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Biofumigation is a sustainable agricultural practice that utilizes the biocidal properties of natural compounds,
such as isothiocyanates (ITCs) derived from glucosinolates (GSLs), to control soilborne pathogens and improve
soil health. This study evaluates the biofumigant potential of various Brassicaceae species, emphasizing their
biomass production, GSLs concentrations, and their utility in sustainable soil management under frost-prone
conditions in central Spain over two different growing seasons. Additionally, phyto-spectral indices derived
from remote sensing technologies, including Normalized Difference Vegetation Index (NDVI), Green Normalized
Difference Vegetation Index (GNDVI), Normalized Difference Red Edge (NDRE), and Transformed Chlorophyll
Absorption in Reflectance Index/Optimized Soil Adjusted Vegetation Index (TCARI/OSAVI), were obtained along
six flights. Data have been analyzed to optimize the timing of biofumigant incorporation into the soil and assess
their correlation with biomass and GSLs content. The findings identify Brassica juncea and B. carinata as the most
effective biofumigant species due to their high aliphatic glucosinolate content. In contrast, B. napus showed
superior frost tolerance. Vegetation indices demonstrated strong relationships with biomass and GSLs content
during key growth stages, with NDRE showing especially good performance under certain developmental con-
ditions. While, regression models obtained with machine learning tools enhanced the predictive accuracy for
biomass and GSLs concentrations for the entire growing period, demonstrating their potential for integrating
precision agriculture tools into biofumigation practices. This study advances the understanding of biofumigant
crop management by incorporating spectral technologies to enhance efficiency and decision-making, aligning
with sustainable agriculture and precision farming principles.

2020; Clarkson et al., 2015; Haramoto and Gallandt, 2004). These
agricultural practices align perfectly with the new environmental stra-
tegies, such as the “Farm to Fork Strategy” (Arroyo et al., 2025).

1. Introduction

In response to environmental challenges and increasingly strict

regulations on chemical fumigants, biofumigation has emerged as a
viable alternative to improve soil health and promote environmental
friendly agricultural practices. Biofumigation is an agroecological
technique that leverages the biocidal properties of natural compounds to
control pathogens and improve soil health (Kirkegaard et al., 1993). This
process involves the incorporation of plant biomass into the soil, where
tissue decomposition releases chemical compounds like isothiocyanates,
which are highly effective in suppressing harmful microorganisms (dos
Santos et al., 2021; Morris et al., 2020). Furthermore, biofumigant
species also function as cover crops, providing soil protection against
erosion, maintaining organic matter balance, improving soil structure,
and reducing nutrient leaching, particularly nitrogen (Brennan et al.,
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Among the species used for biofumigation, those in the Brassicaceae
family stand out for their efficacy. These plants are characterized by
their rapid growth, high biomass production (Brant et al., 2011; Elha-
keem et al., 2021), and synthesis of elevated levels of glucosinolates
(GLS), which are secondary compounds with biocidal properties. These
GSLs, primarily found in the genera Brassica, Raphanus, Sinapis, and
Eruca, are metabolites that decompose into isothiocyanates (ITCs)
through the action of the enzyme myrosinase (Agerbirk and Olsen, 2012;
Fahey et al., 2001; Gimsing and Kirkegaard, 2009; Morris et al., 2020;
Wieczorek et al., 2024). ITCs, known for their broad-spectrum antimi-
crobial activity, are effective in controlling soilborne diseases (Agerbirk
and Olsen, 2012; Bjorkman et al., 2011; Gimsing and Kirkegaard, 2009;
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Matthiessen and Kirkegaard, 2006). While other compounds like nitriles
and sulfides are also generated, their contribution to the biofumigation
effect is less significant than that of ITCs (Agerbirk and Olsen, 2012;
Gimsing and Kirkegaard, 2009). Generally, the highest GSLs concen-
trations are found in seeds, followed by aerial and underground tissues
(Bellostas et al., 2007; Fourie et al., 2016; Morris et al., 2020). Although
GSLs concentrations in plant tissues are genetically determined, their
levels also depend on other factors, such as the developmental stage of
each species and environmental conditions (e.g., drought, sulphur and
nitrogen availability, season, and diurnal cycle) (Bellostas et al., 2004;
Ben Ammar et al., 2023; Fourie et al., 2016; Kirkegaard and Sarwar,
1998; Morris et al., 2020).

Previous studies (Sarwar and Kirkegaard, 1998) showed that the
total GSL concentration in eight Brassicaceae species generally declined
from the bud stage to flowering under different environmental condi-
tions, reaching the lowest levels at maturity—except in plants grown in a
glasshouse, where most species exhibited an increase in GSL concen-
tration at flowering.

Similarly, Brassica nigra and B. juncea cultivated in glasshouse con-
ditions had the highest GSL concentrations at the final growth stage
(when seeds in the lower pods reached full size), whereas B. carinata and
B. rapa showed the highest concentrations at early growth stages (from
four-leaf stage to pedicel elongation, (Bellostas et al., 2004)). These
findings indicate that the dynamics of GSL accumulation in Brassica
tissues are species-specific and strongly influenced by environmental
conditions.

Despite the observed variations in GSL concentration across devel-
opmental stages, the highest biofumigation potential of the studied
species generally occurred at the final growth stage due to greater
biomass accumulation compared with earlier stages (Bellostas et al.,
2004; Kirkegaard and Sarwar, 1998).

