Journal of Integrative Agriculture 2026, 25(4): 1687—1699

Available online at ScienceDirect

KeAi

S Journal of Integrative Agriculture

GLOBAL IMPACT

RESEARCH ARTICLE

Improved selected soil properties predictions using MIR and pXRF
sensor fusion

Junwei Wang"?, Qi Zou"?, Huimin Yuan"#

" College of Resources and Environmental Sciences/National Academy of Agriculture Green Development/Key Laboratory of Plant-Soil Interactions,
Ministry of Education/China Agricultural University, Beijing 100193, China
2 National Observation and Research Station of Agriculture Green Development, Quzhou 057250, China

Highlights

¢ The accurate prediction of soil available nutrients and micronutrients could be achieved by the fusion of MIR and pXRF.

¢ LASSO-selected feature bands improved fusion performance over direct concatenation.

* GRA improved the prediction accuracy of most soil properties compared with the best single sensor models.

¢ The prediction accuracy of SO-PLS fusion might be influenced by the sequence in which data from different sensors are
defined.

Abstract

The timely and accurate assessment of soil nutrient information is essential for ensuring global food security and
sustainable agricultural development. This study evaluated the individual and fusion performance of mid-infrared (MIR)
and portable X-ray fluorescence (pXRF) spectroscopy for predicting selected soil properties. Four sensor fusion strategies
were implemented: direct concatenation (DC), feature-level fusion using stability competitive adaptive reweighted sampling
(sCARS) and least absolute shrinkage and selection operator (LASSO) algorithms (sCARS-C and LASSO-C), multi-
block fusion via sequential orthogonal partial least squares (SO-PLS), and Granger-Ramanathan model averaging (GRA)
method to enhance prediction accuracy for 13 soil properties. The findings revealed that single sensor models using either
MIR or pXRF provided accurate estimations for soil organic matter (SOM), total nitrogen (TN), available phosphorus (AP),
calcium (Ca), iron (Fe), manganese (Mn), and pH, but showed limitations for total potassium (TK), magnesium (Mg), copper
(Cu), zinc (Zn), available potassium (AK), and total phosphorus (TP). The DC model significantly improved predictions
for Mg (Rp?=0.76, RMSEp=358.76 mg kg~', RPDp=2.03) and TK (Rp*=0.75, RMSEp=775.96 mg kg™, RPDp=2.00). The
LASSO-C model demonstrated superior prediction accuracy compared to the DC model for AP, AK, TP, Zn, Mn, and Cu,
achieving optimal results for AP (Rp?=0.89, RMSEp=21.37 mg kg™, RPDp=3.01) and Zn (Rp®=0.80, RMSEp=9.88 mg kg,
RPDp=2.32). This enhancement is attributed to LASSQO's effective selection of feature information from the complete MIR
and pXRF spectra. The GRA models achieved the highest prediction accuracy for TP, pH, AK, and Cu, with Rp” values
of 0.80, 0.82, 0.82, and 0.65, RMSEp values of 129.21 mg kg'1, 0.13, 48.38 mg kg'1, and 3.87 mg kg'1, and RPDp values
of 2.23, 2.34, 2.37, and 1.67, respectively. For single-sensor applications, MIR spectra are recommended for predicting
SOM, TN, and Ca (Rp220.88, RPDp=2.87), while pXRF is more cost-effective for measuring Ca, Fe, and Mn (Rp220.80,
RPDp=2.22). This research demonstrates the effectiveness of MIR and pXRF sensor fusion in enhancing soil nutrient
assessment accuracy, particularly for available nutrients and micronutrients.
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1. Introduction and micronutrients information (Mukherjee 2022). There
Timely access to soil information is essential for soil nutrient ~ is an increasing demand for affordable access to high-
management, particularly regarding soil available nutrients quality soil nutrient data with adequate spatial and temporal
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resolutions to enhance agricultural productivity and address
environmental challenges (Lobsey et al. 2017). Proximal
sensors enable rapid and cost-efficient estimation of soil
nutrients (Andrade et al. 2019; Xu et al. 2019; Shi et al.
2022). Specifically, mid-infrared (MIR) diffuse reflectance and
portable X-ray fluorescence (pXRF) spectroscopy represent
promising tools for proximal soil sensing applications,
as both techniques facilitate soil analysis with minimal
sample preparation and provide insights into various soil
compositions (Barra et al. 2021; Tavares et al. 2023).

MIR and pXRF spectroscopy have been extensively
applied in estimating soil properties, including soil organic
matter (SOM), total nitrogen (TN), clay minerals, iron oxides,
and soil elemental composition (Soriano-Disla et al. 2014;
Andrade et al. 2019; Barra et al. 2021; Tavares et al. 2023).
Furthermore, pXRF provides characteristic elemental
information (e.g., Mg, P, K, and Ca) for the measured
soil. Most previous studies have employed these optical
techniques independently to predict soil properties. Although
single sensor techniques have demonstrated potential in
assessing certain soil properties, a single sensor is unlikely
to fully characterize soil properties with sufficient accuracy
(Tavares et al. 2021). For instance, soil available nutrients,
cation exchange capacity (CEC), and pH lack distinct
absorption bands in the MIR spectral region and can only
be indirectly predicted through models based on spectrally
active components (e.g., SOM, carbonates, and clay), often
yielding poor results (McBride 2021; Karami et al. 2024).
Regarding the prediction of soil micronutrients from MIR
spectra, despite their well-defined spectral peaks, identifying
them in bulk soil spectra remains challenging due to their low
intensities compared to other soil constituents (Karami et al.
2024). Conversely, pXRF devices cannot directly quantify
light elements such as carbon, hydrogen, and oxygen, thus
cannot directly measure SOM or TN. Additionally, matrix
effects, resulting from complex sample compositions or co-
presence of other elements, can compromise the accuracy
of low atomic number element quantification by affecting
X-ray absorption and scattering (Antonangelo and Zhang
2024). Consequently, the limited information from a single
spectrum restricts the predictive accuracy of soil properties.
Integrating complementary information from multiple sensors
has emerged as a viable solution to enhance soil property
estimation reliability.

