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Abstract

Light quantity and spectral quality regulate plant growth and may influence crop–weed 
interactions by altering plant morphology, biomass allocation, and physiology. This study 
evaluated the combined effects of photosynthetic photon flux density (PPFD) and far-red 
(FR) radiation on the morphological, biomass, physiological, and hyperspectral responses 
of Pisum sativum L. and Datura stramonium L. grown separately under controlled hydroponic 
conditions. A 2 × 2 × 2 factorial experiment was conducted using two species, two PPFD 
levels, and two FR treatments. Morphological traits, biomass production, root mass fraction, 
SPAD chlorophyll content, hyperspectral reflectance (350–2500 nm), and vegetation indices 
were analyzed using multivariate statistics, principal component analysis, and Random 
Forest classification. Species identity explained most of the variation in morphology, biomass 
allocation, and spectral characteristics. FR supplementation increased mean shoot height 
in D. stramonium by 62.5% under high PPFD and 101.2% under low PPFD, whereas shoot 
height in P. sativum was not significantly affected. Red wavelengths between 649 and 668 nm 
provided the strongest discriminatory information, while short-wave infrared wavelengths 
contributed complementary biochemical information. The Random Forest model achieved 
an overall accuracy of 75.7%, an AUC of 0.839, and a Cohen’s κ of 0.489. These findings 
demonstrate that D. stramonium exhibits greater FR-induced morphological plasticity than 
P. sativum and that hyperspectral sensing provides useful, although not yet field-validated, 
crop–weed discrimination.

Keywords: far-red radiation; photosynthetic photon flux density; hyperspectral reflectance; 
crop–weed discrimination; shade avoidance; morphological plasticity; Random Forest; 
precision weed management

1. Introduction
Weed–crop competition is a major constraint on agricultural productivity because 

weeds compete with crops for essential resources such as light, water, and nutrients, reduc-
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ing growth and yield [1,2]. In many cases, weeds exhibit greater phenotypic plasticity and 
resource-use efficiency than cultivated species, allowing them to dominate under variable 
environmental conditions [3,4]. Among these resources, light plays a particularly important 
role, as changes in light availability and spectral quality can modify plant morphology, 
biomass allocation, and physiological performance through shade avoidance responses [5]. 
Therefore, understanding species-specific responses to light intensity and far-red radiation 
is essential for improving crop–weed discrimination and supporting the development of 
sustainable weed management strategies.

Light intensity is a crucial environmental factor that regulates plant growth and devel-
opment, affecting both photosynthetic activity and morphological characteristics. Photo-
synthetic photon flux density (PPFD), reflective of the light available for photosynthesis, 
directly influences carbon consumption, biomass accumulation, and overall plant productiv-
ity. Higher light intensities typically enhance photosynthetic rates and stimulate increases in 
leaf area, stem expansion, and overall biomass production [6,7]. In contrast, reduced light 
intensity might constrain photosynthetic efficiency, leading to slower development, reduced 
chlorophyll levels, and decreased production, especially during critical developmental 
stages [8].

Light intensity also affects biomass allocation patterns in plants. In high-light applica-
tions, plants often allocate more resources to root and reproductive systems, while low-light 
conditions generally promote shoot elongation and leaf expansion [9,10]. The correlation 
between light intensity and plant development is not strictly linear; light levels that are too 
high can cause photoinhibition, decreasing photosynthetic efficiency and overall perfor-
mance [11]. Therefore, controlling light intensity is crucial for enhancing plant growth and 
resource-use efficiency in both natural and managed settings.

Besides light intensity, spectral quality significantly influences plant signaling, espe-
cially via far-red (FR) radiation. Plants perceive alterations in the red-to-far-red ratio (R: 
FR) through the phytochrome system, predominantly via phytochrome B (phyB), which is 
inactivated under low-R:FR circumstances commonly linked to canopy shadowing or higher 
plant density [12,13]. This spectral shift triggers a suite of morphological and physiological 
responses termed shade avoidance syndrome (SAS), which includes stem elongation, in-
creased petiole length, and altered biomass allocation that favors shoot growth to optimize 
light capture [14,15]. These reactions are primarily governed by Phytochrome-Interacting 
Factors (PIFs), which regulate gene expression and hormone pathways, including auxin 
production, hence facilitating elongation growth in competitive light conditions [16,17].

