Comparing spectral models to predict manganese
content in Rosa spp. leaves using VIS-NIR data

Comparacion de modelos espectrales para predecir el contenido de
manganeso en hojas de Rosa spp. usando datos VIS-NIR
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This study, conducted on the Freedom rose cultivar grown
under greenhouse conditions in the municipality of Tocancipa,
Cundinamarca (Colombia), implemented Partial Least Squares
Regression (PLSR) and Principal Component Regression (PCR)
methods using visible and near-infrared (VIS-NIR) spectro-
radiometry from 350 to 2500 nm to predict manganese (Mn)
content in rose leaves. A randomized complete block design
(RCBD) with manganese doses of 0%, 25%, 50%, 75%, and 100%
of the reference dose of 2 mg L was established in 25 plots with
five treatments and five replicates. Samplings were conducted
in the five phenological stages of “palmiche”, “rice”, “chickpea”,
“scratch color”, and “straight sepals”, analyzing 10 plants per
treatment, and spectral responses were measured on the adaxial
leaf surface using the FieldSpec® 4 spectroradiometer. For
model generation (PLSR and PCR), 24 predictive models were
evaluated, comprising three spectral response ranges: range 1
(350-1000 nm), range 2 (350-1800 nm), and range 3 (350-2500
nm), applying different spectral correction methods: raw data
(RD), Savitzky-Golay (SG), range normalization (RN), and
Savitzky-Golay followed by range normalization (SG-RN). A
total of 100 samples were used: 80 for calibration and 20 for
external validation, randomly selected to represent the vari-
ability of the treatments. The spectral corrections improved
the accuracy and robustness of the predictions, with the RN-
PLSR and SG-RN-PLSR models showing the best performance
metrics (R%, RMSE, and RPD). The most relevant wavelengths
were 523 nm, 557 nm, and around 720 nm, with correlations
greater than 0.6 with the Mn concentration in leaves.

Key words: PLSR, PCR, crop nutrition, spectral reflectance,
spectral smoothing, predictive models, multivariate analysis,
spectroradiometer.

Este estudio, realizado en cultivo de rosa variedad Freedom
sembrada bajo invernadero en el municipio de Tocancipa,
Cundinamarca (Colombia), implementé métodos de Regresion
por Minimos Cuadrados Parciales (RMCP) y Regresion con
Componentes Principales (RCP) utilizando espectroradio-
metria visible e infrarroja cercana (VIS-NIR) de 350 a 2500
nm para predecir el contenido de manganeso (Mn) en hojas
de rosa. Se establecid un disefio de bloques completos al azar
(BCA) con dosis de manganeso de 0%, 25%, 50%, 75% y 100%
(referencia de 2 mg L) en 25 parcelas con cinco tratamientos y
cinco repeticiones. Se realizaron muestreos en los cinco estados
fenolégicos “palmiche”, “arroz”, “garbanzo”, “rayando color”
y “sépalos rectos”, analizando 10 plantas por tratamiento; las
respuestas espectrales se midieron en la superficie adaxial de
las hojas utilizando el espectroradiémetro FieldSpec® 4. Para
la generacion de los modelos (RMCP y RCP), se evaluaron
24 modelos predictivos conformados por tres rangos de res-
puesta espectral: rango 1 (350-1000 nm), rango 2 (350-1800
nm) y rango 3 (350-2500 nm), aplicando diferentes métodos
de correccion de espectro: datos crudos (RD), Savitzky-Golay
(SG), normalizacién por rangos (NR) y Savitzky-Golay seguido
de normalizaciéon por rangos (SG-NR); se usaron 100 mues-
tras en total: 80 para calibracién y 20 para validacién externa,
seleccionadas aleatoriamente para representar la variabilidad
de los tratamientos. Las correcciones del espectro mejoraron
la precision y solidez de la prediccion, siendo los modelos
NR-PLSR y SG-NR-PLSR los que presentaron las mejores
valoraciones en las métricas (R?>, RMSE y RDP), mientras que
las longitudes de onda mas relevantes fueron 523 nm, 557 nm
y cerca de 720 nm, con correlaciones superiores a 0,6 con la
concentracién de Mn en hojas.

Palabras clave: RMCP, RCP, nutricidn de cultivos, reflectancia
espectral, suavizado espectral, modelos predictivos, analisis
multivariado, espectroradiémetro.