Various sensor fusion strategies have been developed
and proven effective in improving soil properties estimation
accuracy (Xu et al. 2019, 2020; Gholizadeh et al. 2021;
Javadi et al. 2021; Shrestha et al. 2022). The direct
concatenation fusion method achieves the complementarity
of different spectral data types and moderately improves
soil property prediction performance in several studies (Xu
et al. 2019; Li et al. 2024). However, direct concatenation
of spectral data from different sensors typically results in
data redundancy and high computational costs, as each
sensor generates thousands of spectral variables. Therefore,
variable selection is performed to extract feature bands from
each sensor before sensor fusion, thereby reducing data
redundancy and improving fusion model accuracy. The least
absolute shrinkage and selection operator (LASSO) algorithm

employs linear regression with a normal function constraining
regression coefficient absolute values within a threshold, then
compresses and eliminates variables with correlations below
the threshold by optimizing the objective function (Wu et al.
2022). The feature bands extracted by LASSO have proven
effective in predicting soil nutrients when fusing visible-
near infrared (Vis-NIR) and MIR sensors (Li et al. 2024).
Moreover, stability competitive adaptive reweighted sampling
(sCARS) algorithm has demonstrated efficiency in variable
selection (Li et al. 2022). Limited research has focused on
applying spectral variable selection techniques in sensor
fusion for soil property estimation. Furthermore, sCARS and
LASSO have not yet been applied to the feature-level fusion
of soil MIR and pXRF.

The multi-block fusion strategy, which combines data
blocks from multiple sensors into a single model, has been
employed to enhance the prediction performance of soil
properties (Kandpal et al. 2022). The multi-block fusion
based on sequential orthogonal partial least squares
(SO-PLS) method has demonstrated effectiveness in
soil analysis by sequentially identifying complementary
information across different spectral data blocks and fully
utilizing valid information from multiple sensor (Song et al.
2024). Model averaging represents another promising
approach for improving soil spectroscopic prediction
models. The Granger-Ramanathan model averaging (GRA)
algorithm is preferred due to its operational simplicity and
efficiency (Xu et al. 2020; Zhang et al. 2024). However,
model averaging has limitations, as the random distribution
of prediction errors from single sensor models constrains
the useful information obtained, resulting in modest
improvements compared to the best single sensor model
(Xue et al. 2023). While research demonstrates that
various sensor fusion strategies can enhance soil property
predictions, no universal sensor fusion method exists for all
datasets (Hong et al. 2022). Thus, investigating different
sensor fusion methods remains essential for improving MIR
and pXRF estimation of multiple soil properties.

Against this background, we hypothesized that the
combined data from MIR and pXRF would provide
complementary characterization of soil properties. The
specific objectives of this study were to: (1) verify whether
MIR or pXRF data could be used for the rapid and reliable
estimation of 13 soil properties (namely, SOM, TN, available
phosphorus (AP), available potassium (AK), pH, total
phosphorus (TP), total potassium (TK), Ca, Mg, Fe, Mn, Cu,
and Zn), with particular focus on soil available nutrients and
micronutrients, and (2) explore four sensor fusion strategies
to improve the prediction accuracy of soil properties and
determine the most suitable approach for each target
property.

2. Materials and methods

2.1. Study area, soil sampling and laboratory analyses
The study area encompassed eight counties in Hebei
Province, China (Fig. 1). The region experiences a
temperate continental monsoon climate, with January
average temperatures below 3°C, July average temperatures



Junwei Wang et al. / Journal of Integrative Agriculture 2026, 25(4): 1687—1699

40°N

30°N

20°N

10°N

90°E 100°E 110°E 120°E

50°N

40°N

10°N

1689
114°E 116°E 118°E 120°E
,g T g T g
/E z
&
/
/ ~ =
z z
o
g g
z z
& 2
°Z z
© ©
1) I55)
=2 [ W A WY S - L Z
S 3
z £
P " 2
012525 50
km

115°E 116°E

HEE : GS 2 (2025) 2497 &

Fig. 1 Geographical location of the study area and distribution of soil sampling points.

between 18°C and 27°C, and mean annual precipitation
of 484.5 mm. Fluvo-aquic soil predominates in the region.
Major crops in the region include fruits, cereals, cotton,
vegetables, and nuts. A total of 300 surface soil samples
(0—-30 cm) were collected from the study area. Sampling
point coordinates were recorded using a handheld GPS
device. After sampling, soil samples were placed in labeled
plastic bags and transported to the laboratory for chemical
and spectral analyses. The soil samples were air-dried at
room temperature, ground, and sieved through a 2 mm mesh
to remove plant roots and debris before analysis. Standard
laboratory methods according to Bao (1981) were employed
to determine soil SOM, TN, pH, AP, and AK contents. SOM
content was measured using the potassium dichromate
oxidation colorimetric method. The semi-micro automated
Kjeldahl method was used to determine soil TN content. Soll
pH was measured in a 1:1 soil-to-water suspension. The
NaHCO, method was used for soil AP content determination.
Soil AK content was analyzed using the NH,OAc extraction
method. The total concentrations of eight soil elements (TP,
TK, Ca, Mg, Fe, Mn, Cu, and Zn) were then measured using

a liquid chromatography inductively coupled plasma mass
spectrometer (ICP-MS) (Agilent Technologies, USA).