In addition to morphological changes, low-R:FR conditions affect plant architecture by 
reducing branching and increasing leaf orientation, thereby enhancing light interception 
in dense vegetation [18,19]. These responses have trade-offs, since excessive elongation 
may compromise mechanical stability and resource efficiency. Consequently, plants have 
developed regulatory mechanisms, such as phytochrome A (phyA), to adjust shade avoid-
ance responses in deep canopy environments [20,21]. Moreover, spectrum changes linked 
to low R:FR can inhibit defense-related pathways and modify blooming time, indicating a 
reallocation of resources from defense to development in competitive environments [22,23]. 
Together, these responses improve plant competitiveness in mixed communities, such as 
crop–weed systems, where light quality is pivotal in shaping species interactions.

PPFD and far-red radiation represent distinct but interacting components of the light 
environment. PPFD determines the photon energy available for photosynthesis, whereas the 
red-to-far-red ratio acts mainly as a phytochrome-mediated signal of neighboring vegetation. 
Consequently, background PPFD can influence the carbon available to support FR-induced 
stem elongation, leaf expansion, and biomass production. Ref. [24] found that PPFD and 
FR independently regulated several seedling-growth responses but interacted in regulating 
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development, while [25] showed that FR effects on growth, morphology, and pigmentation 
depended on the background fluxes of red and blue light. At the canopy level, FR may 
improve photon capture and contribute to photosynthetic carbon fixation when combined 
with conventional photosynthetic wavelengths [26,27]. However, FR responses vary among 
species and treatments: lettuce has shown changes in biomass, photochemical efficiency, leaf 
morphology, and optical properties [28,29], whereas spinach showed limited morphological 
responses across contrasting photon fluxes [30]. These findings demonstrate that PPFD × FR 
responses are species-dependent. Nevertheless, most previous studies have focused on 
individual horticultural crops, while comparative crop–weed studies integrating growth, 
physiology, and hyperspectral reflectance remain scarce.

Pisum sativum and Datura stramonium were selected as an agriculturally relevant 
crop–weed pair with contrasting ecological strategies and responses to light. P. sativum 
is an important cool-season pulse crop whose development and productivity are sensi-
tive to environmental conditions [31]. Its short growth cycle, well-defined developmental 
stages, and responsiveness to spectral composition make it suitable for controlled studies 
of plant–light interactions [32]. In contrast, D. stramonium is a fast-growing annual weed 
with substantial morphological and physiological plasticity. Light and other environmen-
tal conditions can alter its growth, biomass allocation, and reproductive output [33,34], 
potentially enhancing its competitive ability. Comparing these species under identical hy-
droponic conditions therefore allowed us to test whether the weed responds more strongly 
to changes in PPFD and far-red radiation and whether their contrasting responses support 
hyperspectral crop–weed discrimination. Such integrated comparisons remain limited.

Crop and weed species show divergent adaptive strategies in response to environmen-
tal variables, especially in competitive light conditions. Crop species like P. sativum are 
generally chosen for yield stability and consistent growth; however, they often show limited 
competitive capacity and reduced morphological flexibility under stressful or shaded con-
ditions [35,36]. Their growth is highly responsive to competition, with decreased biomass 
accumulation and productivity when adjacent plants constrain light availability [37]. Con-
versely, weed species like D. stramonium show greater physiological and morphological 
flexibility, enabling rapid adaptation to changing light conditions and improved resource 
acquisition [3,4]. These species often respond more strongly to reduced red-to-far-red ratios 
by increasing stem elongation, altering leaf orientation, and shifting biomass toward above-
ground structures to optimize light absorption [4]. These characteristics enable weeds to 
sustain or enhance biomass in competitive environments, thereby inhibiting crop devel-
opment. These differences highlight how crops and weeds respond to light intensity and 
spectral composition, shaping competitive interactions and defining crop–weed dynamics.