Introduction

The rose (Rosa spp.) is one of the most economically im-
portant cut flowers worldwide and holds a particularly
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prominent place in Colombia’s agricultural exports. Intro-
duced in the country during the 1960s through a partner-
ship between foreign investors and local entrepreneurs, rose
cultivation rapidly expanded, finding ideal agroecological
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conditions in the departments of Cundinamarca and
Antioquia (Arbeldez, 1993). Today, Colombia is the lead-
ing exporter of flowers in Latin America and the second
largest globally, surpassed only by the Netherlands. Roses
account for nearly 48% of the total area dedicated to flower
production, making them the primary species cultivated.
This industry generates over 120,000 direct jobs and ap-
proximately 99,000 indirect jobs, with significant partici-
pation from women (ICA, 2024). The continued growth of
rose exports and increasing international market demands
(related to stem uniformity, bud size, color intensity, and
harvest stage consistency) highlight the need for precise
crop management and the implementation of advanced
technological tools for quality optimization (Ruppenthal
& Conte, 2005).

Manganese (Mn) is an essential nutrient for the growth
and development of rose crops, participating in key physi-
ological processes such as photosynthesis. Mn is a cofactor
in at least 35 metabolic processes, playing a crucial role in
chlorophyll formation, oxygen evolution in photosystem
IT, and redox reactions within the electron transport chain
during photosynthesis (Rashed et al., 2019). It also acts as
an activator of enzymes involved in respiration, amino acid
synthesis, and hormonal regulation (Santos et al., 2017).

However, both manganese deficiency and excess can
have negative effects on plants. Mn deficiency in plants
interferes with photosynthesis, affecting photolysis in
photosystem IT and damaging chloroplasts, which impedes
proper electron production for the process. On the other
hand, excess manganese can be toxic, and tolerance to
its toxicity varies depending on the species and genotype
of the plant (Humphries et al., 2006; Santos et al., 2017).
In rose plants, manganese is present in low concentrations
at the foliar level and is a relatively immobile nutrient,
meaning it does not easily relocate from older leaves, lead-
ing to a deficiency in expanding young leaves (Humphries
et al., 2006). Therefore, deficiency symptoms are not
evident in older leaves or in young leaves that have not
yet fully expanded. This may indicate a higher demand
in these developing leaves, or it may simply be a matter of
source-sink dynamics favoring the faster-growing tissues
(Humphries et al., 2006).

The diagnosis of nutritional status in rose cultivation is es-
sential for making informed decisions about the application
of exogenous fertilizers, which can be mainly administered
through the fertigation system or, to a lesser extent, by foliar
application. Fertilizer formulations must be applied at the
right time, considering the interactions between soil/sub-
strate, plants, and water, as these factors directly affect the
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quality and productivity of the crop, which are fundamental
for its sustainability. An adequate supply of micronutrients,
such as manganese, can significantly increase crop produc-
tivity, making it essential to maintain proper nutritional
balance through timely diagnostics (Hariyadi et al., 2019).
In flower crops, traditional nutritional analysis requires de-
structive methods, which are slow and resource-intensive,
causing delays in diagnosis. For this reason, there has been
an increased interest in developing faster, non-destructive
alternative methods, such as the use of sensors. In this
context, reflectance measurement has emerged as a promis-
ing alternative for characterizing the nutritional status of
plants, allowing for a quicker and more efficient estimation
of key parameters at the foliar level. This approach presents
a valuable tool for improving nutritional diagnostics in
rose cultivation.

Numerous studies have linked the chemical composi-
tion of plants with the absorption of electromagnetic
radiation. This relationship has evolved from laboratory
near-infrared spectroscopy (NIRS) research to remote
sensing, where it has been shown that biochemical con-
centrations of elements such as nitrogen in foliar tissue
are closely related to radiation through spectral absorp-
tion features, both in dry and fresh leaves. However, fresh
leaves are influenced by water content, which alters their
absorption characteristics in the near-infrared region
of the spectrum (1000-2500 nm) (Huber et al., 2008).
The reflectance of leaves exhibits specific characteristics:
in general, pigments present in the leaves have a signifi-
cant influence on reflectance in the visible region, while
cellular structure manifests in near-infrared reflectance.
Additionally, proteins and water content primarily
respond in the near-infrared to mid-infrared regions
(Liang, 2005).

In recent years, significant progress has been made in
developing spectral-based models for predicting micro-
nutrient concentrations in plants. For example, Yu et al.
(2019) demonstrated the high potential of near-infrared
spectroscopy (NIRS) combined with chemometric tech-
niques to predict manganese content in cottonseed flour.
The study applied spectral corrections such as standard
normal variate (SNV) and first derivative (FD), along with
advanced variable selection methods like Monte Carlo un-
informative variable elimination (MCUVE) and successive
projections algorithm (SPA). The resulting models yielded
high prediction accuracy, with RMSEP = 1.99, R* = 0.95,
and RPD = 4.37, confirming the effectiveness of optimized
spectral preprocessing and variable selection in enhancing
model robustness.