2.2. MIR and pXRF spectra measurement

For MIR analysis, soil samples were further ground, sieved
through a 0.15 mm sieve, and oven-dried at 105°C for 2 h
(Wang et al. 2022). The samples were stored in a desiccator
(Nalgene, Thermo Fisher Scientific, Waltham, MA, USA)
until analysis. MIR spectra were collected using a diffuse
reflectance infrared Fourier transform (DRIFT) Tensor-
spectrometer equipped with a high throughput screening
(HTS-XT) extension unit and a liquid N, cooled mercury
cadmium telluride (MCT) detector (Bruker Optics, Karlsruhe,
Germany). The spectral range extended from 4,000 to
600 cm™' with a resolution of 4 cm™, yielding 2,380
data points. Samples were placed in special aluminum
microplates containing 24 wells, with surfaces smoothed to
minimize scattering effects. Each sample was analyzed in
duplicate wells, scanned 32 times per well, and the spectra
were averaged (Li et al. 2022; Wang et al. 2022).

Soil pXRF spectra were obtained using a Tracer 5i (Bruker
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Optics, Karlsruhe, Germany). This portable instrument is
equipped with a 4 W Rh X-ray tube and a Peltier-cooled
silicon drift detector containing 2,048 channels. The
instrumental conditions employed were: X-ray tube voltage
and current set at 35 keV and 30 pA, respectively, and a
scanning time of 120 s under atmospheric pressure without
filters (Zou et al. 2025). A cellulose pellet served as a blank
sample to verify contaminant-free operation of the equipment
and was scanned every 30 samples. Samples of 10-15 g
were placed in polyethylene cups (31 mm in diameter and
23 mm in height), which were covered at the top with a
4 ym X-ray-transparent polypropylene film. Each sample was
scanned in triplicate, with the cup repositioning after each
scan. The average values were calculated and analyzed.

2.3. Modeling workflow for sensor fusion

The MIR and pXRF spectra exhibit inconsistent energy levels
when measured by different sensors. Direct fusion of these
spectra may result in data with small spectral magnitude being
treated as noise, leading to failed spectral information fusion
(Li et al. 2024). Therefore, standard normal variate (SNV)
preprocessing was applied to both MIR and pXRF spectra
to eliminate dimensional effects. Following the modeling
approach of previous researchers (Karami et al. 2024; Shi
et al. 2024), the dataset was randomly divided into calibration
(70%) and validation (30%) subsets. A ten-times repeated
random splitting strategy was implemented to enhance
model robustness and minimize random partitioning effects.
Single sensor models and sensor fusion models were then
established to predict thirteen soil properties. The models
were developed using the calibration set and evaluated using
the validation set. Model accuracy comparisons were based
on mean performance across ten repeated random splits.
The process flowchart appears in Fig. 2.

2.4. Single sensor models

For single sensor models, partial least squares regression
(PLSR) algorithm was conducted on both MIR and pXRF data
to establish predictive models for the soil properties, designated
as MIR-PLSR and pXRF-PLSR, respectively. PLSR, one
of the multiple linear calibration algorithms, is widely utilized
for spectral calibration and prediction (Soriano-Disla et al.
2014). Similar to principal component analysis, PLSR reduces
predictor variables to multiple synthetic variables, termed “latent
variables (LVs)”, while accounting for the response variable.
A linear model is subsequently fitted between the latent
and response variables. A detailed description of the PLSR
procedure is available in Wold et al. (2001). Ten-fold cross
validation was employed to determine the minimum root mean
square error of cross-validation (RMSEcv) and identify the
optimal number of LVs for the PLSR model.

2.5. Sensor fusion strategies

Direct concatenation Following SNV preprocessing,
the complete spectral data from MIR and pXRF were
concatenated to create a new data matrix for PLSR model
input, generating the direct concatenation (DC) model. The
fused spectral dimension equaled the sum of the two single-

spectral dimensions, maintaining constant observations.
Multi-block fusion The sequential orthogonalized partial
least squares (SO-PLS) algorithm was utilized for multi-
block data fusion. SO-PLS, a multi-block PLS method,
effectively handles large sets of collinear variables (data
blocks) and remains unaffected by block variance, making it
particularly suitable for spectral data (Song et al. 2024). The
core process of SO-PLS relies on matrix orthogonalization,
enabling sequential extraction of complementary information
from different blocks or sensor data. For a detailed
description of the SO-PLS methodology, readers are referred
to Kandpal et al. (2022). The full MIR spectral dataset was
designated as the first block (X;) and the full pXRF spectral
dataset as the second block (X5).
Feature-level fusion Feature-level fusion extracted spectral
feature bands related to soil properties using sCARS or
LASSO from MIR and pXRF data as model inputs, rather
than utilizing entire spectra. The selected feature bands were
combined to form a new spectral matrix for predictive modeling,
distinguishing this approach from the DC fusion method.
sCARS is an established spectral feature variable selection
technique introduced by Zheng et al. (2012). Based on the
significance of each spectral variable (defined as the index
of stability — the absolute value of the regression coefficient
divided by its standard deviation), sCARS selects M variable
subsets from M Monte Carlo sampling runs through an iterative
and competitive process. During each run, sCARS employs
an exponentially decreasing function and adaptive reweighted
sampling to identify the optimal subset while minimizing the
RMSEcv (Wang et al. 2022). This study utilized the following
parameters: Monte Carlo sampling times (M)=500, Monte
Carlo sampling ratio (r)=0.7, and number of calculation loops
(N)=100. LASSO functions as a variable selection method
based on a linear regression model. This technique filters full-
spectrum data for features, reduces spectral dimensionality,
and enhances model prediction accuracy while effectively
preventing overfitting (Li et al. 2024). The implementation of
LASSO utilized the “gimnet” package in R, employing ten-fold
cross validation to determine the optimal penalty parameter
lambda corresponding to the minimum mean square error
(MSE) value.
Granger-Ramanathan model averaging The GRA method
was implemented to combine prediction results from MIR
and pXRF single sensor models. This algorithm employs
ordinary least squares to integrate different prediction
outcomes (Granger and Ramanathan 1984). The method fits
a multiple linear regression model where measured values
are regressed against the corresponding predictions derived
from the single sensor models, as expressed in eq. (1):
Y=Wot(Coxre* Xoxre) HCrir* Xuir) (1)
where Y represents the vector with the soil property of
interest (measured element contents), X,z and Xyr denote
the independent variables (prediction outcomes of pXRF and
MIR), W, represents the intercept, and C,yxr and Cy indicate
the coefficients of pXRF and MIR outcomes, respectively.