Nonetheless, GSL tissue concentration and biomass accumulation are
not the only factors to be considered since the GSL profile and selection
of species adapted to specific climatic conditions and crop cycles also
play an important role in biofumigation efficacy (Arroyo et al., 2025).

In this context, emerging technologies such as phyto-spectral vege-
tation indices derived from remote sensors have opened new possibil-
ities for detecting and mapping crop status in large areas, optimizing
these sustainable practices (Gabbrielli et al., 2022). Vegetation indices
are algebraic combinations of two or more values of reflectance
measured in specific regions of the electromagnetic spectrum (Gabbrielli
et al., 2022). Many researchers have shown that vegetation indices are
essential tools in precision agriculture, demonstrating their utility in
predicting crop biomass and yield, monitoring growth status, and
detecting specific crop stressors for field crops like rapeseed (Gabbrielli
et al., 2022; Liu et al., 2019; Zamani-Noor and Feistkorn, 2022). Tech-
nologies like unmanned aerial vehicles (UAV) equipped with high
multispectral resolution cameras allow accurate detection of the spatial
unevenness of plant stands, which is the basis for targeted and efficient
measures in line with the principles of precision agriculture (Lukas et al.,
2022). Nonetheless, only a few studies have shown that optical reflec-
tance spectroscopy is a potential tool for the estimation of GSL content in
Brassicaceae. In the last few years, different researchers have found that
spectral reflectance in several wavelength bands between 385, 860 and
1000 nm was correlated to individual GSLs content in the leaf of Brassica
rapa and Brassica oleracea (Chowdhury et al., 2021; Ngo et al., 2019).
Related to these researches, Soengas et al., (2023) found that pop-
ulations of Brassica oleracea with high indolic glucobrassicin content
showed lower NDVI values than populations with low content of this
GSL. In addition to these tools, some authors have shown that absor-
bance measures at 650 nm (red) and 940 nm (NIR) are valuable for
determining GSLs content. For example, Arroyo et al., (2025) found a
correlation between Chlorophyll Content Index (SPAD) and GSLs con-
centration in the biomass of different biofumigant Brassicaceae species.
Meanwhile, Mawlong et al., (2017) showed that absorbance at 425 nm is
correlated to total GSLs content in the defatted seed meal of Brassica
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napus.

The aim of the paper is to complement the previous advancements in
biofumigation by incorporating phyto-spectral indices and Machine-
Learning (ML) techniques as tools for the efficient monitoring and
management of biofumigant crops. The paper is based on data from five
Brassicaceae species in two different growing seasons. First, we char-
acterize total dry biomass production and its distribution between
above-ground and root dry biomass, and we establish correlations with
GSLs concentrations in the biomass according to the vegetation indices.
These vegetation indices include NDVI, GNDVI, TCARI/OSAVI, and
NDRE, obtained through a UAV equipped with a multispectral camera.
This approach represents a significant advancement in identifying the
optimal timing for residue incorporation into the soil. It not only en-
hances knowledge about biofumigation but also facilitates the integra-
tion of precision agriculture into sustainable farming and agroecological
practices.

2. Materials and methods
2.1. Location and soil and climatic conditions

The trial was carried out at the Experimental Fields of School of
Agricultural, Food, and Biosystems Engineering, Universidad Politécn-
ica de Madrid (UPM), during the 2022-2023 and 2024-2025 agricul-
tural seasons. This region is located in Madrid, in the centre of the
Iberian Peninsula (40°26 N; 3°44 W and 600 m above sea level). The soil
in the experimental plot had a sandy loam texture, with a basic pH
ranging from 7.8 to 8.2 and a low organic matter content (1-1.2 %). The
carbon/nitrogen ratio was 8, and the electrical conductivity measured in
a 1:5 extract ranged from 0.12 to 0.16 dS/m. Based on analyses con-
ducted on four soil samples, one from each trial block, taken from the
0-30 cm and 30-60 cm layers, high concentrations of calcium
(>2500 mg/kg), magnesium (>250 mg/kg), potassium (>300 mg/kg),
and phosphorus (>25 mg/kg) were recorded. Weather conditions for the
2022-2023 growing season included a notably dry autumn and a cold
winter, marked by an extended frost period, see Fig. la). During
2024-2025, the climatic conditions changed: wet October and dry and
frost December (Fig. 1b).

2.2. Experimental design

The experiment followed a randomized complete block design with
four replicates. The primary factor was the biofumigant species. Five
species were evaluated: Brassica carinata A.Braun., (cv. Eleven), Bras-
sica juncea (L.) Vassilil Matveievitch Czernajew., (cv. Scala), Brassica
napus L., (cv. Gordon), Raphanus sativus L., (cv. Cérdoba), and Sinapis
alba L., (cv. Venice). Each elementary plot measured 10 m in length and
3.6 m in width, totalling 36 m? per plot.

Sowing was carried out on September 22, 2022 and September 18,
2024, using an experimental seeder with a working width of 1.2 m.
Seeding rates were 12.5 kg/ha for B. carinata, B. napus, and B. juncea
and 25 kg/ha for R. sativus and S. alba. Two post-sowing irrigations of
15 mm each were applied in late September and early October to ensure
germination. Fertilization was achieved with 400 kg/ha of a compound
N-P-K(S) 15-15-15 (13) fertilizer applied pre-sowing.

