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Abstract

Silica (Si) in plants has become a subject of increasing interest for various communities, e.g., those involved in global
change biogeochemistry, agronomy and biotechnology, and many techniques have been applied to quantitatively determine
the Si content of plants. However, there are few applicable techniques for the in-situ assessment of Si contents because
many methods are destructive and expensive. As a recent alternative, spectrophotometric analyses using hyperspectral data
are both non-destructive and comparatively cheap, and machine learning algorithms have been used to enhance hyper-
spectral remote sensing to evaluate biochemical properties. The objectives of this study were to examine the potential of
hyperspectral remote sensing approaches to estimate the silica content of Zizania latifolia using conventional machine
learning algorithms including random forests, extreme gradient boosting and Cubist. The results indicate that Cubist was

the best algorithm, achieving a ratio of performance to deviation of 2.02 and a root mean square error of 42.52 ug cm™2.
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Introduction

Slag is produced by melting waste materials, such as munic-
ipal solid waste and incinerated ash, at high temperatures,
followed by cooling and solidification [21, 26, 49]. At pres-
ent, most molten slag is utilized in construction and civil
engineering, primarily as aggregate for concrete products,
asphalt mixtures, and backfill materials [4, 34]. In contrast,
there is growing interest in expanding its use to high—value-
added industries with stable demand, particularly agricul-
ture. Slag fertilizers, which are rich in silica and composed
mainly of mixed metal oxides, have been reported to neu-
tralize soil acidity, enhance crop productivity, mitigate
greenhouse gas emissions, and immobilize heavy metals

[9].
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Although silica is not considered as an essential element
for plant growth, it plays a crucial role in maintaining plant
mechanical strength and physiological functions [13]. Its
beneficial effects are especially pronounced under stress
conditions [22]. Silicon accumulation in stems increases
structural rigidity and improves lodging resistance [12, 23],
thereby reducing harvest losses caused by strong winds
or typhoons. In addition, silica accumulation enhances
resistance to biotic stresses, including rice blast, powdery
mildew, and insect pests such as rice leaf bugs and planthop-
pers [10, 28, 48]. However, the effects of slag fertilization
depend strongly on application rate. Low rates have been
shown to enhance antioxidant enzyme activity and chloro-
phyll content, whereas excessive application can suppress
physiological performance, seedling growth, and yield [6].
Accurate quantification of silica content is therefore essen-
tial for evaluating fertilization effects and optimizing fertil-
izer management.

Gravimetric analysis has traditionally been used to
quantify silica content, but this method is destructive and
unsuitable for monitoring temporal changes in foliar silica
during the growing season. Consequently, non-destructive
approaches that allow frequent measurements are needed.
Remote sensing provides an efficient means of acquir-
ing consistent information on environmental and plant
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properties and is particularly effective for capturing spatial
and temporal variability in vegetation phenology [3, 29,
4345, 50]. Among these techniques, hyperspectral remote
sensing has shown strong potential for estimating plant bio-
chemical properties [24, 38, 41, 42].

Recent advances in data-driven approaches, including
machine learning and artificial intelligence, have further
expanded the analytical capacity of spectral data. In plant
and agricultural sciences, these methods have been widely
applied for genomic selection, multi-trait prediction, and the
integration of complex datasets, including high-dimensional
phenotypic and environmental information [11]. Machine
learning algorithms are particularly well suited to hyper-
spectral analysis because they can capture non-linear rela-
tionships between spectral inputs and biochemical traits and
automatically identify informative features while reducing
redundancy [8, 15, 18].

Despite these advances, there remains a lack of system-
atic evaluation of machine learning algorithms for non-
destructive estimation of foliar silica content under field
conditions, particularly in graminoid species subjected to
different slag fertilizer treatments. Addressing this gap is
essential for translating spectral and data-driven approaches
into practical fertilization management.

In this study, three widely used machine learning algo-
rithms—Random Forest (RF), eXtreme Gradient Boosting
(XGBoost), and Cubist—were evaluated for their ability to
estimate silica content from hyperspectral reflectance data.

The objectives were to (1) quantify silica content in grami-
noid species using spectroscopic analysis and (2) identify
the most effective machine learning algorithm for estimat-
ing silica content in wild rice plants subjected to slag fertil-
izer treatments.