Agron. Colomb. 43(1) 2025



Similarly, Boshkovski et al. (2020) assessed nutrient dy-
namics in common bean plants subjected to abiotic stress
using spectral reflectance and multivariate regression.
Their findings revealed significant correlations between
reflectance and several nutrients, including manganese,
boron, iron, phosphorus, and zinc, as well as vegetation
indices like NDVI. Custom spectral indices developed
in the study exhibited strong predictive power for a wide
range of macro- and micronutrients. Additionally, Santoso
et al. (2019) evaluated nutrient content in oil palm leaves
using reflectance data and built predictive models through
stepwise regression and principal component regression
(PCR). The models achieved moderately high R* values,
ranging from 0.33 to 0.53, particularly for nitrogen and
calcium, demonstrating the potential of VIS-NIR data in
estimating leaf nutrient status in tropical crops.

Other researchers used hyperspectral spectroscopy to
develop spectral indices and multivariate models, com-
bined with machine learning, to predict foliar nutrients in
mango. The results showed that conventional models such
as partial least squares regression (PLSR) and principal
component regression (PCR), were ineffective in predict-
ing the nutrients. However, models combining PLSR with
machine learning techniques, such as the Cubist model,
support vector regression (SVR), and elastic net, showed
good performance, especially in predicting nitrogen,
phosphorus, potassium, zinc, magnesium, and sulfur. The
results suggest that hyperspectral remote sensing has great
potential for non-destructive estimation of foliar nutrients
in mango, contributing to more precise nutrient manage-
ment (Mahajan et al., 2021).

In a related study on citrus, a calibration model based on
spectroscopy was developed to predict the foliar concen-
trations of macro and micronutrients in Citrus clementina
plantations using fast, non-destructive spectral measure-
ments. The results showed that spectroscopy, using a
portable spectrometer to measure spectral absorbance
(430-1040 nm), effectively estimated nutrient levels, with
determination coefficients ranging from 0.31 to 0.69, with
the highest values observed for phosphorus (P), potassium
(K), and boron (B). Similarly, the technique showed high
potential for rapid and non-destructive prediction of foliar
nutrients, reinforcing the idea that hyperspectral remote
sensing is a promising tool for nutrient management in
crops (Acosta et al., 2023).

Similarly, in oil palm plantations, spectral reflectance
was used to predict key nutrients such as nitrogen, phos-
phorus, potassium, calcium, magnesium, boron, copper,

and zinc. In the study, the proposed vegetation indices
performed better than conventional indices, and multi-
variate models based on principal component regression
(PCR) were more effective when significant variables
selected through stepwise regression were used, with
wavelengths in the green region contributing the most to
the model (Santoso et al., 2019). Together, these studies
demonstrate the great potential of spectral remote sens-
ing to predict foliar nutrients in various crops, facilitat-
ing more precise nutrient management in agriculture.
In this context, the present research evaluated the potential
of reflectance data, obtained in the range of 350 nm to
2500 nm using a spectroradiometer, in rose crops planted
under greenhouse conditions. The aim was to develop
predictive models based on spectral responses to estimate
the foliar manganese content in rose crops, using partial
least squares regression (PLSR) and principal component
regression (PCR) analysis.

In this context, the nutritional management of rose crops
not only directly impacts flower quality but also the coun-
try’s competitiveness in international markets. However,
traditional methods for nutritional diagnosis are destruc-
tive, time-consuming, and costly, which delays timely
decision-making in the field. In response to this chal-
lenge, rapid and non-destructive tools such as visible and
near-infrared (VIS-NIR) spectroradiometry have gained
relevance, as they allow for the characterization of plant
nutritional status through spectral response. Although this
technology has shown promising results in other crops, its
application in roses remains limited. Therefore, this study
aims to contribute to the knowledge of spectral multivariate
modeling for predicting foliar manganese content in Rosa
spp., supporting the development of more efficient moni-
toring systems adapted to tropical production conditions
and with potential for implementation in the Colombian
floriculture industry.

Materials and methods

Experimental design

The study was conducted in a greenhouse located in
Tocancipd, Cundinamarca (Colombia), at 2,605 m a.s.l.
(4°58’40.1” N, 73°59°06.6” W), using Rosa spp. (Freedom
cultivar). The experimental area comprised 176 m?, divided
into 25 plots of 1.35 m” (0.3 m x 4.5 m), each containing
60 plants. A randomized complete block design (RCBD)
was implemented to minimize environmental variability
within the greenhouse. The experimental unit consisted of
one plot (60 plants); five manganese (Mn) treatments were
applied at concentrations of 0%, 25%, 50%, 75%, or 100%
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of the reference dose 2 mg L™ Mn-EDTA, each replicated
five times across blocks (hydroponic banks). The response
variable was foliar Mn concentration, and the explanatory
variables were spectral reflectance values collected at dif-
ferent phenological stages.

Nutrient solutions were supplied through a drip fertiga-
tion system, maintaining a pH between 5.3 and 5.8 and
electrical conductivity between 1.5 and 1.8 dS m™. The
other macro- and micronutrients were kept constant in the
nutrient solution across treatments (Tab. 1).