2.3. Analytical determinations

Biomass production was quantified for above-ground at various
growth stages. Sampling was conducted in a 0.5 m? area (1 m x 0.5 m)
within each plot on January 23 and March 27, 2023 (123 and 186 days
after sowing, respectively). Total fresh biomass weights were recorded
from each area plot. Three subsamples of representative plants from
each area plot were then selected, and dry matter biomass was deter-
mined by drying in a forced-air oven at 65 °C until constant weight.
Values for total above-ground dry biomass (AGB) were calculated using
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Fig. 1. Weather data during a) the 2022-2023 and b) 2024-2025 growing season. Frost days represent the number of days per month when the minimum tem-
perature was below 0 °C; R: rainfall; Min T°: minimum temperature; and Mean Min T°: mean minimum temperature.

their respective fresh biomass/dry biomass ratio.

The GSLs were extracted, purified, desulfated, and analyzed
following the ISO, (9167)-1, protocol (1992) with modifications.
Briefly, 50 mg of powdered plant material was placed in test tubes, and
1.5ML of 70 % methanol and 100 uL of glucotropaeolin (internal
standard) was added. The mixture was incubated at 80 °C for extraction,
centrifuged, and the supernatant was used for further analysis. Purifi-
cation was carried out using 96-well plates loaded with ion-exchange
resin and desulfation using sulfatase. Desulfoglucosinolates were
quantified by high-performance liquid chromatography equipped with
an ultraviolet detector set at 229 Palatino LinotypeMultispectral images
were captured by a 3D Robotics Iris + equipped with handheld monitors
at four different stages of the Brassicaceae cycle using a MicaSense
RedEdge-MX camera. Flights were conducted using a predefined path,
and images with 1280 x 1024 resolution were processed to calculate
vegetation indices for each plot. These indices include the Normalized
Difference Vegetation Index (NDVI) (Rouse et al., 1974), Green
Normalized Difference Vegetation Index (GNDVI) (Gitelson et al., 1995),
Normalized Difference Red Edge Index (NDRE) (Tucker, 1979 Palatino
Linotype Haboudane et al., 2002), and Optimized Soil-Adjusted Vege-
tation Index (OSAVI) (Rondeaux et al., 1996).

Eq. (1): Normalized Difference Vegetation Index (NDVI)

Rgo0 — Re70
Rgoo + Re70

NDVI =

Eq. (2): Green Normalized Difference Vegetation Index (GNDVI)

Rgoo — Rsso
Rgoo + Rsso

GNDVI =

Eq. (3): Normalized Difference Red Edge (NDRE)

Rgoo — Rya0
Rgoo + Ry40

NDRE =

Eq. (4): Transformed Chlorophyll Absorption in Reflectance Index
(TCARI)

2 % (R700 — Rsso)

Rz00
Re70

TCARI = 3 x | (Ry00 — Re70) —

Eq. (5): Optimized Soil-Adjusted Vegetation Index (OSAVI)

Rgo0 — Re70

OSAVI = —_—

1.16

Where R(x) represents the reflectance of the vegetation cover in the
electromagnetic spectrum band corresponding to a wavelength of “x”

nm. Each vegetation index was calculated according to its respective
formula (Egs. (1)-(5)).

2.4. Statistical analysis

An analysis of variance (ANOVA) was performed for biomass, GSL
concentrations, and vegetation indices. Fisher’s LSD test at 95 % con-
fidence was used for mean separation. Relationships between parame-
ters were analyzed using both linear and non-linear regression models,
including second-order polynomial and exponential fits. Model selection
was based on the highest coefficient of determination (R?) and the
lowest root mean square error (RMSE). The statistical analyses were
performed using STATGRAPHICS Centurion XVIII (StatPoint, Inc.,
Herndon, VA, USA).

2.5. Regression models and MATLAB regression learner for predicting
biomass and GSL concentrations

The data gathered during drone flights from the multiple indices and
the data obtained through chemical analyses at the laboratory have been
combined to build the dataset for the paper for predicting biomass and
GSL concentrations. The dataset includes 72 samples collected over two
experimental periods. Vegetation index values, species code, and
biomass were recorded for all samples, while GSL concentrations were
determined in a representative subset of 60 samples.

Initially, Simple Regression (SR) analyses were performed using in-
dividual indices, and Multiple Regression (MR) analyses were conducted
incorporating all indices along with the species code. These analyses
were carried out using the STATGRAPHICS Centurion XVIII statistical
software package (StatPoint, Inc., Herndon, VA, USA). Both SR and MR
models were fitted using the entire dataset, and the resulting metrics
included the coefficient of determination (R?) and the associated p-
values.

Subsequently, regression analyses were performed using the
Regression Learner (RL) from the machine learning toolset in MATLAB
R2025a (MathWorks, Natick, MA, USA), following two different ap-
proaches. First, models were trained using each vegetation index indi-
vidually in combination with the species code. Second, a multiple
regression model was developed incorporating all indices and species
codes. For RL analyses, the dataset was divided into training and testing
subsets: the first, second, and fourth field replicates were used for
training (n = 40, representing 67 % of the dataset), while the third
replicate served as the test set (n = 20, 33 % of the dataset).