Hyperspectral reflectance techniques have emerged as powerful, non-destructive in-
struments for evaluating plant physiological conditions by acquiring comprehensive spectral 
data throughout a wide spectrum of wavelengths. These methodologies improve the compu-
tation of vegetation indices, including the Normalized Difference Vegetation Index (NDVI), 
Renormalized Difference Vegetation Index (RDVI), Enhanced Vegetation Index (EVI), and 
Photochemical Reflectance Index (PRI), which yield essential information on chlorophyll 
content, canopy architecture, pigment composition, and water status [38–40]. Numerous 
indices are closely associated with plant responses to light conditions because they are 
affected by reflectance in the red, near-infrared, and green spectral ranges. The NDVI and 
RDVI are responsive to chlorophyll absorption and canopy architecture, whereas the PRI 
correlates with photosynthetic efficiency and light-utilization dynamics across different 
light intensities [41,42]. Moreover, spectral reflectance can detect changes in plant water 
status and stress responses, which are frequently affected by light availability and spectral 
composition [33,39]. Importantly, differences in spectral signatures between crop and weed 
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species provide a basis for their discrimination. Integrating spectral analysis with physiolog-
ical measurements offers a powerful approach to improving weed management strategies. 
By leveraging the unique spectral signatures of crops and weeds, precision agriculture can 
achieve targeted weed control, reduce herbicide use, and enhance crop productivity while 
minimizing environmental impact [43–45].

Despite extensive research on light-mediated plant responses, relatively few studies 
have simultaneously examined the interactive effects of photosynthetic photon flux den-
sity (PPFD) and far-red (FR) radiation on the morphological, physiological, and spectral 
characteristics of both crop and weed species under controlled conditions. Moreover, com-
parative studies integrating growth traits, biomass allocation, chlorophyll measurements, 
and hyperspectral reflectance within a factorial PPFD × FR experimental design remain 
limited. This study combines these approaches to characterize species-specific responses of 
P. sativum and D. stramonium, providing new insights into their differential adaptation to 
contrasting light environments and their spectral differentiation.

The objective of this study was to evaluate the combined effects of photosynthetic 
photon flux density (PPFD) and far-red (FR) radiation on the morphological, biomass, 
physiological, and hyperspectral responses of P. sativum and D. stramonium grown separately 
under controlled hydroponic conditions. Specifically, the study investigated species-specific 
changes in plant growth, biomass allocation, chlorophyll status, and spectral vegetation 
indices under contrasting light environments and assessed whether these responses could 
facilitate spectral differentiation between crop and weed species. Accordingly, we hypothe-
sized that (H1) D. stramonium would exhibit greater FR-induced morphological plasticity 
than P. sativum; (H2) PPFD and FR would exert both independent and interactive effects on 
plant growth, biomass allocation, and spectral characteristics; and (H3) species-specific 
reflectance characteristics would permit hyperspectral discrimination between P. sativum 
and D. stramonium.

2. Materials and Methods
2.1. Experimental Conditions

The experiment was conducted in a custom-built hydroponic controlled-environment 
growth chamber (locally manufactured in Budapest, Hungary) at the Agronomy Institute 
of the Hungarian University for Agriculture and Life Sciences (MATE), Gödöllő, Hungary 
(2100 Gödöllő, Páter Károly str. 1). Environmental conditions were maintained at an average 
temperature of 23 ± 2 ∘C and relative humidity of 75 ± 5% throughout the experiment, as 
shown in Figure 1.