2.6. Model performance evaluation
The prediction performance assessment utilized the
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determination coefficient (R?) (eq. 2), the root mean square
error of prediction (RMSE) (eq. 3), and the residual prediction
deviation (RPD) (eq. 4). These evaluation parameters are
defined by the following equations:

. Z=1 X~y
R=1- m (2)
RMSE-= /;—Z,L (x~yy 3)
_SD
RPD——RNISEp (4)

where x; and y; are the observed and predicted value at point
i, X is the mean of the observed values, n is the number of

samples, and SD is the standard deviation of the measured
values (Wang et al. 2022).

R? quantifies the extent to which the dependent variable
is explained. RMSE measures prediction accuracy using
the same units as the data. RPD, calculated as the ratio of
measured values’ standard deviation to RMSE, determines
the quality of derived models (Briedis et al. 2020). Models
achieving R? and RPD values exceeding 0.75 or 2.0,
respectively, demonstrate high accuracy with good predictive
capability. Models with R? values between 0.65 and 0.75
and RPD values between 1.4 and 2.0 exhibit satisfactory
accuracy with moderate predictive performance. Models
with R* and RPD values below these thresholds indicate poor
performance without any predictive ability (Chang et al. 2001;

Data collection
Spectra data Soil properties
[ } :
SOM, TN, AP, AK, pH, TP, TK,
MIR pXRF Ca, Mg, Fe, Mn, Cu, Zn
Single sensor models
] MIR-PLSR model
MIR Spectra processing
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Fig. 2 Schematic diagram of four sensor fusion and modelling approaches using mid-infrared (MIR) and portable X-ray fluorescence
(pPXRF) spectra. SOM, soil organic matter; TN, total nitrogen; AP, available phosphorus; AK, available potassium; TP, total phosphorus;
TK, total potassium; PLSR, partial least squares regression; SNV, standard normal variate; DC, direct concatenation; SO-PLS, sequential
orthogonal partial least squares; GRA, Granger-Ramanathan model averaging; sCARS, stability competitive adaptive reweighted sampling;

LASSO, least absolute shrinkage and selection operator algorithms.
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Terhoeven-Urselmans et al. 2010; Johnson et al. 2019).

2.7. Data processing and statistics

The spectral preprocessing, sample set partitioning, sCARS
variable selection, PLSR, and SO-PLS analyses were
performed using Matlab version 2023a (The MathWorks,
Natick, MA, USA) on the Windows 11 operating system. The
SNV and PLSR implementations utilized code developed by
Li et al. (2018), available at http://www.libpls.net/. Sample set
partitioning was executed using the “randsel.m” function from
the I0S package (available at https://github.com/zmzhang/
I0S). GRA code was obtained from https://github.com/Ipoz/
GRA. SO-PLS code was obtained from https://www.chem.
uniroma1.it’romechemometrics/research/algorithms/so-pls/.

3. Results
3.1. Soil properties and interpretation of spectral fea-
tures

The descriptive statistics of the selected soil properties
(SOM, TN, AP, AK, pH, TP, TK, Ca, Mg, Fe, Mn, Cu, and Zn)

concentrations for the study area demonstrate data variability
(Table 1). The variations in soil properties were categorized
into three groups based on their coefficients of variation
(CV) values: AP and AK (>50%), TN, SOM, Ca, Mg, Cu, Zn,
and TP (20-50%), and Mn, Fe, TK, and pH (<20%). Low
variability in soil properties typically results in unsuccessful
regressions. The skewness of soil properties ranged from
moderately negative (skewness=-1.32) to highly positive
(skewness=4.59). SOM, Fe, and Mn exhibited flat-topped
distributions (kurtosis<0), while the remaining ten indicators
showed sharp-peaked distributions (kurtosis>0). Soil pH
varied from 6.40 to 8.51, with most samples showing pH
values above 7.50, indicating alkaline or strongly alkaline
conditions. The soluble salts in saline-alkali soils primarily
consist of calcium, magnesium, and potassium, typically
present in higher concentrations.

Fig. 3-A and B present the raw MIR and pXRF spectra
of soil samples. The MIR spectra of soil reveal mineral
and organic information. The MIR spectra covered the
wavenumber ranges from 4,000 to 600 cm™, with absorbance

Table 1 Descriptive statistics of the soil properties measured by chemical analysis

Soil properties”  Number Minimum Maximum Mean Median Stapdgrd Kurtosis Skewness Cogffipient of
deviation variation (%)
SOM (g kg™) 295 3.93 36.77 17.71 17.13 7.47 -0.57 0.35 42.18
TN (g kg™") 280 0.29 3.42 117 1.08 0.52 0.97 0.89 44.44
pH 283 6.40 8.51 7.90 7.94 0.29 3.76 -1.32 3.67
AP (mg kg™") 276 1.38 500.50 39.78 24.28 54.75 30.46 4.59 137.63
AK (mg kg™") 275 32.00 786.00 159.24 125.00 104.79 4.99 1.75 65.81
TP (mg kg™) 233 406.18 1,717.96 834.10 798.63 253.98 2.73 1.14 30.45
TK (mg kg™") 255 10,729.24  20,023.27 15,504.69 15,629.28 1,410.29 0.41 -0.14 9.10
Ca (mg kg™) 211 1,757.79  35,716.36 16,231.16 16,779.59 6,180.86 0.12 -0.26 38.08
Mg (mg kg™) 255 495.18 5,150.57 1,724.43 1,600.03 727.18 1.63 1.00 42.17
Fe (mg kg™) 217 19,301.76  36,353.93  27,196.03  27,077.73 3,516.54 -0.26 0.09 12.93
Mn (mg kg™) 209 421.22 751.48 554.05 546.29 72.74 -0.36 0.40 13.13
Zn (mg kg™) 258 31.53 207.03 73.14 70.59 19.96 10.77 2.27 27.29
Cu (mg kg™) 258 0.65 31.54 12.35 12.15 5.62 7.52 1.48 45.51