All treatments received the same concentrations of macro-
nutrients and micronutrients, except for manganese (Mn),
which was applied in increasing doses. Nutrient solutions
were prepared to ensure consistency across treatments,
minimizing confounding effects in the evaluation of Mn-
specific responses.

Plant material and sample processing
The samplings were conducted across five key phenological

stages: “palmiche”, “rice”, “chickpea”, “scratch color”, and
“straight sepals” (Franco Montoya & Martinez Martinez,
2024). For each stage, 10 fully developed leaves were sampled
from each plot. The same leaves were used for both spectral

measurements and chemical analysis to ensure consistency.

Samples were stored in a cooler and transported to the
laboratory within 5 h after collection. Leaves were kept
refrigerated (4°C) until processing. Manganese content was
determined using microwave-assisted digestion (HNO;
+ H,0,), followed by analysis with inductively coupled
plasma optical emission spectroscopy (ICP-OES). The stan-
dard error of the laboratory method for Mn determination
was 0.09 mg kg (Ghosh et al., 2013).

Spectral measurement

Spectral data were collected using a FieldSpec® 4 spec-
troradiometer (Malvern Panalytical, UK), which covers a
wavelength range from 350 to 2,500 nm. The device has
a wavelength accuracy of 0.5 nm, a spectral resolution of

<3.0 nm at 700 nm, and a noise-equivalent radiance of 5 x
10" W/em?/nm/sr at 700 nm. It records data across 2,151
spectral channels and weighs approximately 5.44 kg (12 1bs).

Measurements were taken on the adaxial surface of the

fourth and fifth fully developed leaves using a leaf clip
accessory equipped with an internal halogen light source
and an integrated Spectralon® white reference. For each
leaf, five reflectance scans were taken and averaged. All
measurements were conducted under controlled lighting
conditions at the Geomatics Laboratory of the Universidad
Nacional de Colombia.

L . 5 \
FIGURE 1. Capturing spectral responses: A) Leaf clip accessory, B)
FieldSpec 4® spectroradiometer.

Spectral preprocessing and modeling

A total of 100 samples were used to build prediction models:
80 for calibration and 20 for external validation, selected
randomly to represent treatment variability. Three spectral
ranges were analyzed: 350-1000 nm, 350-1800 nm, and
350-2500 nm. Four preprocessing techniques were applied:

« Raw data (RD);

o Savitzky-Golay smoothing (SG) with a window of 15
points and a second-order polynomial;

» Range normalization (RN);

« SG followed by RN (SG-RN).

TABLE 1. Nutrient composition of the fertigation solution for each manganese (Mn) treatment.

Treatments (Mrlfse"r';':.lgé ?ogz;he : : : = - : mgL? = = i . : =
T 0% 160 10 180 100 40 14 0 0.7 1.2 2 0.2 0.1
T2 25% 160 10 180 100 40 14 0.5 0.7 1.2 2 0.2 0.1
T3 50% 160 10 180 100 40 14 1 0.7 1.2 2 0.2 0.1
T4 75% 160 10 180 100 40 14 15 0.7 1.2 2 0.2 0.1
T5 100% 160 10 180 100 40 14 2 0.7 1.2 2 0.2 0.1
4 Agron. Colomb. 43(1) 2025



Predictive models were developed using Partial Least
Squares Regression (PLSR) and Principal Component Re-
gression (PCR). All analyses were conducted in R software
(version 10.0.19045.5487), employing a set of specialized
packages for data preprocessing, modeling, and visualiza-
tion. The following R packages were used: pls, caret, signal
and pracma, tidyverse, including dplyr, tidyr, and ggplot2,
and lattice.

Model performance was assessed based on the coefficient
of determination (R?), root mean square error of prediction
(RMSEP), and residual predictive deviation (RPD).

Results and discussion

Figure 2 shows that the foliar Mn concentration in rose
plants varied according to the fertigation applications, in-
dicating that the leaves respond directly to the amount of
Mn supplied. In the first sampling, the treatments showed
similar Mn concentrations, except for the 0% reference
dose treatment T1, which had the lowest value. From the
second sampling onward, differences in concentrations
were observed, suggesting that Mn accumulation in the
foliar tissue depends on its availability in the substrate
and the plant response to fertilization applications. In
summary, rose leaves accumulate Mn according to the
supplied concentration, reflecting a direct response to the
fertilization levels.