Materials and Methods
Measurements

Manchurian wild rice (Zizania latifolia cv. Aogara), a silic-
icolous species that actively absorbs silica through its roots,
was cultivated in a paddy field at Shizuoka University (Shi-
zuoka, Japan). Plants were grown under flooded conditions
with within-row and inter-row spacing of 100 cm (Fig. 1).
Transplanting was conducted on 29 May 2020, and harvest-
ing took place on 2 and 5 October 2020.

Molten slag was used as a siliceous fertilizer under the
commercial name SK Keikaru, produced by a shaft-type
gasification melting furnace and supplied by the Nishigaya
Incineration Plant (Shizuoka, Japan). Basal fertilization
consisted of 18 kg NH,Cl, 12 kg P,Os, and 12 kg K,O per
1000 m?. An additional topdressing was applied, supplying
12 kg NH,CL, 12 kg P,Os, and 6 kg K,O per 1000 m?. The
soluble silicic acid content of the molten slag was 32%, and
the standard application rate was 127 kg per 1000 m?.Plants
were cultivated under five slag fertilizer treatments: 0, 1, 2,

Fig. 1 Zizania latifolia cultivated in a paddy field
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4, and 8 times the standard rate. Because the experiment was
conducted in a continuously cultivated paddy field, residual
silica in the soil was expected. Slag fertilizer was supplied
by aerial spraying at the time of transplanting.

Leaf reflectance and silica content were measured for 200
leaves (40 leaves per treatment), randomly sampled on 2 and
5 October 2020. To minimize spatial variability, reflectance
was measured 15 times per leaf, and the average spectrum
was used. Hyperspectral reflectance was recorded at 1 nm
intervals across the 400-2500 nm range using a leaf clip
with a halogen light source attached to an ASD FieldSpec 4
Standard-Res Spectroradiometer (Malvern Panalytical Ltd.,
Malvern, UK), thereby reducing illumination-related errors.

Silica content was quantified using gravimetric analysis
following dry ashing [32]. One gram of dried, ground plant
material was placed in a 200-ml-tall beaker and capped with
a watch glass. Then, 20 ml of 60% nitric acid was added,
and the mixture was heated to 80 °C for 15 min and then
to 100 °C for 15 min using a hot plate (HTP552AA HOT
PLATE, ADVANTEC). Subsequently, the mixture was
heated to 150 °C for three to four hours. Next, the watch
glass was removed, and 10 ml of 60% perchloric acid was
added. The mixture was heated to 80 °C for 15 min, 100 °C
for 15 min and 150 °C for three to four hours using the hot
plate (until the mixture became transparent). The mixture
was cooled and diluted by a factor of 5 using Milli-Q water
and was then filtered using filter paper (No. 6, ADVAN-
TEC). Subsequently, we washed the beaker using Milli-Q
water and washed the filter paper using 60 °C warm water
to reduce the reactivity of chlorine. Finally, the paper was
burned at 500 °C in a muffle furnace, and the ash weight was
measured. The silica content was quantified using Eq. (1).

Silica content (pg/cm?) = Final weight (g)/Initial weight(g) 1
* LM A(pg/em?), ( )

where, LMA is leaf mass per area.
Pre-Processing of Raw Reflectance Data

Previous studies have compared several spectral pre-pro-
cessing methods, including continuum removal, de-trending
(DT), first-derivative transformation, multiplicative scatter
correction, and standard normal variate (SNV), for retriev-
ing vegetation biochemical properties such as chlorophyll

Table 1 Machine learning algorithms and packages used in this study

Algorithm Package Literature
Random Forest (RF) randomForestSRC [2,47]
eXtreme gradient boosting ~ xgboost [7]
(XGBoost)

Cubist Cubist [20]

and carotenoid contents. Among these methods, DT was
reported to be the most effective for reflectance data acquired
using the ASD FieldSpec® 4 spectroradiometer [24, 39, 40].
De-trending was therefore applied in this study to reduce
noise and correct baseline and slope variations in spectral
data. In this method, the baseline is modeled as a second-
degree polynomial function of wavelength and subtracted
from the original spectrum. DT has been widely used to
account for baseline shifts and spectral curvilinearity [16].

Regression Models Based on Machine Learning
Algorithms

The dataset was divided into training (50%), validation
(25%), and test (25%) subsets using a stratified sampling
strategy. Measurements were first grouped according to slag
fertilizer treatments. Within each group, 50% of the samples
were randomly assigned to the training set for model devel-
opment. Half of the remaining samples were used for valida-
tion to optimize hyperparameters, and the rest were reserved
for independent testing. This procedure was repeated 100
times to ensure robust model evaluation.