'SOM, soil organic matter; TN, total nitrogen; AP, available phosphorus; AK, available potassium; TP, total phosphorus; TK, total potassium.
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Fig. 3 Raw mid-infrared (MIR) (A) and portable X-ray fluorescence (pXRF) (B) spectra of soil samples.
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ranges from 0.24 to 1.94. The averaged MIR spectra display
several identifiable peaks (Fig. 3-A). The sharp absorption
peaks at about 3,696 and 3,620 cm™' were generated by
O-H stretching vibrations. These absorption peaks indicate
the presence of clay minerals (Ni et al. 2019). A broad band
spanning 3,500-3,000 cm™ corresponds to the stretching
vibration of O-H from water, alcohols, carboxylic acids,
phenols, and the stretching vibration of N-H from amides
(Peltre et al. 2014). The twin peaks at 2,920 and 2,850 cm™
are superimposed on the broad stretching vibration of O-H
band, typically attributed to the stretching vibration of C-H
of aliphatic methyl and methylene (Madhavan et al. 2016).
The peak near 1,629 cm™ results from vibrations of C=C,
C=0, and O-H bonds. Furthermore, characteristic peaks
corresponding to Si-O vibrations appear at 1,975, 1,870,
1,158, 811, and 698 cm™". Distinct characteristic absorption
peaks from carbonates occur in the bands at 2,516, 1,795,
and 1,450 cm™, due to the high carbonate content in this soil
type (Ni et al. 2019).

In pXRF analysis, the count rates represent the emitted
spectral intensity at each photon energy, forming the
foundation for quantitative analysis and the built-in algorithm
(Gholizadeh et al. 2021). The raw pXRF spectra (Fig. 3-B)
exhibited a prominent peak at 6.40 keV and a minor peak
around 7.05 keV for Fe. For Ca, two peaks were observed
at 3.69 and 4.01 keV. For K, a minor peak appeared at
3.31 keV. For Mn, a small peak was detected around
5.89 keV, along with minor peaks for Sc (0.38 keV), Al
(1.49 keV), Si (1.73 keV), Ar (2.96 keV), Ti (4.51, 4.92 keV)
and Ni (7.46 keV), which were beyond the scope of this
study. The emission lines of P and Mg were too weak to be
detected in this region, likely due to the soil matrix complexity
generating high background noise that obscured their peak
signals.

3.2. Predicting soil properties using single sensor
models

As shown in Table 2, MIR demonstrated good predictive
performance for Ca, SOM, TN, Fe, and pH (Rp?20.78,

Table 2 Prediction accuracy of different soil properties using
the PLSR model with MIR spectra

Callibration set Validation set

Soil properties”

Rc> RMSEc RPDc Rp? RMSEp RPDp
Ca(mgkg”') 087 209039 278 089 227594 2.99
SOM (gkg")  0.86 274 271 088 258 295
TN (g kg™) 0.88 018 292 0.88 018 287
Fe (mg kg™) 0.76 1,653.45 206 0.80 1,661.17 2.24
pH 0.87 010 278 0.78 0.14 213

AK (mgkg') 084 3917 257 075  57.38 198
Mn(mgkg') 078 3443 213 073 3690 1.94
AP (mgkg') 079 2260 227 070 3480 183

TP(mgkg’) 050 16891 141 053 194.86 146
TK(mgkg') 036 1,06722 125 043 116598 1.33
Mg (mgkg') 026 62239 116 035 58729 1.25

Zn (mg kg™) 0.34 15.09 124 027 19.32 117
Cu (mg kg™) 0.25 452 115 0.24 559 1.14
"'SOM, soil organic matter; TN, total nitrogen; AP, available

phosphorus; AK, available potassium; TP, total phosphorus; TK,
total potassium.

Table 3 Prediction accuracy of different soil properties using
the PLSR model with pXRF spectra

Calibration set Validation set

Soil properties"

Re2 RMSEc RPDc Rp? RMSEp RPDp
Ca(mgkg')  0.83 2409.04 241 088 238140 2.86
Fe(mgkg')  0.81 1484.86 230 0.84 1467.64 253

AP (mgkg’) 092 1420 360 0.81 27.98 229
Mn(mgkg")  0.84 2885 253 080 3230 222

TP(mgkg’) 086  87.38 281 075 14322 1.99
TN (g kg™) 0.88 018 296 074 026 196
Zn(mgkg')  0.78 868 218 0.74 1147 1.98
SOM (gkg™)  0.87 263 286 0.71 412 184
Mg (mgkg') 068 41124 175 070 397.87 1.83

AK(mgkg’) 072 5310 188 069 6310 1.80

pH 0.72 015 190 067 017 1.76
TK(mgkg") 054 908.83 148 061 97576 1.60
Cu(mgkg®)  0.60 322 173 060 406 158

'SOM, soil organic matter; TN, total nitrogen; AP, available
phosphorus; AK, available potassium; TP, total phosphorus; TK,
total potassium.