Given the limited number of samples, cross-fold techniques have
been used. Particularly, 10 folds are generated with the dataset to train
and validate the obtained models. The dataset was split into training and
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test subsets: the first, second, and fourth replicates of the field trials were
used as the training dataset (40 out of 60 samples, 66 % of the original
dataset), while the third replicate was used as the test dataset (20
samples, 33 %). The models used include discriminant analysis, naive
Bayes, trees, support vector machines, K-nearest neighbours, and neural
networks, resulting in 28 different regressions for each analysed
parameter. For SR and MR metrics, the models include R? for the
training and test dataset.

3. Results and discussion
3.1. Phyto-spectral indices

This subsection analyses the relationship between spectral indices
and their ability to differentiate biofumigant species. Before describing
in detail the results, Tables 1 and 2 provide an overview of the index
values obtained across the two growing seasons (2022-2023 and
2024-2025, respectively). The statistical significance from the ANOVA
tests has been added to the obtained values. The five species included in
the trials—Brassica carinata, B. juncea, B. napus, Raphanus sativus, and
Sinapis alba—showed consistent differences in spectral response across

Table 1
Vegetation indices values for biofumigant species across different sampling
dates during the first cycle.

Sampling Species
‘date and B. carinata  B. B. R. sativus  S. alba P
index .
Juncea napus value
29/10/2022 (37 DASY)
NDVI? 0.826¢°® 0.822¢c  0.849 0.858ab  0.875a  ***7
b
GNDVI® 2.775b 2.755 3.413 3.323a 3500a @ *
b a
NDRE* 0.378 be 0.372c  0.434 0.419ab  0.420 *
a ab
TCARI/ 0.416 a 0.381 0.344 0.337 b 0.253c
OSAVI® ab b
28/11/2022 (67 DAS)
NDVI 0.874c 0.895 0.899 0.895 b 0.907a  ***
b ab
GNDVI 4.238c¢ 4.983 5.830 4718 bc  4.503 e
b a be
NDRE 0.457¢ 0.497 0.535 0.480bc  0.464
b a be
TCARI/ 0.308 a 0.211 0.204 0.199b 0.118c
OSAVI b b
31/01/2023 (130 DAS)
NDVI 0.689 b 0.706 0.780 0.681 b 0.689b  *
b a
GNDVI 2.055 b 2.038 2.753 1.623c 1.710¢ ook
b a
NDRE 0.179 a 0.177 0.193 0.124b 0.102 b
a a
TCARI/ 0.319 ab 0.273 0.132c  0.388a 0.245b
OSAVI b
12/03/2023 (170 DAS)
NDVI 0.361c 0.405c  0.717 0.515 b 0.213d  ***
a
GNDVI 0.998 cd 1.078c  2.793 1.345b 0.858d  ***
a
NDRE 0.024c¢ 0.035 0.244 0.061 b —0.032  *¥x
be a d
TCARI/ 0.751 a 0.825 0.347c  0.613b 0.854a  ***
OSAVI a

1 Days After Sowing (DAS); 2- Normalized Difference Vegetation Index (NDVI);
3. Green Normalized Difference Vegetation Index (GNDVI); 4 Normalized Dif-
ference Red Edge Index (NDRE); 5. Transformed Chlorophyll Absorption in
Reflectance Index (TCARI) and Optimized Soil-Adjusted Vegetation Index
(OSAVD); ®. means followed by the same letter were not significantly different
(ns) at p < 0.05 according to the Fisher’s least significant difference (LSD); 7 %
** *%* and ns indicate significance at p < 0.05, 0.01, and 0.001 and non-
significance at p < 0.05, respectively.
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sampling dates and vegetation indices.

3.1.1. Structural indices: NDVI and GNDVI

The statistical analysis of data collected during the 2022-2023
period suggests the following trends. In late October 2022 (37 DAS), all
five biofumigant species exhibited NDVI values exceeding 0.8, see
Table 1. Differences in NDVI values were statistically significant (p-
value: 0.0004, see Table 1) among species. Notably, S. alba, R. sativus,
and B. napus showed higher NDVI values than B. carinata and B. juncea.
Furthermore, S. alba displayed a significantly higher NDVI than B. napus
(p-value < 0.001). For GNDVI, similar trends were observed, though
with two notable differences: On the one hand, B. napus exhibited
GNDVI values comparable to R. sativus and S. alba. On the other hand,
the magnitude of differences in GNDVI values among species was greater
than those observed for NDVI.

By late November 2022 (67 DAS), one month after the first mea-
surement and coinciding with the onset of frost conditions, a key
observation was that B. juncea reached NDVI values comparable to those
of B. napus and R. sativus, surpassing B. carinata. Meanwhile, for
GNDVI, species responses varied more substantially, with B. napus
showing consistently higher values than the rest. These observations
highlight GNDVTI’s superior ability to differentiate biofumigant Brassica
species during the peak vegetative development stage.

Two months later (late January 2023, 130 DAS), after a period of
frost, all species exhibited reduced NDVI and GNDVI values compared to
the previous measurements. B. napus showed a clear superiority in both
indices, significantly outperforming the other biofumigant species.
GNDVI further distinguished among groups of species (B. carinata and B.
juncea vs. R. sativus and S. alba), a differentiation not evidenced by
NDVIL

Finally, on March 12, 2023 (170 DAS), following an extended and
intense frost period (spanning most of February and early March, as
shown in Fig. 1a), NDVI values for the biofumigant species declined
further. The extent of the reduction varied across species: severe in S.
alba, B. carinata, and B. juncea; moderate in R. sativus; and minimal in
B. napus. It resulted in a greater differentiation among species, with four
statistically distinct groups identified. For GNDVI, trends mirrored those
of NDVI, but B. napus maintained its GNDVI value, demonstrating its
exceptional frost tolerance. This finding is agronomically significant for
continental regions in Spain where frost-prone conditions prevail,
emphasizing the potential of B. napus as an intercrop in horticultural
rotations.