For Random Forest (RF), key hyperparameters included
the number of trees, maximum number of features consid-
ered at each split (mtry), maximum tree depth, minimum
samples required for node splitting, and minimum samples
per leaf [2, 47]. The number of trees was set to 1000 to bal-
ance predictive performance and computational cost. Other
parameters were tuned to control model complexity and
reduce overfitting.

For eXtreme Gradient Boosting (XGBoost) [7], the num-
ber of boosting rounds was set to 1000. The learning rate
(eta), maximum tree depth, minimum loss reduction for fur-
ther partitioning, and L1 and L2 regularization parameters
were optimized to improve generalization while avoiding
overfitting.

Cubist model hyperparameters, including the number
of committees, maximum number of rules, and maximum
number of interactions allowed in each rule, were also opti-
mized [20]. ncreasing model complexity can improve accu-
racy but may lead to overfitting; therefore, these parameters
were carefully tuned.

Bayesian optimization, a sequential model-based
approach for optimizing black-box functions, was employed
to optimize the hyperparameters of all machine learning
algorithms [36]. All calculations were conducted using R
v4.0.2 [30]. The R packages used for application of the vari-
ous machine learning algorithms are listed in Table 1.
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Performance assessment

To assess the performances of the regression models, the
ratio of performance to deviation (RPD, Eq. (2)) [51] and
the root-mean-square error (RMSE, Eq. (3)) were cal-
culated. Each method was classified into three categories
based on RPD: ‘A’ (RPD>2.0), ‘B’ (1.4<RPD<2.0) or ‘C’
(RPD<1.4). Models classified as ‘A’ or ‘B’ were assumed to
have the potential to estimate silica contents [5]. The coeffi-
cient of determination (R?, Eq. (4)) was also calculated. The
formulae for these metrics are as follows:

RPD = SD/RMSE )

3)

(4)

where SD is the standard deviation of the silica content in
the test data, n is the number of samples, y; is the measured

silica content, ¥; is the estimated silica content and Y is the
mean value of the measured silica content.

Note: The performance metrics used in this study (RPD,
RMSE, and R?) are calculated under the standard assump-
tions that model residuals are approximately independent
and identically distributed. While strict normality of residu-
als is not a prerequisite for model training in the applied
machine learning algorithms, these metrics implicitly
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assume that prediction errors are unbiased and not strongly
autocorrelated. To enhance model robustness, all models
were evaluated using repeated random stratified sampling
and independent test datasets, which reduces the influence
of data partitioning and potential violations of distributional
assumptions. The sensitivity (Si) for wavelength i (in nm)
were calculated by Eq. (5) [17, 25]:
S- o V&T‘(f (X400,. . ,Xi7. . 7X850)> — f (X)
t Var (Y) ’

)

where Var is the variation, f () is the prediction of spectra
resulting from the variation in wavelength i when other

wavelengths are held constant at their mean values, f ( X)
is the estimated value based on the mean reflectance, and Y
represents the measured carotenoid content. Once we had
calculated Si, we converted the scores to percentages.

Results
Measured Results

Figures 2 and 3 show the histograms of measured silica
content and leaf mass per area (LMA). LMA ranged from
4.216to 7.257 mg cm 2, with amean of 5.691 mgecm2and a
standard deviation of 0.565 mg cm™. In contrast, silica con-
tent ranged from 101.04 to 570.68 pg cm™2, with a mean of
243.37 pg cm2 and a standard deviation of 86.39 pg cm™2,
Silica accounted for 1.9-9.2% of LMA (mean: 4.2%). A
significant positive correlation was observed between silica
content and LMA (r=0.701, p<0.001; Fig. 4).

400 _ 600

Silica content ( pg cm ~)

Fig. 2 Histograms of silica content
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Fig. 3 Histograms of LMA
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Figure 5 shows the correlation coefficients between
the silica content and the reflectance at each wavelength
for original reflectance and spectra after DT. After de-
trending, correlation coefficients decreased slightly in the
800-1400 nm region. Nevertheless, strong correlations
were evident, including negative correlations near 520, 740,
1720, and 2315 nm and a positive correlation near 650 nm.
The strongest positive correlation was observed at 654 nm
(r=0.425), whereas the strongest negative correlation
occurred at 1720 nm (»=—0.498).