Table 2 presents the results obtained at different phenologi-
cal stages, highlighting the best models according to the
evaluated prediction metrics. In the palmiche phenologi-
cal stage, the most accurate model was obtained using the

spectral responses from the 350 nm to 1000 nm range, ap-
plying Savitzky-Golay smoothing with 15 points and range
normalization. This model achieved an RPD of 1.24, an R?
0£0.36, and an RMSE of 14.37. In the rice phenological stage,
the best model was generated using the PLSR technique
with raw values in the 350 nm to 2500 nm range, yielding
the best results without the need for spectral correction.
In the chickpea phenological stage, the standout model
was the RN-PLSR in the 350 nm to 1000 nm range, with
an RPD of 2.01. This model presented an R* of 0.67 and
an RMSE of 10.70, with good performance for the evalu-
ated metrics. In the scratch color phenological stage, the
best model was obtained using the 350 nm to 1800 nm
range, applying the Savitzky-Golay smoothing algo-
rithm and range normalization with the PLSR technique
(SG-RN-PLSR). This model showed metric values with
an RPD of 1.73, an R? of 0.66, and an RMSE of 19.33.
Finally, the straight sepals phenological stage showed the
best results in terms of RPD, with a model based on the
350 nm to 2500 nm range with the RD-PLSR. This model
achieved an RPD of 3.05, an R? of 0.88, and an RMSE of
14.66, standing out for its high performance compared to
other phenological stages.

In summary, the phenological stages of straight sepals
and chickpea stood out for presenting the best values in
the evaluated metrics, especially RPD, suggesting that
the methodology used at these phenological stages is par-
ticularly effective. The straight sepals stage, with an RPD
of 3.05, showed the best overall performance, making it
recommended for future research and spectral modeling
applications, as it provides more accurate and consistent
results. The chickpea phenological stage also showed high
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FIGURE 2. Foliar Mn concentration (mg kg™) in rose plants at five phenological stages: S1, palmiche; S2, rice; S3, chickpea; S4, scratch color; S5,

straight sepals. Treatments — Mn supply, % of the reference dose.
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TABLE 2. Results of the evaluated metrics for the predictive models.

Palmiche Rice Chickpea

Model Range(nm) Rz RMSE RPD |Model Range(nm) RMSE RPD |Model Range(nm)
SG-RN-PLSR  350-1000 0.36 14.37 1.24 |RD-PLSR 350-2500 0.63 16.79 1.66 |RN-PLSR 350-1000
RD-PLSR 350-1800 0.36 14.23 1.24 | SG-PLSR 350-2500 0.62 16.91 1.64 |SG-RN-PLSR  350-1000
SG-PLSR 350-1800 0.33 14.25 1.23 [RD-PCR 350-2500 0.59 17.54 1.58 [RN-PLSR 350-1800
SG-RN-PLSR  350-1800 0.29 1475 1.20 [SG-PCR 350-2500 0.59 17.54 158 |SG-PLSR 350-1000
SG-RN-PCR 350-1800 0.27 1495 1.20 |SG-RN-PLSR 350-1000 0.26 23.68 1.32 |RD-PLSR 350-1000

=
N

Rz RMSE RPD
0.67 1070 2.01
066 10.94 198
073 975 196
063 1133 191
063 1142 1.90

RN-PLSR 350-1800 0.28 14.78 1.20 |RN-PCR 350-2500 0.42 21.01 1.31 [RD-PCR 350-1800 072 10.09 1.87
RD-PCR 350-1800 0.28 15.22 116 |SG-RN-PCR  350-2500 0.42 21.02 1.31 | SG-PLSR 350-1800 075 943 187
RN-PCR 350-1800 0.23 15.28 115 |RN-PLSR 350-2500 0.41 21.06 1.31|SG-PCR 350-1800 071 1011 187

RN-PCR 350-2500
SG-RN-PCR  350-2500
RN-PLSR 350-1000
SG-PCR 350-1800
RD-PLSR 350-1000
SG-PLSR 350-1000

010 15.84 1.06 |SG-RN-PLSR 350-2500
010 15.84 1.06 |RD-PLSR 350-1000
0.09 16.84 1.05|RN-PLSR 350-2500
0.08 16.78 1.04 |SG-RN-PLSR 350-2500
0.04 1767 0.99 |RN-PLSR 350-1000
0.04 17.68 0.99 |RD-PLSR 350-2500

0.41 21.09 1.31 |SG-RN-PLSR  350-1800
0.30 23.08 1.27 [SG-RN-PCR ~ 350-1800
0.36 22.07 1.25 |[RN-PCR 350-1800
0.36 22.07 1.25|RD-PLSR 350-2500
017 25.08 1.22 [RD-PLSR 350-1800
0.32 22.69 1.21 |RN-PLSR 350-2500