2.2. Plant Material and Establishment
Seeds of P. sativum and D. stramonium were used in this study. P. sativum seeds were 

soaked in distilled water for 2 h before being placed directly into hydroponic pots, as this 
species germinates rapidly and uniformly under hydroponic conditions. In contrast, D. 
stramonium seeds were soaked in distilled water for two weeks to overcome seed dormancy 
and improve germination uniformity. The seeds were subsequently germinated in soil, 
and the seedlings were transferred to hydroponic pots after emergence. These species-
specific establishment protocols ensured successful, uniform seedling establishment. Before 
initiating the light treatments, seedlings of both species were standardized to a comparable 
developmental stage (e.g., similar seedling size and/or leaf stage) and grown under the 
same hydroponic conditions. Thus, differences in establishment procedures were not 
experimental treatments and were used solely to obtain healthy, uniform plants before 
applying the light treatments.
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Figure 1. Controlled-environment growth chamber used for the experiment, showing (a) overall 
chamber layout, (b) hydroponic system with P. sativum, and (c) growth conditions of D. stramonium 
under LED lighting.

2.3. Hydroponic System
Plants were grown in a hydroponic system designed to ensure optimal growth condi-

tions. Soilless culture systems provide a controlled root-zone environment. They are widely 
used to investigate early plant growth and physiological responses under controlled environ-
mental conditions, and appropriate nutrient-solution management is essential to maintain 
consistent plant growth and experimental reliability [46]. Hydroponic clay pebbles were 
used as the growing medium because of their high drainage capacity and moisture retention. 
Plants were grown in 10 L pots measuring 19 cm in diameter and 22 cm in height, positioned 
above nutrient-solution tanks measuring 117 × 60 cm. Each container was filled with 60 L 
of nutrient solution (2:1:1 composition). The nutrient solution was managed by regularly 
monitoring electrical conductivity (EC) and pH throughout the experiment to maintain 
suitable conditions for plant growth, following established hydroponic practices [47]. An 
automated irrigation system used an electric pump rated at 1000 L h−1 (Newa Maxi IP68, 
Loreggia, PD, Italy; 220–240 V, 13 W) to deliver nutrient solution every 30 min through 
pipes positioned above the containers to ensure uniform distribution.

2.4. Light Treatments and Experimental Design
The experimental design consisted of a factorial combination of two light intensity 

levels (high and low PPFD) and two far-red treatments (present and absent far-red radi-
ation). The growth chamber was divided into four compartments corresponding to the 
treatment combinations:

A: High light intensity, no far-red (NH)
B: High light intensity with far-red (YH)
C: Low light intensity, no far-red (NL)
D: Low light intensity with far-red (YL)
To ensure consistent delivery of the intended light treatments, PPFD was measured at 

multiple positions within each compartment to verify light-intensity distribution and mini-
mize spatial variability. Maintaining light uniformity is essential in controlled-environment 
experiments to ensure that observed plant responses are attributable to the imposed treat-
ments rather than differences in light distribution [48]. The spatial arrangement of the 
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experimental units and measurement positions within the growth chamber is illustrated in 
Figure S1.

The experiment was initially designed with 14 plants of each species per treatment. 
However, several P. sativum seeds failed to germinate, or the resulting seedlings did not 
establish successfully. Consequently, the final sample sizes for P. sativum were 11, 10, 11, 
and 9 plants in the NH, YH, NL, and YL treatments, respectively (total n = 41). For D. 
stramonium, we retained 14 plants in each treatment (total n = 56). Thus, the unequal 
sample sizes were unplanned and resulted from differences in seedling establishment rather 
than deliberate unequal allocation or exclusion based on experimental outcomes. The two 
species were grown separately.

Photon irradiance was measured at each occupied plant position within the four 
treatment compartments using a MAVOSPEC BASE spectroradiometer (GOSSEN Foto- 
und Lichtmesstechnik GmbH, Nürnberg, Germany). Measurements were obtained from 
97 positions: 25 in NH, 24 in YH, 25 in NL, and 23 in YL. The principal illumination was 
provided by custom-made Grow-LED horticultural lighting system fixtures by (Bed Rock 
Farm Ltd., Budapest, Hungary).