Silica content (pg/cm?)
Estimation Results

After 100 repetitions, model performance was evaluated
using the test datasets (50 leaves x 100 iterations). Root mean
square error (RMSE), residual prediction deviation (RPD),
and coefficient of determination (R?) were calculated for the
three machine learning algorithms (Table 2).Both RF- and
XGBoost-based models were classified as Category C, with
RPD values below 1.4, indicating limited suitability for
regression. In contrast, the Cubist-based model was consis-
tently classified as Category A, with RPD values exceeding
2.0, indicating excellent predictive performance.
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Fig.5 Correlation coefficients
between reflectance and silica
content
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Table 2 Evaluation results of regression models. Values are expressed
as mean=standard deviation

Algorithm RMSE (pg/cm?) RPD R?

RF 71.95+8.12 1.20+0.09 0.30+0.10
XGBoost 65.09+8.57 1.32+£0.12 0.43+0.17
Cubist 42.52+5.04 2.02+0.25 0.76+0.06

Figure 6 depicts the relationship between actual and esti-
mated values, showing that both RF and XGBoost exhibited
a significant decrease in estimation accuracy for silica con-
tent exceeding 400 mg/cm?.

Table 3 summarizes the number of times each category
(A, B, or C) was classified every iteration. When using RF,
only one iteration was available (RPD=1.43, Category B),
and robustness could not be confirmed. In this case, the
Cubist model was classified as B, while the XGBoost model
was classified as C.

With XGBoost, depending on the partitioning method,
10 iterations were classified as Category A, indicating an
excellent model, however, 47 iterations were classified as
Category C, indicating unsuitability. On the other hand, the
minimum RPD value when using Cubist was 1.47, and it
was never judged as unsuitable for use.

Based on the evaluation using the RPD value, XGBoost-
based model was determined to be a superior model to Cub-
ist in 10 cases out of 100 iterations. Among these cases,
RPD exceeded 2.0 in four iterations regardless of the algo-
rithm used. In two iterations, XGBoost achieved Category
A while Cubist remained in Category B.

Sensitivity Analysis

Figure 7 presents the results of the sensitivity analysis. In the
XGBoost-based model, reflectance at 850 nm and 2300 nm

@ Springer
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accounted for approximately 40% of total importance each.
The importance of the 2300 nm band was also confirmed
in the RF-based model, where it contributed nearly 40%.
However, reflectance at 850 nm showed negligible impor-
tance (<1%) in the RF model.

The Cubist-based model exhibited a distinct pattern.
Reflectance in the 1675-1700 nm range, which showed a
strong negative correlation with silica content, was identi-
fied as the most important predictor. However, the maxi-
mum importance did not exceed 25%, indicating that Cubist
distributed importance across multiple bands rather than
relying on a few dominant wavelengths.

Discussion

Relationship Between Reflectance and the Silica
Content

Reflectance over the near-infrared domain (around 1900
and 2300 nm for graminoids) is effective in estimating the
plant silica content, as this silica always occurs as hydrated
condensates of orthosilicic acid (Si (OH),) linked to organic
biomolecules [35]. A significant (p<0.001) positive correla-
tion was confirmed between the silica content and reflec-
tance at 680 nm, which is close to the red-edge inflection
point, and this relationship was useful for estimating the
chlorophyll content [52].

Slag fertilizer also influences the structure of leaves, such
as the specific leaf area, thickness and leaf dry matter con-
tent [14]. Near-infrared and shortwave infrared reflectance
have therefore been widely used to evaluate leaf dry matter
[14], which likely contributes to the observed relationship
between reflectance and silica content.
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Fig. 6 Relationships between measured and estimated silica content
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Table 3 Distribution of iteration cases in categories under different
models

Category RF XGBoost Cubist
A 0 10 60
B 1 43 40
C 99 47 0
Fig. 7 Sensitivity analysis of (a) RF
regression models
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Cubist has been reported to perform well with relatively
small datasets [15], and the present study confirms its suit-
ability for silica estimation. Although few studies have
estimated plant silica content using in-field hyperspectral
measurements, related research has proposed reflectance
indices for evaluating silica in pest insects. Ahmed [1]
reported that the index (Rso — Rseo)/(R7s0 + Rseo) effectively
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estimated silica concentration in Eldana saccharina (R? =
0.53). In addition, the nitrogen-to-silica ratio was correlated
with (Rio7s — R730)/(Rio7s + R730) (R? = 0.67).