073 975 184
070 10.30 1.84
070 1039 1.83
063 11.92 166
075 947 166
061 1238 160

RD-PCR 350-2500 0.00 16.83 0.99 |SG-PLSR 350-2500 0.32 2270 1.21 [SG-RN-PLSR  350-2500 057 12.87 153
SG-PCR 350-2500 0.00 16.83 0.99 |SG-RN-PCR  350-2500 0.31 22.78 1.21 | SG-PLSR 350-2500 051 1380 144
RN-PCR 350-1000 0.02 1777 0.99 |RD-PCR 350-2500 0.23 2411 114 |RD-PCR 350-1000 044 1395 140
SG-RN-PCR  350-1000 0.01 17.81 0.99 |SG-PCR 350-2500 0.37 2411 114 |SG-PCR 350-1000 044 1395 140
SG-PCR 350-1000 0.02 18.05 0.97 |SG-RN-PCR  350-1000 011 26.00 1.13 |SG-RN-PCR  350-1000 040 1445 134
RD-PCR 350-1000 0.02 18.06 0.97 |SG-PLSR 350-1000 0.15 25.37 1.13 |RN-PCR 350-1000 040 1447 133
SG-RN-PLSR  350-2500 0.14 1780 0.94 |RN-PCR 350-1000 0.10 26.11 1.12 |RD-PCR 350-2500 023 1730 114
RN-PLSR 350-2500 014 1787 0.94 |SG-PCR 350-1000 011 26.07 110 |SG-PCR 350-2500 023 1730 114
SG-PLSR 350-2500 012 18.31 0.91 |RD-PCR 350-1000 011 26.07 1.10 [RN-PCR 350-2500 013 18.39 1.08

i B B e R o R T A T B e e ~ S S 2 O R o e e, |

—_ = =2 OO NN OO OO WO DR W WSS DN DWW R
S DS O O NN WwWWw OO NN N OO0 NN OO OO O™

RD-PLSR 350-2500 012 18.37 0.91 |RN-PCR 350-2500 016 2516 1.09 |SG-RN-PCR  350-2500 011 18.58 1.07

Scratch color Straight sepals

Model Range(nm) F Rz RMSE RPD |Model Range(nm) F R? RMSE RPD
SG-RN-PLSR  350-1800 7 0.66 19.33 1.73 |[RD-PLSR 350-2500 6 0.88 14.661 3.05
RN-PLSR 350-1800 7 0.65 19.54 1.69 [RN-PLSR 350-2500 5 0.84 17.213 2.54
RN-PLSR 350-1000 6 0.48 2760 1.41|SG-PLSR 350-2500 5 0.84 17349 253
SG-RN-PLSR  350-1000 6 0.46 2793 1.39 [SG-RN-PLSR 350-2500 5 0.83 17.806 2.47
SG-RN-PLSR  350-2500 7 0.37 29.03 1.27 [RN-PCR 350-2500 2 0.65 25499  1.69
RN-PLSR 350-2500 7 0.36 2918 1.26 | SG-RN-PCR 350-2500 2 0.65 25584 168
RD-PLSR 350-1800 2 030 2747 1.21 |RD-PCR 350-2500 3 062  26.48 1.66
SG-PLSR 350-1800 2 0.30 2747 1.21|SG-PCR 350-2500 3 0.62 26.481 1.66
RD-PCR 350-1800 2 029 2774 1.20 [RN-PCR 350-1800 2 0.53 30493 146
SG-PCR 350-1800 2 029 2774 1.20 |SG-PLSR 350-1800 3 0.35 36.058 132
RD-PLSR 350-1000 5 0.30 31.97 119 [RD-PLSR 350-1800 3 0.35 36.058 1.32
SG-PLSR 350-1000 5 0.30 31.97 119 |RD-PCR 350-1800 3 0.34 36.303  1.31
RD-PCR 350-1000 6 024 3318 115 |SG-PCR 350-1800 3 0.34 36.304 1.31
SG-PCR 350-1000 6 0.24 33.20 115 |RN-PLSR 350-1800 2 0.29 37618 1.25
RN-PCR 350-2500 2 0.22 3231 113 |SG-RN-PLSR 350-1800 2 0.28 37673 1.24
SG-RN-PCR 350-2500 2 0.21 3233 113 |SG-RN-PCR 350-1800 2 0.28 37796 1.24
RN-PCR 350-1000 1 018 34.49 112 |RD-PCR 350-1000 4 031 36.815  1.21
SG-RN-PCR 350-1000 1 018 3453 111 |SG-PCR 350-1000 4 031 36.822 1.21
RN-PCR 350-1800 2 016 30.15 1.09 [RD-PLSR 350-1000 3 029 37434 119
SG-RN-PCR 350-1800 2 015 30.40 1.08 [SG-PLSR 350-1000 3 0.29 37435 119
RD-PLSR 350-2500 2 0.04 3579 1.02 |RN-PCR 350-1000 4 022 39.253 1.16
SG-PLSR 350-2500 2 0.04 35.80 1.02|SG-RN-PCR 350-1000 4 0.22 39.261 115
RD-PCR 350-2500 2 019 36.65 1.00|RN-PLSR 350-1000 2 018 40171 115
SG-PCR 350-2500 2 019 36.65 1.00|SG-RN-PLSR 350-1000 2 018 40175 114

Factors: R2, coefficient of determination; RMSE, root mean square error; RPD, residual predictive deviation.
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performance, especially in models with R? values above
0.7 and RPD values close to 2.0, indicating that the meth-
odology is suitable for predicting manganese content in
rose plants.