RPDp=2.13). For AK, Mn, and AP, the model generated
moderate predictions (0.70=Rp®<0.75, 1.83<RPDp=<1.98).
However, the prediction performance was poor for TK, Mg,
Zn, and Cu. Similarly, the pXRF-PLSR model provided good
predictions for Ca, Fe, AP, and Mn (Rp®20.80, RPDp=>2.22)
(Table 3) and yielded moderate predictions for TP, TN, Zn,
SOM, Mg, AK, and pH (0.67<Rp°<0.75, 1.76<RPDp=<1.99).
However, the prediction accuracy remained poor for TK and
Cu. Neither single sensor model of MIR or pXRF achieved
good or moderate predictions for TP, AK, Zn, Mg, TK, and Cu
(RPDp<2.00).

3.3. Predicting soil properties using sensor fusion
methods

Predictions using direct concatenation models Full
spectra of MIR and pXRF were concatenated into a single
dataset, upon which PLSR was implemented to develop
prediction models for various soil properties. Notably,
compared to the single sensor models, the DC models’
prediction accuracy for AK, TK, Mg, and Zn improved
significantly to good levels (0.75<Rp*<0.80, 2.00<RPDp=<2.26)
(Table 4). Additionally, DC models demonstrated good
predictions for Ca, SOM, TN, Fe, AP, AK, pH, Mg, Mn, Zn,
and TK (0.75<Rp?<0.89, 2.00sRPDp=<3.05).

Predictions using multi-block fusion models In SO-PLS,
the MIR full spectra constituted the first block, and the
pXRF full spectra formed the second block. The SO-PLS
model demonstrated well in predicting SOM, TN, AP, AK,
Ca, Fe, Mn, Zn, and pH (0.75<Rp°<0.89, 2.03<RPDp=<3.03).
Compared to the optimal predictions of single sensor models,
the SO-PLS model substantially enhanced the prediction
accuracy for AP, AK, TK, and Zn.

Predictions using feature-level fusion models Two
feature selection methods were utilized in feature-level
fusion, with results indicating LASSO-C superior to sCARS-C
(Appendix A). Consequently, LASSO-C, identified as the
optimal feature-level fusion method, was compared with other
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Table 4 Prediction accuracy of different soil properties using four sensor fusion strategies”

) ) DC SO-PLS LASSO-C GRA

Soil properties?

Rp> RMSEp RPDp Rp> RMSEp RPD Rp> RMSEp RPDp Rp> RMSEp RPD
Ca (mg kg™) 0.89 2,238.18 3.05 0.89 2,249.54 3.03 0.88 2,369.12 290 0.90 2,184.13 3.14
SOM (g kg™") 0.88 259 294 0.88 2,63 2.89 0.88 268 2.86 0.87 276 279
AP (mg kg™ 0.84 2533 253 0.88 2215  2.90 0.89 2137 3.01 0.86 2489 259
TN (g kg™") 0.87 0.18 2.84 0.87 019 274 0.86 0.19 2.70 0.88 0.18 2.87
Fe (mg kg™) 0.86 1,401.58 2.65 0.85 1,451.80 2.56 0.84 1,486.97 2.53 0.85 1,423.94 2.63
AK (mg kg™") 0.80 50.19 2.26 0.78 53.27 2.13 0.82 48.47 237 0.82 48.38 237
Mn (mg kg™") 0.75 35.37 2.03 0.79 3400 219 0.82 31.67 2.37 0.81 3122 232
pH 0.79 0.14 2.20 0.78 0.14 214 0.75 0.15 2.02 0.82 0.13 234
Zn (mg kg™) 0.75 11.18 2.03 0.75 11.18 2.03 0.80 9.88 2.32 0.78 10.65 2.14
TP (mg kg™") 0.67 161.81 1.77 0.73 143.98 1.98 0.80 128.47 2.24 0.80 129.21 2.23
Mg (mg kg™) 0.76 358.76  2.03 0.69 400.73 1.80 0.70 397.32 1.85 0.74 372.68 1.96
TK (mg kg™") 0.75 77596 2.00 0.72 818.83 1.90 0.73 810.04 1.93 0.73 829.01 1.89
Cu (mg kg™) 0.48 4.61 1.39 0.52 4.43 1.45 0.60 4.06 1.59 0.65 3.87 1.67

'DC, direct concatenation; SO-PLS, sequential orthogonalized partial least square; LASSO-C, fusion of spectral features selected by the least
absolute shrinkage and selection operator; GRA, Granger-Ramanathan model averaging.
2'3OM, soil organic matter; AP, available phosphorus; TN, total nitrogen; AK, available potassium; TP, total phosphorus; TK, total potassium.
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sensor fusion strategies. The full MIR spectral comprises
2,380 variables, and the full pXRF spectral contains 2,048
variables. Applying the LASSO algorithm as a variable
selection method significantly reduced the variable number
in MIR and pXRF spectra for soil property prediction. Fig. 4
illustrates the distribution of selected spectral features in
the optimal feature-level fusion model (LASSO-C), which
achieved the best performance across ten repeated random
sample splits. The spectral bands selected by LASSO for
SOM, TN, AP, AK, pH, TP, TK, Ca, Mg, Fe, Mn, Cu, and Zn
numbered 46, 41, 48, 66, 51, 56, 45, 47, 34, 26, 56, 38, and
56 in the MIR range, respectively, while in the pXRF range
they numbered 36, 44, 46, 12, 27, 51, 48, 19, 14, 11, 34, 75,
and 18, respectively.