For Zizania latifolia, significant correlations were
observed between silica content and reflectance near
560 nm (r=—0.342 at 523 nm) and 730-750 nm (»=—0.339
at 737 nm), whereas no significant correlation was found
at 1075 nm. However, these optical bands contributed little
to the Cubist model. Reflectance in the visible region is
strongly influenced by chlorophyll content [19, 33, 37, 46],
and its confounding effects may be unavoidable in plant-
based analyses. Consequently, machine learning models tar-
geting plants selected different spectral features than those
used in studies focusing on insects [1].

Figure 8 illustrates de-trended spectra with four inflection
points (IP1-1P4). TIP3 (1680—1700 nm) was most important
for the Cubist model, while IP1 contributed to both RF and
Cubist. IP2 was dominant in XGBoost, whereas IP4 was
important for RF and XGBoost despite showing no signifi-
cant correlation with silica content (#=0.004). This suggests
that models emphasizing IP4 may lack robustness.

Previous studies have linked near-infrared reflectance
(e.g., 9.08 and 12.36 um) to silica content [31]. Smis et al.
[35] reported estimation errors of 10-24% relative to dry
matter, while Quigley et al. [27] reported errors of 0.47—
0.65% using partial least squares regression. In contrast, the
present study achieved leaf-scale estimation of silica con-
tent ranging from 1.9% to 9.2% (relative to dry weights of
4.2-7.3 g) with an RMSE of 42.52 pg cm™. These results
demonstrate that Cubist is a promising algorithm for esti-
mating silica content from hyperspectral reflectance with
higher accuracy than many previously reported approaches.

1000 1300 1600 1900 2200 2500
Wavelength (nm)

Limitations and Practical Implications

Despite the promising results, several limitations of this
study should be acknowledged. First, the size of the train-
ing dataset was relatively small and derived from a single
field experiment. Although repeated stratified sampling
was applied to enhance robustness, larger and more diverse
datasets are required to further improve model stability and
generalization. Second, hyperspectral data processing and
machine learning model optimization involve substantial
computational costs, which may limit immediate large-scale
implementation. Third, this study focused on Zizania lati-
folia under specific environmental and management condi-
tions; therefore, the transferability of the developed models
to other crops or agroecosystems should be validated in
future studies.

From a practical perspective, the proposed framework
offers valuable implications for crop management and
breeding. Non-destructive estimation of foliar silica content
enables rapid phenotyping of silica uptake efficiency, which
can support the selection of genotypes with enhanced stress
resistance and lodging tolerance. For breeders, this approach
provides a complementary tool to conventional phenotyping
by allowing repeated measurements throughout the growing
season without destructive sampling. Moreover, integration
of hyperspectral sensing with data-driven models can facili-
tate precision fertilization strategies, supporting sustainable
use of slag-based silica fertilizers and improved nutrient
management in paddy systems.

@ Springer
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Conclusions

In this study, we evaluated the feasibility of estimating the
silica content of Zizania latifolia cultivated under different
levels of slag fertilization using hyperspectral reflectance
data and machine learning approaches. Slag produced by
shaft-type gasification melting furnaces is effective for
waste volume reduction, and its conversion into fertilizer
represents a promising pathway toward resource recycling
and sustainable agriculture.

In paddy ecosystems, nutrient inputs originate not only
from fertilizers and biological residues but also from rain-
fall and irrigation water. Silica, which often exhibits a nega-
tive nutrient balance in paddy fields, is a key element for
rice cultivation, including Zizania latifolia, and its continu-
ous supply is essential for maintaining crop health and stress
resistance. Recent declines in soil silica content and silica
input via irrigation water in Japan highlight the growing
need for efficient and adaptive silica management strategies.

The results of this study demonstrate that hyperspectral
reflectance, combined with appropriate machine learning
algorithms, provides an effective and non-destructive means
of evaluating silica uptake under field conditions. This
approach offers a practical tool for assessing the effects of
slag fertilization and optimizing fertilizer application sched-
ules. More broadly, the proposed framework has the poten-
tial to support precision nutrient management, improve the
sustainable reuse of industrial by-products, and contribute
to environmentally sound agricultural practices across a
range of cropping systems.
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