Figure 3 presents the prediction results according to the
reference data for the best-performing models in each of
the evaluated phenological stages, using 20 validation data
points per stage. In the case of the palmiche and rice pheno-
logical stages, since the values of their metrics do not show
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good performance, this methodology is not recommended.
In contrast, starting from the chickpea phenological stage,
the models show better performance according to their
validation metrics. In the chickpea stage, an R*V of 0.44,
RMSEV of 14.68, and RPD of 2.0 were obtained; for the
scratch color phenological stage, an R*V 0f 0.85, RMSEV of
28.82, and RPD of 1.73 were obtained; and for the straight
sepals stage, an R*V of 0.69, RMSEV of 23.61, and RPD of
3.05 were obtained.
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FIGURE 3. Prediction vs reference data in the phenological stages of rose plants: A) palmiche, B) rice, C) chickpea, D) scratch color, and E) straight

sepals.
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From the results presented, in the palmiche and rice
phenological stages, there were no good correlations with
the evaluated reflectances, nor good performance of the
predictive models. Starting from the chickpea phenologi-
cal stage, the models showed better performance, with the
RN-PLSR model being the best for the chickpea stage,
SG-RN-PLSR for the scratch color stage, and Row-PLSR
for straight sepals stage.

Figure 4 indicates the spectral regions that had the greatest
impact on the predictive models with the best performance
for each evaluated phenological stage. For the chickpea
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phenological stage, where the best-performing model was
RN-PLSR (350 nm - 1000 nm), the most relevant regions
were 523 nm, 557 nm, 703 nm, and 714 nm. In the scratch
color phenological stage, where the best model was SG-RN-
PLSR (350 nm - 1800 nm), the key regions were 711 nm,
1341 nm, and 1394 nm. In the straight sepals phenological
stage, where the best-performing model was RD-PLSR
(350 nm - 2500 nm), the most influential regions were 720
nm, 1420 nm, and 1840 nm. From the chickpea to straight
sepals stages, three spectral regions that had the greatest
influence on the model performance were around 523 nm,
557 nm and 720 nm.
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FIGURE 4. Wavelengths with the greatest influence in the predictive models: A) palmiche, B) rice, C) chickpea, D) scratch color, and E) straight

sepals.
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To determine the confidence of the regressions, an F-test
was performed for the selected PLSR models in the phe-
nological stages “chickpea,” “scratch color,” and “straight
sepals”. The results are summarized in Table 3. The F-test
was conducted with a 95% confidence interval, meaning
the significance level is « = 0.05. The p-value obtained is
less than the significance level a, indicating that the three
regression models are statistically significant.

TABLE 3. F-test results.

Phenological stage Model DF F value P value
Chickpea RN-PLSR 18 67.22 1.73E-04
Scratch color SG-RN-PLSR 18 39.21 6.62E-03
Straight sepals RD-PLSR 18 258.00 4.07E-09

From the results presented above, it can be inferred that
in the phenological stages of palmiche and rice, no good
correlations with the evaluated reflectances were observed,
nor did the predictive models perform well according to
the metric values. From the phenological stage of chickpea
onwards, the models showed better performance, with
the RN-PLSR, SG-RN-PLSR, and RD-PLSR models being
the most effective. From the phenological stage of rice to
straight sepals, three spectral zones were identified, whose
reflectances have a greater contribution to the performance
of the models: 523 nm, 557 nm, and near 720 nm. These
zones are more influential in each sampled period and
are key to predicting manganese concentrations in the
rose crop.

Figure 5 presents the dual-axis correlations between
the predicted values and the actual Mn contents for the
selected models in each phenological stage, comparing
the regressions using the PLSR and the PCR regression
method. The results show that the models that performed
better were those using the PLSR method. In the palmiche
phenological stage (Fig. 5A), for the same spectral range
with the SG-RN techniques, the PLSR model obtained an
R? of 0.36, while the PCR model reached an R* of 0.14. In
the rice phenological stage (Fig. 5B), the RD-PLSR model
presented an R* of 0.63, and the PCR model an R? of 0.60.
This trend in favor of PLSR was maintained in the subse-
quent phenological stages.