According to the instrument’s spectral-band definitions, PPFD was integrated over 
400–700 nm and comprised blue (400–500 nm), green (500–600 nm), and red (600–700 nm) 
photon fluxes. The higher-PPFD treatments averaged 104.00 ± 9.27 μmol m−2  s−1  without 
supplemental FR (NH) and 106.48 ± 10.44 μmol m−2  s−1  with supplemental FR (YH). 
The corresponding lower-PPFD treatments averaged 79.24 ± 5.61 μmol m−2  s−1  (NL) and 
79.21 ± 4.36 μmol m−2  s−1  (YL). Based on the 12-h photoperiod, the respective DLIs were 
4.49 ± 0.40, 4.60 ± 0.45, 3.42 ± 0.24, and 3.42 ± 0.19 mol m−2  d−1 .

The lower-PPFD treatments therefore represented an approximately 24–26% reduction 
relative to the corresponding higher-PPFD treatments. Both levels were selected to represent 
low-light controlled-environment conditions rather than full-sun field irradiance. The 
purpose was to examine plant responses under reduced photon availability and assess 
growth under lower lighting inputs. The moderate PPFD gradient created two distinct 
photon environments without introducing a large irradiance contrast that could dominate 
or obscure responses to FR supplementation. Accordingly, “higher” and “lower” refer only 
to the relative PPFD levels within this experiment and not to the broader irradiance range 
occurring under natural field conditions. Reduced R:FR was investigated because it acts 
as an important phytochrome-mediated signal of neighboring vegetation and developing 
canopy shade [49,50].

FR photon flux was integrated over 700–780 nm, corresponding to the upper spec-
tral limit of the MAVOSPEC BASE. It increased from 6.63 ± 0.49 μmol m−2  s−1  in 
NH to 15.99 ± 2.94 μmol m−2  s−1  in YH and from 5.48 ± 0.45 μmol m−2  s−1  in NL to 
11.55 ± 0.83 μmol m−2  s−1  in YL. The R:FR ratio was calculated by dividing red photon 
flux integrated over 600–700 nm by FR photon flux integrated over 700–780 nm. Conse-
quently, R:FR decreased from 5.97 ± 0.15 in NH to 2.61 ± 0.33 in YH and from 5.54 ± 0.47 
in NL to 2.65 ± 0.12 in YL. These measurements confirmed that FR supplementation es-
tablished distinct lower-R:FR conditions while maintaining comparable PPFD within each 
irradiance level.

2.5. Nutrient Solution Monitoring
The nutrient solution was prepared using three commercial liquid fertilizers: Dutch 

Formula 1 (Grow), 2 (Bloom), and 3 (Micro) (Advanced Hydroponics of Holland, Best, 
The Netherlands). The pH and electrical conductivity (EC) of the nutrient solution were 
monitored weekly throughout the experimental period using an AD12 pH meter and an 
AD31 EC/TDS meter (ADWA Instruments, Szeged, Hungary) respectively as shown in 
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Table 1. Measurements were conducted for all treatment combinations (YH, YL, NH, NL) 
to ensure stable growth conditions. The pH ranged from 6.3 to 8.13, while EC values ranged 
from 1497 to 1765 μS cm−1 .

Table 1. Light intensity and spectral characteristics across experimental treatments (mean ± SD).

Treatment n PPFD (𝛍mol m−2  s−1 ) FR Photon Flux (𝛍mol m−2  s−1 ) R:FR DLI (mol m−2  d−1 )

NH 25 104.00 ± 9.27 6.63 ± 0.49 5.97 ± 0.15 4.49 ± 0.40
YH 24 106.48 ± 10.44 15.99 ± 2.94 2.61 ± 0.33 4.60 ± 0.45
NL 25 79.24 ± 5.61 5.48 ± 0.45 5.54 ± 0.47 3.42 ± 0.24
YL 23 79.21 ± 4.36 11.55 ± 0.83 2.65 ± 0.12 3.42 ± 0.19

Note: Values are means ± SD from measurements taken at occupied plant positions (NH, n = 25; 
YH, n = 24; NL, n = 25; YL, n = 23). PPFD was calculated over 400–700 nm. FR photon flux was 
integrated over [insert FR wavelength range]. R:FR was calculated as the ratio of red photon flux to 
FR photon flux. DLI was calculated from PPFD using the 12-h photoperiod.

