 5 LVs for the MIR range. The
regression vectors fluctuated between positive and negative values
(Fig. 8b and c), indicating that the relations between SOC and vis-NIR
and MIR spectra were not stable at each waveband.

3.3. SOC modeling

The optimal kernel sizes were well tuned in the convolutional layers
for the DC-CNN and PI-CNN models (Fig. 9). A kernel size with a con-
volutional width of 6 was identified as the best for DC-CNN, as it resulted
in the minimal RMSECV value. Similarly, with respect to the PI-CNN
model, the lowest RMSECV value was achieved with kernel sizes of 8

4
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Fig. 7. Fused results by OPA-CARS: the number of sampled variables in response to each sampling run (a), change of RMSECV values in every sampling run (b), and

CARS selected variables (c).
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and 4 for vis-NIR and MIR, respectively.

After optimizing the internal parameters in different CNNs, a total of
ten models were developed for SOC prediction before and after data
fusion (Table 2). For a single sensor, the calibration and validation re-
sults of vis—-NIR (RPIQ = 2.00-2.32) were better than those of MIR
(RPIQ = 1.63-1.87) for both PLSR and CNN models. In addition, the
prediction accuracy of the CNN model (RPIQ = 1.87-2.32) was superior
to that of the PLSR model (RPIQ = 1.63-2.00) for both vis—-NIR and MIR
spectral data.

Among the data fusion models (Table 2), the validation accuracy of
DC-PLSR (validation R? = 0.64) was improved compared with that of
two PLSR models built based on only vis-NIR or MIR. However, the
calibration accuracy of the DC-PLSR model (calibration R? = 0.59) was
lower than that of the vis—-NIR-based PLSR model (calibration R? =
0.61). The OPA-PLSR model achieved a calibration R? of 0.67 and a
validation R? of 0.66 for SOC estimation, which was better than the

modeling accuracies from two single-sensor PLSR models (i.e., vis-NIR-
PLSR and MIR-PLSR). Compared with OPA-PLSR, the calibration and
validation R? values of the OPA-CARS-PLSR model were improved by
0.16 and 0.03, respectively. However, the accuracy gap between cali-
bration and validation in OPA-CARS-PLSR was higher than that in OPA-
PLSR, which reflects the instability in prediction of the former model. In
both calibration and validation, the SO-PLSR model performed better
than or comparable to the four single-sensor models (Table 2). The two
deep-learning models (i.e., DC-CNN and PI-CNN) were generally supe-
rior to the remaining eight models. The best modeling result was ob-
tained with the PI-CNN model, providing the smallest validation RMSE
value (0.29%) and the largest validation R? (0.84) and RPIQ (3.03)
values. The scatterplots of the measured versus spectrally predicted SOC
values in the validation dataset (Figs. 10 and 11) confirm this finding, as
the points from the PI-CNN model were more closely scattered around
the 1:1 line than those from the other nine models. Despite this, the
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Table 2
Model performances reported for SOC under different modeling strategies (before and after data fusion).
Spectral data® Modeling algorithm Calibration Validation
R® RMSE (%)° R%® RMSE (%)° RPIQ
Individual input vis-NIR PLSR 0.61 0.49 0.63 0.44 2.00
CNN 0.74 0.41 0.73 0.38 2.32
MIR PLSR 0.49 0.56 0.45 0.54 1.63
CNN 0.62 0.49 0.59 0.47 1.87
Data fusion DC PLSR 0.59 0.52 0.64 0.46 1.91
OPA PLSR 0.67 0.46 0.66 0.44 2.00
OPA-CARS PLSR 0.83 0.33 0.69 0.41 2.15
SO PLSR 0.74 0.40 0.73 0.38 2.32
DC CNN 0.81 0.34 0.78 0.35 2.51
PI CNN 0.85 0.30 0.84 0.29 3.03

# Vis-NIR: visible-to-near-infrared; MIR: mid-infrared; DC: direct concatenation; OPA: outer product analysis; OPA-CARS: OPA-competitive adaptive reweighted
sampling; SO: sequential orthogonalized; PI: parallel input; PLSR: partial least squares regression; CNN: convolutional neural network.

b Determination coefficient.
¢ Root mean squared error.
d Ratio of performance to interquartile range.
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Fig. 10. Measured versus estimated SOC values for validation set with individual vis—NIR or MIR used as modeling input (before data fusion).

predicted performance of the PI-CNN model was slightly weaker at
lower and higher SOC concentrations.