Meanwhile, in the season 2024-2025, the collected data allow us to
compare the results and to evaluate the differences and similitudes
among both periods. On the one hand, data collected on December 19,
2024 (92 DAS), can be compared with those obtained on November 29,
2022 (67 DAS), considered a suitable chronological reference. The most
notable difference in the NDVI analysis among the five species was that
R. sativus recorded the lowest value, reflecting reduced vegetative
growth. This result contrasts with its vigorous early growth observed in
the 2022-2023 cycle. The difference may be related to varying weather
conditions between the two years, particularly the earlier frost incidence
in 2024 compared to 2022. This shift in timing could have limited the
accumulation of reserves in the underground biomass, which is essential
for frost tolerance in R. sativus.

Concerning the GNDVI analysis for the same date, the species were
clearly divided into two groups with statistically significant differences.
B. napus, S. alba, and B. juncea had higher GNDVI values than the other
two species, with R. sativus again showing the lowest GNDVI rate. These
results confirm the trend observed in the previous results; GNDVI pro-
vides a clearer separation among species based on vegetative develop-
ment than NDVI. Despite differences in sensitivity, both indices showed
comparable patterns across the five species, suggesting a stable corre-
lation between them.

On the other hand, data collected on January 19, 2025 (123 DAS),
revealed a general decline in NDVI values across all species compared to
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Table 2

Vegetation indices values for biofumigant species across different sampling dates during the second cycle.
Sampling date and index Species

B. carinata B.juncea B.napus R. sativus S. alba p value

19/12/2024 (92 DASY)
NDVI? 0.842bc® 0.857abc 0.869ab 0.822c 0.894a *
GNDVI® 3.975b 4.655a 5.303a 3.358b 4.773a ok
NDRE* 0.301bc 0.345ab 0.356a 0.285¢ 0.339ab *
TCARI/OSAVI® 0.007c —0.021bc —0.107b 0.112d —0.306a
19/01/2025 (123 DAS)
NDVI 0.726¢ 0.750bc 0.791ab 0.639d 0.811a ek
GNDVI 3.520b 4.068b 4.860a 2.783c 4.945a
NDRE 0.267bc 0.299ab 0.321a 0.238c 0.280abc g
TCARI/OSAVI 0.190c 0.155bc 0.095b 0.272d —0.042a ek

1 Days After Sowing (DAS); 2, Normalized Difference Vegetation Index (NDVI); 3, Green Normalized Difference Vegetation Index (GNDVI); 4. Normalized Difference
Red Edge Index (NDRE); °. Transformed Chlorophyll Absorption in Reflectance Index (TCARI) and Optimized Soil-Adjusted Vegetation Index (OSAVI); 6. means

k¥

followed by the same letter were not significantly different (ns) at p < 0.05 according to the Fisher’s least significant difference (LSD); 7, ® w3 %% and ns indicate

significance at p < 0.05, 0.01, and 0.001 and non-significance, respectively.

the previous sampling date. This reduction was particularly pronounced
in R. sativus, which accentuated the contrast among species. Only
B. napus and S. alba maintained NDVI values close to 0.8, while R. sativus
dropped below 0.65. A similar trend was observed for GNDVI, although
B. napus and S. alba either maintained or experienced only a slight
decrease in their values. This stability allowed for a clearer distinction
from the remaining biofumigant species, reinforcing the superior ability
of GNDVI to discriminate among species during late winter stages of
development.

Based on the collected data, GNDVI proved to be a more effective
indicator for evaluating species performance across both growing sea-
sons. A similar temporal pattern was observed for most species, with a
general decline in GNDVI values from November to January. However,
S. alba was an exception, exhibiting increased GNDVI values during that
period. For the remaining species, the decrease in GNDVI was more
pronounced in the 2022-2023 season than in 2024-2025, likely
reflecting differing weather conditions between the two years. Notably,
average GNDVI values in November 2024 (4.41) were lower than those
recorded in November 2022 (4.85), which may be attributed to higher
precipitation levels in October 2024. Increased rainfall likely resulted in
cooler temperatures and reduced solar radiation, thereby limiting
vegetative development. In contrast, average GNDVI values in January
2025 (4.04) remained substantially higher than those in January 2023
(2.04), indicating a less severe decline and possibly milder winter con-
ditions in the second cycle.

Regarding NDVI, both cycles showed a consistent decline in values
from November to January. In November, B. napus exhibited the highest
NDVI values in both years. However, this trend did not persist into
January, suggesting that B. napus’s vegetative advantage may be more
sensitive to mid-winter conditions than indicated by early-season
measurements.

3.1.2. Chlorophyll indices: NDRE

Regarding the 2022-2023 dataset, the statistical analysis of NDRE
values across sampling dates revealed trends largely comparable to
those observed for GNDVI on three occasions: late October (37 DAS),
late November (67 DAS), and mid-March (170 DAS). However, a notable
divergence was observed in late January 2023 (130 DAS). At this stage,
while B. napus exhibited significantly higher GNDVI values than B.
carinata and B. juncea, NDRE values for these three species were sta-
tistically similar (Table 1). When comparing NDRE with NDVI, the
general observations made for GNDVI also apply: NDRE provided
clearer differentiation among species at specific growth stages, partic-
ularly during periods of active vegetative development, thereby offering
superior discriminative power compared to NDVI.