2.6. Morphological and Spectral Data Measurements
All morphological, physiological, biomass, and hyperspectral measurements were 

performed 4 weeks after transplanting into the hydroponic system, ensuring that all plants 
were evaluated after the same chronological growth period, such as shoot height (cm), root 
length (cm), shoot diameter (mm), number of leaves, and leaf chlorophyll content, which 
was estimated using a SPAD meter (Soil Plant Analysis Development, Konica-Minolta, 
Tokyo, Japan). In addition, Fresh weight (WW) of shoots, roots, and whole plants was 
measured. Dry weight (DW) was determined after oven-drying samples at 70 ∘C until 
constant weight. Leaf area (cm2 ) was calculated from digital images using ImageJ software 
(version 1.54p; National Institutes of Health, Bethesda, MD, USA).

Spectral reflectance was measured at the leaf level using an ASD FieldSpec®  3 spectro-
radiometer (Analytical Spectral Devices Inc., Boulder, CO, USA) over 350–2500 nm. The 
second fully expanded leaf from the top of each plant was selected to standardize leaf 
position and developmental stage across species and treatments. Selected leaves were intact, 
sufficiently large to cover the measurement area, and free from visible damage, disease 
symptoms, or chlorosis. Three spectral measurements were obtained from each selected 
leaf and averaged to produce one representative spectrum per plant. Measurements were 
performed using an 8∘ field-of-view fiber-optic probe positioned at a fixed distance of 5 cm 
above the selected leaf to maintain consistent measurement geometry. The instrument was 
allowed to stabilize for 20 min before measurement. Radiometric calibration was performed 
using a Spectralon white reference panel (Labsphere, Inc., North Sutton, NH, USA) before 
measurements and repeated at 15 min intervals throughout data acquisition to maintain 
measurement accuracy. For each sample, three consecutive scans were recorded and av-
eraged to obtain a representative reflectance spectrum. All spectral measurements were 
conducted under direct sunlight on the same day between 10:00 and 14:00 under stable 
weather conditions, as shown in Figure 2. To minimize variation associated with changes 
in solar angle and irradiance, a fixed sensor geometry was maintained throughout the 
measurements, and care was taken to avoid shading, background interference, and probe 
disturbance. All spectra were visually inspected, and noisy measurements were excluded 
prior to further analysis.

2.7. Spectral Data Processing and Index Calculation
Hyperspectral reflectance data were collected using an ASD FieldSpec 3 spectrora-

diometer (Analytical Spectral Devices Inc., Boulder, CO, USA). Reflectance values were ex-
tracted at specific wavelengths to calculate a set of vegetation indices representing structural, 
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pigment-related, physiological, and water-status characteristics of the plants. Structural and 
greenness indices, including the Normalized Difference Vegetation Index (NDVI), Renor-
malized Difference Vegetation Index (RDVI), and Enhanced Vegetation Index (EVI), were 
used to assess vegetation vigor and canopy structure. Chlorophyll-related indices, such 
as the Modified Chlorophyll Absorption in Reflectance Index (MCARI), were calculated 
as proxies for leaf chlorophyll content and nitrogen status. Pigment- and stress-related 
indices, including the Carotenoid Reflectance Index (CRI), Anthocyanin Reflectance In-
dex (ARI), Structure-Insensitive Pigment Index (SIPI), and Photochemical Reflectance 
Index (PRI), were used to evaluate pigment composition and physiological stress responses. 
Water-related indices, including the Plant Water Index (PWI) and Simple Ratio Water Index 
(SRWI), were used to estimate leaf water content. All vegetation indices were calculated 
using established formulas based on reflectance values at specific wavelengths, as shown in 
Table 2.

Figure 2. Spectral reflectance measurement setup: (a) ASD FieldSpec®  3 spectroradiometer system, 
(b) fiber-optic probe mounted on a support frame for stable measurements, and (c) in situ leaf 
reflectance measurement using a handheld probe.

Table 2. Spectral vegetation indices grouped by functional categories (structural, pigment-related, and 
water-related) with corresponding formulas and references. Reflectance at wavelength x is denoted 
as Rx  (nm).