3.4. Interpretations of important predictors

The variable importance plots are shown in Fig. 12 for the vis-NIR-
PLSR and MIR-PLSR models before data fusion and for the DC-CNN and
PI-CNN models after data fusion. Overall, the PLSR models tended to
select more parts of the important variables compared to the CNN
models, which seemed to identify some of the most informative and
important predictors with the sharpest values. For the vis—NIR-PLSR
model (Fig. 12a), important spectral bands with VIP values larger than 1
were mainly located within 400-820, 1800-1880, 2090-2150, and
2380-2400 nm. For the MIR-PLSR model (Fig. 12b), wavebands with
VIPs larger than 1 were observed in the ranges of 3670-3600,

3080-3010, 2150-2050, 1890-1550, and 1380-980 em L Comparing
the SHAP values derived from both DC-CNN and PI-CNN models
demonstrated that the important wavebands from the latter were almost
higher than those from the former across both vis-NIR and MIR regions
(Fig. 12¢). The most prominent SHAP peaks occurred in the spectral
ranges of 800-900 nm, 1920-1950 nm, 2200-2280 nm, 2250-2130
em™!, and 1800-1730 cm™!, with some smaller peaks observed at
approximately 740 nm, 1610 nm, 2180 nm, 1630 cm ™}, and 950 cm ™%

4. Discussion

As shown in Fig. 5, MIR provided stronger and more intense ab-
sorption bands than vis-NIR, mainly because fundamental molecular
vibrations occur in the MIR region (Mendes et al., 2022a; Nocita et al.,
2015). The substantial difference between vis—-NIR and MIR is
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dominantly sourced from the interactive mode between soil and elec-
tromagnetic energy (Mendes et al., 2022b; Nocita et al., 2015; Stenberg
etal., 2010). The vibrational absorptions in the MIR region are generally
stronger and more defined; in contrast, the absorptions in the vis-NIR
range are weaker, more overlapping, and less distinguishable (Clairotte
et al., 2016; Nocita et al., 2015; Soriano-Disla et al., 2014). However, for
the modeling results of the individual sensors (Table 2), vis—NIR (vali-
dation R? = 0.63-0.73) outperformed the MIR model (validation R? =
0.45-0.59), irrespective of the PLSR or CNN algorithms used. This trend

10

is supported by the stronger spectral correlation of the vis—NIR data
compared to that of the MIR data across the full-spectrum range (Fig. 5).
Our conclusions were not in line with the findings of some previous
studies (Hong et al., 2022; Hutengs et al., 2021; Vohland et al., 2014;
Vohland et al., 2022). This can be attributed to several factors affecting
the modeling accuracy, including different measurement conditions
during vis-NIR and MIR scanning (e.g., light exposures and measure-
ment positions) and instrument noise (Gholizadeh et al., 2021b; Nocita
etal., 2015). These results demonstrate that a single spectral sensor may
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suffer from the instability of the modeling structure and the prediction
uncertainty in estimating SOC, which necessitates the use of data fusion
to achieve more accurate and stable SOC prediction.

The DC-PLSR, OPA-PLSR, OPA-CARS-PLSR, and SO-PLSR models
improved the validation accuracies for SOC prediction relative to the
vis—NIR-PLSR and MIR-PLSR models (Table 2). With OPA fusion, spec-
tral data from different sensors were mutually processed to the same
domain, where spectral coevolutions between absorbance intensities
were obtained, which is a straightforward and very effective approach
(Terra et al., 2019; Vesela et al., 2007). In comparison with simple
concatenation of spectral data from different sensors, OPA enhances the
possibility of capturing spectral coevolutions more relevant to SOC. This
point is exemplified by the improved spectral correlation (e.g., with the
maximal absolute value of 0.68) after OPA fusion of vis—NIR and MIR in
Fig. 6¢ and d compared to the spectral correlations reported for indi-
vidual sensors in Fig. 5¢c and d. However, the number of wavebands after
OPA fusion was close to 70,000 (Fig. 6), which will increase the running
time. Moreover, the fused data constrained by relatively narrow wave-
bands contained noisy and redundant information, possibly causing a
reduction in spectral responses. Therefore, extracting the most infor-
mative spectral predictors rather than using full-spectrum data is crucial
in developing accurate prediction models after OPA fusion (Ng et al.,
2019a). In Table 2, the calibration and validation R? values of the OPA-
CARS-PLSR model were improved by 0.16 and 0.03, respectively, rela-
tive to OPA-PLSR. Hong et al. (2020a) and Vohland et al. (2014)
demonstrated a positive effect of the CARS algorithm on choosing the
optimal subset of predictors for high-resolution spectral data in esti-
mating soil properties. However, the difference in the modeling accu-
racy between the calibration and validation datasets from the OPA-
CARS-PLSR (i.e., R? gap = 0.14) was larger than that from the OPA-
PLSR (i.e., R? gap = 0.01) (Table 2). This is primarily because the
modeling structure of OPA-CARS-PLSR is less stable (with fewer input
variables) than that of OPA-PLSR.