In the 2024-2025 season, NDRE values recorded on December 19,
2024 (92 DAS), followed patterns closely aligned with those of NDVI.

Between December and January, a modest and uniform decrease in
NDRE values was observed across all species.

Compared to the first growing season, the most striking feature was
the overall lower NDRE levels across all species, a trend also observed
for GNDVL. In the January, 2025 (123 DAS) sampling, statistical analysis
revealed nearly identical NDRE trends for the five species, with all
exhibiting similar reductions relative to the December values.

3.1.3. Combined indices: TCARI/OSAVI

During the October and November 2022 (37 and 67 DAS) samplings,
the statistical analysis of this combined index for the biofumigant spe-
cies revealed a well-defined pattern: the five species were grouped into
three statistically distinct clusters. The first group consisted of B. car-
inata, which showed the highest TCARI/OSAVI values, followed by a
second group comprising B. juncea, B. napus, and R. sativus. The final
group included S. alba, with significantly lower TCARI/OSAVI values
than the other species (Table 1).

In the January 2023 (130 DAS) sampling, notable changes were
observed. R. sativus displayed the highest TCARI/OSAVI value, while
B. napus, previously part of the intermediate group, exhibited the lowest
value among the species. By March 2023 (170 DAS), following an
extended frost period, the statistical analysis again differentiated the
species into three groups. B. carinata, B. juncea, and S. alba formed the
first group, with the highest TCARI/OSAVI values, reflecting a signifi-
cant reduction in vegetative growth due to frost sensitivity. At the other
extreme, B. napus showed the lowest TCARI/OSAVI value, even though
the index increased compared to its January value. These results un-
derscore the frost tolerance of B. napus, making it a promising candidate
for intercropping in frost-prone regions. Finally, R. sativus occupied an
intermediate position, with its TCARI/OSAVI value closer to the first
group, driven by a greater reduction in vegetative growth relative to the
decrease in chlorophyll indices. As TCARI/OSAVI is a combined index,
exploring its relationships with other indices studied is of interest.

During the December 2024 sampling (92 DAS), the combined
TCARI/OSAVI index grouped the five biofumigant species into four
distinct clusters (Table 2). Three species—B. juncea, B. napus, and
S. alba—showed negative TCARI/OSAVI values, with S. alba recording
the lowest. By January 2025 (123 DAS), R. sativus displayed the highest
value, while S. alba continued to show the lowest TCARI/OSAVI among
the species.

Text

At both cycles, the statistical analysis of this combined index across
the different biofumigant species yielded consistent results in terms of
species grouping. R. sativus showed the highest values for this index,
reflecting its lower vegetative development despite having a lower
chlorophyll content (NDRE). On the contrary, S. alba exhibited the
lowest TCARI/OSAVI values, mainly due to its greater vegetative
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growth. Therefore, the results from this second year highlight, similarly
to the observations from the previous year, the significant influence of
the structural component (vegetative development) on this combined
index.

3.1.4. Relationships between phyto-spectral indices

The robust regression curve between NDVI and GNDVI throughout
both periods, as seen in Fig. 2a, highlights the consistent relationship
between these vegetative development indices (R2: 0.89). Despite the
strong relationship between GNDVI and NDRE, as shown in Fig. 2b, the
visual analysis suggests the presence of two distinct clusters of data
points. These clusters correspond to two periods in terms of frost con-
ditions, representing a frost-free phase and the frost-affected conditions.
The association between NDVI and NDRE was also strong (R* = 0.84),
showing a clear relationship between these indices that remained un-
affected by frost conditions (Fig. 2c).

The analysis of the relationship between TCARI/OSAVI and GNDVI
(Fig. 3a), reveals that, comparatively, this relationship was less consis-
tent than with NDVI in individual analyses for the late November and
late January sampling dates. Nevertheless, it became more consistent in
the mid-March analysis. On the contrary, as shown in Fig. 3b, the global
NDRE and TCARI/OSAVI analysis shows a slightly lower degree of
agreement overall. Specifically, the strength of the association decreased
during the late November and late January sampling dates, resulting in
reduced consistency in the global analysis combining all sampling dates.
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The relationship between NDVI and TCARI/OSAVI (Fig. 3c) was
highly consistent in the global analysis combining all six dates. This
consistency underscores the strong influence of the structural compo-
nent (vegetative growth and development) on the combined TCARI/
OSAVI index.

In summary, as illustrated in Fig. 3, the relationship between these
indices weakens during the growth stages when species reach their
maximum vegetative development, characterized by high GNDVI/NDRE
values and low TCARI/OSAVI values.