In chickpea (Fig. 5C), the PLSR model achieved an R? of
0.78, while the PCR model obtained an R* of 0.46. For the
scratch color phenological stage (Fig. 5D), the R* value was
0.68 for PLSR, while for PCR it was 0.16. In the straight se-
pals phenological stage, PLSR presented an R* of 0.93, while
PCR achieved an R? 0f 0.64. Although in some phenological

stages both methods achieved good R? values, the PLSR
model consistently performed better across all the evalu-
ated phenological stages.

The findings of this study, where PLSR models consistently
outperformed PCR in predicting foliar manganese (Mn)
concentration in Rosa spp., are consistent with previous
research across various crops. As reported by Mahajan et
al. (2021), PLSR yielded better predictions of foliar nutrients
in mango compared to PCR and traditional regression ap-
proaches. Similar results were observed in oil palm (Santoso
et al., 2019) and common bean (Boshkovski et al., 2020),
where PLSR demonstrated robustness, especially when
applied alongside spectral preprocessing techniques such
as Savitzky-Golay (SG) and range normalization (RN).
Unlike PCR, which maximizes variance in the predictor
variables without considering the response variable, PLSR
optimizes the covariance between both sets, making it ideal
for collinear spectral data, such as that obtained through
VIS-NIR spectroscopy (Wold et al., 2001).

The improved modeling of Mn is particularly relevant, as
this nutrient has proven difficult to predict in citrus crops,
as noted by Gélvez-Sola et al. (2015). In contrast, the pres-
ent study achieved superior performance metrics during
key phenological stages (“straight sepals” and “chickpea”),
which may be attributed to the specific optical properties
of the rose crop, as well as the experimental design and
preprocessing techniques employed. Spectral regions
around 523, 557, and 720 nm were consistently important,
aligning with findings from other studies (Hu et al., 2011;
Mabhajan et al., 2021), further reinforcing their relevance
as indicators of nutrient content.

These results are also aligned with the study by Mahajan
et al. (2024), who combined hyperspectral remote sensing
with machine learning algorithms (PLSR-Cubist, SVM,
elastic net) to estimate foliar nutrients in cashew. In that
study, Mn prediction using PLSR-Cubist was particularly
strong, with a coefficient of variation of 21% in the cali-
bration set and a slightly positively skewed distribution,
indicating its suitability as a model variable.

Similarly, Acosta et al. (2023) reported the effectiveness
of PLSR in citrus crops, achieving reliable predictions of
macro and micronutrients, with the best results for P, K,
and B. In this case, Mn showed optimal and consistent
foliar values throughout the crop cycle, which—along
with the identification of visible-range wavelengths associ-
ated with foliar pigments—supports its diagnostic utility
through spectroscopy.
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FIGURE 5. Dual-axis correlation comparing the regression techniques PLSR and PCR: A) palmiche, B) rice, C) chickpea, D) scratch color, and E)

straight sepals.

In a different but complementary approach, Kusumiyati
et al. (2022) validated the use of VIS-NIR spectroscopy
for estimating nutritional compounds in green cayenne
pepper fruits (‘Ratuni UNPAD’). Their models achieved
high accuracy for carotenoids, water, and capsaicin (RPDs
ranging from 1.90 to 2.29), positioning this technique as
an efficient, non-destructive alternative for quality control.

10

Finally, studies in Chinese cabbage (Brassica campestris L.
ssp. Pekinensis ‘Norangbom’) have shown that VIS-NIR
spectroscopy combined with SMLR significantly outper-
forms conventional sap tests for estimating foliar nitrogen.
SMLR produced an R? of 0.846 and PLS yielded an R* of
0.840 with significantly lower errors (Min et al., 2006).
These findings support the applicability of similar models
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in other species such as Rosa spp., where non-destructive
Mn detection through PLSR emerges as a promising tool
for nutrient monitoring under controlled greenhouse
conditions.

Conclusions

This study demonstrated that VIS-NIR spectroscopy,
combined with multivariate models such as Partial Least
Squares Regression (PLSR), allows for accurate prediction
of foliar manganese content in Rosa spp. under greenhouse
conditions. The models developed—particularly those
using Savitzky-Golay smoothing and range normaliza-
tion—showed robust performance metrics, validating their
potential as non-destructive tools for nutritional diagnosis.

The application of this methodology represents an efficient
and rapid alternative to conventional foliar analysis, which
is especially relevant in highly technical and quality-
sensitive crops like roses. The possibility of implementing
real-time nutritional monitoring can lead to improved crop
management decisions, greater uniformity in floral quality,
and reduced laboratory costs.

As a future projection, it is recommended to expand
the sample size and validate the models under different
environmental conditions and in other rose cultivars.
Additionally, hybrid approaches that combine spectral
regression with machine learning algorithms could be
explored to further enhance prediction accuracy and model
adaptability. The results contribute to the advancement of
precision agriculture tools in floriculture, with direct ap-
plication to sustainable rose crop management.
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