The LASSO-C models demonstrated good predictions for
AP, Ca, SOM, TN, Fe, AK, Mn, Zn, TP, and pH (Rp®20.75,

RPDp=2.02). Additionally, the LASSO-C models further
improved the prediction accuracy of AP, AK, TP, Zn, Mn,
and Cu compared to DC models, with Rp® improvements
ranging from 0.02 to 0.15. Utilizing the “cor” function from
the stats package in R, Pearson correlation coefficients
(r) between soil properties (AP, AK, Zn, TP, Mn, Cu) and
soil spectra (MIR or pXRF) were calculated, with LASSO-
selected feature variables highlighted in Fig. 5 for detailed
analysis within the LASSO-C model. For AP, AK, TP, Zn,
and Cu, the r values for pXRF exceeded those of MIR, with
more negative correlations observed in the MIR region. For
Mn, the r ranges were comparable in both regions, spanning
—0.81 to 0.73. LASSO effectively identified the characteristic
emission lines of TP, Mn, and Zn in pXRF, specifically P-Ka at
2.02 keV (r=0.60), Mn-Ka at 5.89 keV (r=0.35) and Zn-Ka
at 8.63 keV (r=0.67). The significant MIR bands selected
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Fig. 5 Pearson correlation coefficients (r) between available
phosphorus (AP), available potassium (AK), total phosphorus
(TP), manganese (Mn), zinc (Zn), and copper (Cu) with soil
MIR and pXRF spectra. The marked points represent the feature
variables selected by the LASSO algorithm.

by LASSO from the MIR region, including 1,217-1,200 cm™
(r=0.70), 3,620 cm™ (r=0.58), and 740 cm™ (r=0.30),
contributed to Mn prediction. For AK, LASSO selected 94
variables from the MIR and pXRF spectral regions, with
50 variables showing r values above 0. Thus, the LASSO-
based feature fusion model (LASSO-C) efficiently identified
feature variables for AP, AK, TP, Mn, and Zn. For Cu, LASSO
failed to extract relevant emission lines from pXRF. Fe ions
in soil absorb Cu X-rays, thereby reducing its measured
concentration in soil (Martin Peinado et al. 2010).

Predictions using GRA models Compared to other fusion
strategies, GRA notably improved Cu prediction performance,
achieving a moderate level (Rp?=0.65, RMSEp=3.87 mg
kg'1, RPDp=1.67). Furthermore, except for SOM and TN
where comparable accuracy was achieved, the GRA models
outperformed the single sensor models in predicting the

remaining 11 soil properties. Overall, the GRA models
exhibited good predictive performance for the selected soil
properties, except for Mg, TK, and Cu (0.78<Rp?<0.90,
2.14<RPDp<3.14).

3.4. Best strategy for predicting soil properties

Fig. 6 displays the scatter plots of measured versus
predicted values for the optimal strategies of selected soil
properties, based on one of ten repeated random sample
splits. Generally, accurate predictions were achieved for all
soil properties except Cu, which reached a reasonable level.
However, the principle of parsimony warrants consideration
when selecting the optimal approach-specifically, model
predictors should be limited to those whose elimination
would significantly increase estimation error. Since a primary
objective of proximal sensor usage is to improve the time and
cost efficiency of collecting high-resolution soil information,
sensor fusion should be recommended over single sensor
use only when it provides significant model accuracy
improvement. Therefore, sensor fusion studies should report
the relative improvement in estimation accuracy compared
with the use of an optimal single spectrometer (Greenberg
et al. 2023). Consequently, MIR-PLSR model was
recommended for SOM, TN, and Ca prediction, while pXRF-
PLSR model was preferred for Fe and Mn. The LASSO-C
model was selected for AP and Zn, the DC model for Mg and
TK, and the GRA model for TP, pH, AK, and Cu.

4. Discussion
4.1. Prediction of soil properties from MIR and pXRF

In this study, MIR models demonstrated good prediction
performance for SOM, TN, Ca, Fe, and pH (Rp*z0.78,
RPDp=2.13). The MIR region of soil spectra exhibits clearly
distinguishable and well-defined absorption bands produced
by minerals and organic matter (Dangal et al. 2019). The
findings align with previous research indicating that MIR
outperforms pXRF for properties related to soil organic
composition (Xu et al. 2019; Greenberg et al. 2023). Xu
et al. (2019) demonstrated that the GA-PLSR model of MIR
predicted SOM and TN well (RPIQ>2.5), while the GA-PLSR
model of pXRF was less effective. Similarly, Greenberg et al.
(2023) reported superior validation performance of MIR for
SOC and TN content prediction compared to pXRF spectra in
a German arable field dataset. Furthermore, the MIR model
achieved good predictions for Ca and Fe with R? values of
0.89 and 0.80, and RPD values of 2.99 and 2.24, respectively.
These results correspond with Kandpal et al. (2022), who
reported high prediction accuracy for Ca using MIR (R?*=0.92,
RPD=3.66). Ji et al. (2016) achieved moderate accuracy
in estimating soil Fe using MIR. Additionally, MIR models
effectively predicted soil pH, primarily due to the covariation
between soil pH and spectrally active components such as
SOC and clay (Soriano-Disla et al. 2014).

Among the analyzed soil properties, pXRF models
provided satisfactory predictions for Ca, Fe, Mn, and AP
(Rp*20.80, RPDp=2.22). pXRF spectra enable comprehensive
characterization of soil elemental composition, thereby
complementing MIR. High prediction accuracy for Ca
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using pXRF has been widely reported (O’Rourke et al.
2016a; Andrade et al. 2019), largely due to Ca’s relatively
high fluorescence emission intensity. The current study
identified two Ca peaks at 3.69 and 4.01 keV. Greenberg
et al. (2023) corroborated these findings, noting a strong Ca
peak between 3 and 5 keV, with their pXRF model achieving
good prediction accuracy (R*=0.71, RMSEp=4,664.30 mg
kg™', RPD=1.81). The accurate quantification of Fe and Mn
resulted from their characteristic peaks in the pXRF spectra.
Fe exhibited a prominent peak at 6.40 keV and a minor
peak at approximately 7.05 keV, while Mn showed a small
peak near 5.89 keV. Gholizadeh et al. (2021) demonstrated
reliable Mn assessment using single pXRF data (R°=0.80
and RMSEp=488.00 mg kg™"). The successful P prediction
in this study was likely attributed to its correlation with other
elements. According to Tavares et al. (2023), while few
studies showed satisfactory AP prediction, most successful
cases occurred in tropical soils. These findings suggest that
combining MIR and pXRF sensors expands the range of
quantifiable soil properties.