3.2. Correlations between phyto-spectral indices and above-ground dry
biomass and glucosinolate concentration

A detailed analysis of biomass production, GSLs concentration, and
profiles of biofumigant species on the two sampling dates is available in
our previous publication (Arroyo et al., 2025). This study focuses on
analyzing the relationships between these parameters, which are key to
biofumigation, and the phyto-spectral indices determined via remote
sensing. These relationships between above-ground biomass (AGB) and
glucosinolates (GSLs) content—both as the concentration in the plant
material and per unit of crop surface—are of practical relevance for the
large-scale implementation of this technique, and their corresponding
coefficients of determination (R?) with each of the four phyto-spectral
indices measured on two sampling dates are summarized in Table 3
for both studied periods. In addition, considering the considerable
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Fig. 2. Analysis of the relationship between a) Normalized Difference Vegetation Index (NDVI) and Green Normalized Difference Vegetation Index (GNDVI), b)
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Table 3
Coefficients of determination (R?) for relationships between total above-ground dry biomass, glucosinolate concentration and glucosinolate content incorporated into
the soil with phyto-spectral indices.

Year Parameters AGB! GSLs? GSLs
(g dry matter/m?) (umol/g dry matter) (umol/m?)
Sampling date and index 31/01/2023 12/03/2023 31/01/2023 12/03/2023 31/01/2023 12/03/2023
(130 DAS3) (170 DAS) (130 DAS) (170 DAS) (130 DAS) (170 DAS)
2022- NDVI* 0.03 ns® 0.80 ** 0.04 ns 0.35ns 0.08 ns 0.19ns
2023 GNDVI® 0.04 ns 0.85 ** 0.58 * 0.46 * 0.45 * 0.22 ns
NDRE® 0.10 ns 0.86 ** 0.58 * 0.41 * 0.66 * 0.19 ns
TCARI/OSAVI” 0.04 ns 0.78 ** 0.63 * 0.50 0.61 * 0.22 ns
Sampling date and index 19/12/2024 19/01/2025 19/12/2024 19/01/2025 19/12/2024 19/01/2025
(92 DAS) (123 DAS) (92 DAS®) (123 DAS) (92 DAS®) (123 DAS)
2024- NDVI 0.36 * 0.62 *** 0.08 ns 0.07 ns 0.02 ns 0.02 ns
2025 GNDVI 0.05 ns 0.41 ** 0.05 ns 0.03 ns 0.06 ns 0.03 ns
NDRE 0.19 ns 0.52 *** 0.10 ns 0.02 ns 0.09 ns 0.03 ns
TCARI/OSAVI 0.52 *** 0.52 **x 0.06 ns 0.06 ns 0.00 ns 0.00 ns

1 Total Above-ground Dry Biomass (AGB); 2 Glucosinolates (GSLs); 3 Days After Sowing (DAS); 4 Normalized Difference Vegetation Index (NDVI); 5 Green
Normalized Difference Vegetation Index (GNDVI);  Normalized Difference Red Edge Index (NDRE); 7- Transformed Chlorophyll Absorption in Reflectance Index
(TCARI) and Optimized Soil-Adjusted Vegetation Index (OSAVI); & *, **_ *** and ns indicate significance at p < 0.05, 0.01, and 0.001 and non-significance at p < 0.05,
respectively. Differences in significance notation between years reflect the unequal number of flights and data points (2022-2023: four; 2024-2025: two), which
altered the degrees of freedom.
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Table 4
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Coefficients of determination (R?) for relationships between total above-ground dry biomass, glucosinolate concentration and glucosinolate content incorporated into

the soil with phyto-spectral indices.

Parameters AGB! GSLs? GSLs
(g dry matter/m?) (umol/g dry matter) (umol/m?)

Sampling date and index SR” MR® RL® SR MR RL SR MR RL

NDVI® 0.1371° - 0.28 (0.47) 0.14™" 0.63 (0.84) 0.07* 0.15 (0.54)
GNDVI* 0.26"" - 0.61 (0.69) 0.23"" 0.68 (0.61) 0.15" 0.13 (0.42)
NDRE® 0.22"" - 0.58 (0.59) 0.22"" 0.68 (0.87) 0.08* 0.54 (0.77)
TCARI/OSAVI® 0.20"" - 0.53 (0.60) 0.21"" - 0.42 (0.70) 0.10* - 0.21 (0.31)
All - 0.34"" 0.58 (0.81) - 0.20 ns 0.32 (0.50) - 0.13 ns 0.36 (0.75)

1 Total Above-ground Dry Biomass (AGB); 2 Glucosinolates (GSLs); 3- Normalized Difference Vegetation Index (NDVI); 4 Green Normalized Difference Vegetation
Index (GNDVI); > Normalized Difference Red Edge Index (NDRE); ® Transformed Chlorophyll Absorption in Reflectance Index (TCARI) and Optimized Soil-Adjusted

Vegetation Index (OSAVI); 7 Simple Regression (SR); 8‘Multiple Regression (MR); 9 Regression Learner (RL); 10. *

and 0.001 and non-significance at p < 0.05, respectively. Data between brackets indicate the R? values for the test dataset.

variability of results in the second periods when data is analysed for
different DAS, in Table 4 we present the relationships for the whole
period. In this table, the results obtained with the three used approaches
(Simple Regression (SR), Multiple Regression (MR), and Regression
Learner (RL)) are summarized.

3.2.1. Relationships between phyto-spectral indices and Above-ground Dry
Biomass (AGB)

Although the analyses performed separately for each growing cycle
showed strong relationships between AGB and the various spectral
indices, the regression coefficients did not exceed 0.3 when data from
both cycles were analyzed together. This reduction in relationship
strength may be attributed to the contrasting climatic conditions be-
tween the two periods, particularly in terms of temperature and pre-
cipitation regimes. Similarly, multiple regression analysis did not result
in a substantial improvement in the overall predictive power of the
models.