The SO-PLSR retains the original natures of PLSR. That is, it can
effectively handle the problem of ill-conditioned matrices among inde-
pendent variables and can also capture the complementary LV infor-
mation from each sensor (Biancolillo and Nzas, 2019). In addition, the
SO-PLSR model is independent of different variances originating from
each sensor because the vis—NIR and MIR data involved in PLSR are
mutually orthogonal (Biancolillo et al., 2015; Mishra et al., 2021a).
Another benefit of using SO-PLSR is that the number of LVs in each
sensor is optimized individually (Biancolillo and Nees, 2019). The results
in Fig. 8 show that 10 and 5 LVs (a total of 15 LVs) for vis-NIR and MIR,
respectively, were optimal for the SO-PLSR model, meaning that vis—NIR
contributes more spectral information than MIR in estimating SOC. This
conclusion is in line with our finding that the individual vis—-NIR model
outperformed the MIR model in Table 2.

Overall, both the DC-CNN and PI-CNN models outperformed the DC-
PLSR, OPA-PLSR, OPA-CARS-PLSR, and SO-PLSR models in predicting
SOC (Table 2). Compared with the linear features of the PLSR model, the
CNN models can capture the nonlinearity (Cui and Fearn, 2018; Ng
et al., 2019b), thus performing better, as SOC was reported to have
nonlinear spectral features (Tekin et al., 2012). The nonlinearity may be
sourced from both scattering and absorption features in the soil spectra
(Nocita et al., 2015). The main difference between DC-CNN and PI-CNN
was that the former adopted the same kernel size for both vis-NIR and
MIR, while the latter used two different convolutional kernel sizes. From
Fig. 5, it can be observed that the spectral absorption peaks of MIR were
narrower than those of vis—NIR; hence, different kernel sizes for both
vis-NIR and MIR are justified for use. Using multiple kernels in the
convolutional layers also fails to ensure that each convolutional kernel is
effectively optimized to the specific wavebands of all sensors. For the PI-
CNN model, the optimal kernel sizes were 8 and 4 for vis-NIR and MIR,
respectively, while for the DC-CNN model, its optimal kernel width was
6 (Fig. 9). The development of PI-CNN can guarantee that the kernel size
of each convolutional layer is specifically optimized to vis—NIR or MIR.
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The effects of the same and different kernel sizes in the convolutional
layers of the CNN models on variable importance are shown in Fig. 12.
Compared with the DC-CNN model, the PI-CNN model received higher
importance values at the peaks at approximately 740, 1610, and 2250
nm in the vis-NIR region and at 2200 and 1700 cm ™ in the MIR region
and thus more easily detected the local detailed features of the narrow
peaks. Such enhanced features captured by PI convolutions may explain
why the calibration and validation accuracies of the PI-CNN model were
better than those of the DC-CNN model, as indicated in Table 2 and
Fig. 11. The important spectral variables jointly determined by VIP and
SHAP metrics indicated that their shared intervals in the vis-NIR region
were mainly distributed within 400-900, 1800-1950, and 2100-2300
nm. These spectral ranges were associated with the presence of goethite,
ferrihydrite, hematite, organic matter, N-H, C-H, carbonates, humic
acid, C = O, AL-OH, kaolin, and O-H (Knadel et al., 2013; Viscarra
Rossel and Behrens, 2010). In the MIR domain, they were mainly located
within 3670-3600, 3080-3010, 2150-2050, 1890-1550, and 1380-980
cm’l, which resulted from clay minerals, O-H, aliphatic C-H stretching,
quartz, carbohydrate, silicates, C = O, aromatic and aliphatic com-
pounds, and C-O-C (Matamala et al., 2019; Nocita et al., 2015; Vohland
et al., 2014).

5. Conclusions

We presented a new data fusion strategy called PI-CNN to fuse
vis-NIR and MIR data for predicting SOC. Among all the models tested
for SOC prediction, the best validation accuracy was achieved by the PI-
CNN, followed by the DC-CNN. One important shortcoming of the DC-
CNN model is that it enforces the same kernel size for both vis-NIR
and MIR spectra in the convolutional layers, which is not a suitable
solution, as the absorption peaks of each spectral region are of different
sizes, necessitating different kernel sizes to be adopted. The main
advantage of the PI-CNN algorithm is the ability to perform specific
convolutions separately to extract the relevant features of vis—NIR and
MIR, thereby improving the modeling performance. Due to the flexi-
bility of the CNN internal structure, future works can extend the PI-CNN
approach to test data combinations using other instruments (e.g., laser-
induced breakdown spectroscopy and X-ray fluorescence) to achieve
spectral fusion for specific soil properties.
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