4.2. Effectiveness of multi-block fusion strategy

Compared to single sensor models, multi-block fusion models
significantly enhanced the prediction accuracy of AP, AK, TP,
and TK, as demonstrated by Rp® values across ten repeated
random splits (Appendices B and C). In multi-block fusion,
SO-PLS identifies complementary information in different data
blocks and integrates the blocks from two sensors to create a
comprehensive dataset (Song et al. 2024). Specifically, SO-
PLS utilizes the valid information from different sensor data to
generate accurate estimation results. Currently, the SO-PLS
model has been widely applied in food chemical component
analysis (Biancolillo and Naes 2021) and has recently been
adopted for soil sensor fusion analysis. Greenberg et al.
(2023) demonstrated that SO-PLS or VIP-SO-PLS were
effectiveness for fusing MIR and XRF to quantify pH, SOC,
TN, P, K, Mg, Ca, and MC, with notable improvements in
pH, P, and Ca prediction. Additionally, when fusing Vis-NIR
and pXRF to predict soil TN, combining CARS with the SO-
PLS fusion method and geographically stratified modeling
strategies proved effective in improving soil TN estimation
accuracy (RMSEp=0.18 g kg™, LCCC=0.86, RPIQ=3.19)
(Song et al. 2024). While this study demonstrated the
significance of the SO-PLS algorithm, its improvement in soil
element analysis models was limited, showing decreased
prediction accuracy for SOM, TN, TP, Mn, Mg, and Cu. This
limitation may relate to first block selection. Further research
is needed to explore the potential of the SO-PLS algorithm in
soil property estimation using MIR and pXRF sensor fusion.

4.3. The importance of feature selection for sensor
fusion

The present study revealed that feature-level fusion models
achieved higher prediction accuracy for AP, AK, TP, Zn, Mn,
and Cu compared to DC models (Appendices B and C). This
finding confirms the significance of variable selection, in
which the DC model concatenated full spectral of MIR and
pXRF, while the feature-level fusion model extracted feature

bands from them before concatenation. The feature bands
selected by LASSO for AP, AK, TP, Zn, Mn, and Cu comprised
only 1.09-2.77% of the full MIR and 0.54-3.66% of the full
pXRF, respectively. The improved prediction performance
of feature-level fusion models stems from LASSO’s efficient
extraction of relevant property information from MIR and
pXRF spectra. Notably, the LASSO-C model achieved
optimal prediction accuracy among the four fusion strategies
for AP, AK, Zn, and Mn. These results align with previous
research demonstrating the effectiveness of variable selection
in improving sensor fusion estimation. LASSO effectively
filters features from full-spectrum data and enhances model
prediction accuracy through dimensionality reduction (Li et al.
2019; Ning et al. 2022). When applied to variable selection
from individual sensors, the LASSO algorithm substantially
reduced the Vis-NIR and MIR spectral variables used in
modeling six soil nutrients. Consequently, the LASSO-C
fusion method produced superior predictions for TN, TP,
AN, AP, and AK compared to single sensor models (Li et al.
2024). Variable selection techniques thus prove crucial for
effective feature-level sensor fusion, as different selection
principles distinctly influence accuracy enhancement and
model simplification.

4.4. The benefits of GRA strategy

For Ca, AK, TP, pH, and Cu, the GRA models demonstrated
the highest prediction accuracy among the four fusion
strategies (Appendices B and C). GRA, as a model
averaging algorithm, integrates multiple models into a
single prediction, ensuring no individual model dominates
the final predicted value, thereby reducing the probability of
anomalous predictions. Consequently, previous research has
shown that GRA provides reliable prediction results and has
been extensively utilized in multi-sensor fusion as an effective
approach (O’'Rourke et al. 2016b; Shrestha et al. 2022). For
example, Javadi et al. (2021) evaluated various data fusion
methods using pXRF and Vis-NIR spectra to predict key
soil fertility properties, including pH, OC, Mg, and Ca. Their
results indicated that the GRA model enhanced the prediction
performance across all soil properties. The GRA model
also improved the prediction accuracy of As, Cd, Cr, and Ni
compared to single sensor models (Vis-NIR or pXRF) (Xu
et al. 2020). Based on both relative improvements in RMSE
and RPIQ, model averaging using Vis-NIR and XRF proved
suitable for predicting soil pH, soil C, soil texture, CEC, ex-K,
ex-Ca, and total elements K, Mg, Co, Cr, and Mn (O’Rourke
et al. 2016b).

5. Conclusion

In the present study, single sensor models of MIR or pXRF
could not provide accurate estimation for soil micronutrients
(e.g., Mg, Cu, and Zn), TK, AK, and TP. Therefore, different
sensor fusion strategies were implemented to address this
limitation. The DC model proved optimal for predicting Mg
and TK, LASSO-C for AP and Zn, and GRA for pH, TP, AK,
and Cu. For SOM, TN, and Ca, MIR spectroscopy remained
the preferred method, while pXRF demonstrated superior
performance for Ca, Fe, and Mn. Additionally, the superior
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accuracy of feature-level fusion models for AP, AK, TP, Zn, Mn
and Cu compared to DC models validated the effectiveness
of feature band selection. This study established that the
fusion of MIR and pXRF represents a viable approach for
accurate estimation of soil micronutrients and available
nutrients. However, the dataset’s limited geographic diversity
and soil types may restrict the models’ generalizability to
other regions or soil conditions. Future research should
evaluate these fusion strategies under real-field scenarios.
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