However, the analysis performed using Regression Learner (RL) tool
showed a notable improvement in model consistency, see values in RL
column of Table 4 for AGB. In particular, GNDVI achieved R? values of
0.61 for the training set and 0.69 for the test set. NDRE and TCARI/
OSAVI yielded slightly lower performance, while NDVI showed signifi-
cantly lower R? values in both subsets. Finally, combining all indices into
a single model did not lead to any substantial improvement in predictive
accuracy (Fig. 4).

3.2.2. Relationship between glucosinolate concentrations and quantities of
GSLs in above-ground dry biomass with phyto-spectral indices

Experimental results reveal that the relationships between phyto-
spectral indices and both glucosinolates (GSLs) concentrations and
quantities in above-ground dry biomass (AGB) vary depending on the
sampling date (Table 3).

The considerations previously discussed for the relationship between
AGB and phyto-spectral indices also apply here: very low R? values were
observed for all indices when estimating GSLs concentration. Similarly,
the application of Regression Learner (RL) analysis improved estimation
accuracy, with R? values approaching 0.7. In this case, NDRE yielded the
highest R? values among the indices evaluated.

Finally, when considering the total amount of glucosinolates incor-
porated into the soil per square meter—a parameter that integrates both
GSLs concentration and biomass production—the results closely
resembled those obtained for GSLs concentration alone. This indicates
that, for total GSLs input, variation in GSLs concentration plays a more
decisive role than variation in biomass. Once again, NDRE emerged as
the most reliable predictor of this integrated parameter.

Fig. 4 displays the observed versus predicted values obtained using
the three analytical methodologies applied for the prediction of above-
ground biomass, GSLs concentration, and total GSLs input per square
meter.

The comparison includes results from Simple Regression (SR),

Multiple Regression (MR), and machine learning-based models gener-
ated using Regression Learner (RL). As shown in the figure, the use of RL
clearly enhanced predictive performance across all three parameters,
yielding more accurate and consistent estimations than traditional
regression approaches. This improvement is evident in the tighter
clustering of data points around the 1:1 line and in the higher R? values
obtained.

4. Conclusions

The dependence on chemical fumigants for soil disinfection poses
significant environmental challenges. Many of these products, such as
1,3-dichloropropene and chloropicrin, have been banned or severely
restricted in the European Union due to their harmful environmental
effects and potential health risks (Commission of the European Com-
munities. 2022a,b). This regulatory shift limits the availability of con-
ventional soil disinfection methods and urges the adoption of more
sustainable alternatives. In contrast, biofumigation, based on the use of
plant species that produce GSLs, emerges as an effective and environ-
mentally friendly approach. Although various species have demon-
strated their ability to accumulate GSLs (Agerbirk and Olsen, 2012;
Fahey et al., 2001; Gimsing and Kirkegaard, 2009; Morris et al., 2020;
Wieczorek et al., 2024), originating biocidal isothiocyanates, the lack of
knowledge regarding the optimal incorporation timing, the exact
amount of accumulated GSLs, and the scarce availability of accessible
and cost-effective evaluation tools limit farmers’ ability to make
informed technical decisions.

The analysis of the relationships between phyto-spectral indices and
biofumigant characteristics reveals distinct patterns of utility for each
index. GNDVI, NDRE, and TCARI/OSAVI demonstrate broader appli-
cability. These indices not only share NDVI’s ability to estimate biomass
but also excel in providing approximate estimations of GSLs concen-
trations and quantities in the AGB of biofumigant species. Among them,
NDRE stands out as particularly effective, especially during the stages of
peak vegetative growth. This enhanced ability underscores these indi-
ces'potential as practical tools for supporting decision-making in bio-
fumigation practices, facilitating the timing and management of species
incorporation into the soil for maximum effectiveness. In contrast, NDVI
emerges as a limited tool, effective primarily for detecting differences in
biomass among biofumigant species when significant variations in
vegetative growth occur. However, its role as an estimator for GSLs
concentration or total GSLs content per crop surface is negligible,
making it less suitable for applications beyond biomass differentiation.

Moreover, beyond improved accuracy, these tools can be applied
throughout the crop’s growth period, regardless of the days after sowing
(DAS), reducing the need for multiple models and avoiding redun-
dancy—one of the main limitations of traditional regression approaches.
This is particularly useful for companies offering drone-based treat-
ments, which require a single, reliable model for consistent application
across different crop stages. In future research, we aim to optimize crop
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Fig. 4. Observed vs. predicted values for three key variables: above-ground dry biomass (AGB) (top row), glucosinolate concentration (middle row), and total
glucosinolate content per square meter (bottom row), using different modeling approaches. Left column (a, d, g): simple linear regression (LR) using GNDVI; center
column (b, e, h): multiple linear regression (MR) incorporating all vegetation indices and species code; right column (c, f, i): regression learner models (RL) using the
most relevant index (GNDVI for AGB, NDRE for GSLs parameters) and species code. Blue dots represent observed values; the solid black line indicates the identity line

(perfect prediction, y = x).

management strategies to enhance GSLs production and strengthen the
aliphatic GSL profile to improve its effectiveness against specific soil-
borne pathogens and nematodes. Additionally, the potential of these
crops as CO: and nitrogen sequestrators should be further explored to
assess their environmental benefits. Investigating their role in both
mitigating climate change and improving soil quality will provide
valuable insights into their broader agroecological potential.
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