Structural Indices Formulae References

Normalized Difference Vegetation Index (NDVI) (R800 − R670)/(R800 + R670) [51]
Renormalized Difference Vegetation Index (RDVI) (R800 − R670)/((R800 + R670)0,5) [52]

Enhanced Vegetation Index (EVI) 2.5 × (R840 − R670)/(R840 + (6 × R670) − (7.5 
× R450) +1) [53]

Modified Chlorophyll Absorption in Reflectance 
Index (MCARI) 1.2 × 2.5(R800 − R670) − 1.3 × (R800 − R550) [54]

Carotenoid Reflectance Index (CRI) 1/R510 − 1/R550 [55]
Anthocyanin Reflectance Index (ARI) 1/R550 − 1/R700 [56]

Structure-Insensitive Pigment Index (SIPI) (R800 − R445)/(R800 − R680) [57]
Photochemical Reflectance Index (PRI) (R531 − R570)/(R531 + R570) [58]

Plant Water Index (PWI) R970/R900 [59]
Simple Ratio Water Index (SRWI) R860/R1240 [60]
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2.8. Statistical Analysis
All statistical analyses were performed using IBM SPSS Statistics (Version 29.0.1.0; IBM 

Corp., Armonk, NY, USA) and R software (version 4.4.2; R Core Team, Vienna, Austria) 
within the RStudio (version 2024.09.1+394; Posit Software, PBC, Boston, MA, USA) envi-
ronment. The experiment followed a fully factorial 2 × 2 × 2 design with three fixed factors: 
species (P. sativum and D. stramonium), light intensity (high and low photosynthetic photon 
flux density, PPFD), and far-red light supplementation (present or absent).

Assumption Tests for Residuals
Normality test:
The assumption of normality was evaluated before conducting MANOVA and ANOVA 

to ensure the validity of parametric analyses. Given the sample size (n ≥ 50), normality 
was assessed primarily using the Kolmogorov–Smirnov test [61], supplemented by visual 
inspection of Q–Q plots and evaluation of skewness and kurtosis statistics [62] for each 
group separately. Kolmogorov–Smirnov tests indicated significant deviations from normal-
ity (p < 0.05) for several variables, including shoot diameter (df(97) = 0.115, p =  0.003), 
root length (df(97) = 0.112, p = 0.004), leaf area (df(97) = 0.172, p < 0.001), dry weight of 
shoot (df(97) = 0.130, p < 0.001), dry weight of root (df(97) = 0.135, p < 0.001), wet weight 
of shoot (df(97) = 0.156, p < 0.001), wet weight of root (df(97) = 0.145, p < 0.001), Antho-
cyanin Reflectance Index (ARI; df(97) = 0.098, p = 0.022), and Plant Water Index (PWI; 
Df(97) = 0.097, p = 0.026). The remaining variables did not show significant departures 
from normality.

However, skewness and kurtosis values for all variables were within acceptable thresh-
olds. As a rule of thumb, absolute skewness values below 2 and kurtosis values below 
4 indicate approximate normality, particularly for larger sample sizes. Therefore, the data 
were deemed suitable for parametric analyses. To further improve distributional prop-
erties where necessary, a logarithmic (ln) transformation was applied to shoot diameter 
and leaf area, and a square-root transformation was applied to dry and wet biomass vari-
ables (DW_shoot, DW_root, WW_shoot, and WW_root). Following the transformation, all 
variables met normality assumptions and were used in subsequent analyses.

Homogeneity of Variance:
Homogeneity of variance was evaluated using Levene’s [63] test for all dependent 

variables across the factors Species, Light Intensity, and Far-Red Light within each analytical 
subgroup (morphology, biomass, allocation, and spectral components). When Levene’s 
test indicated significant heterogeneity (p < 0.05), additional evaluation was conducted 
using the variance ratio criterion [64].

The variance ratio was calculated as:

𝐹 =
maximum variance
minimum variance

Homogeneity was considered acceptable when the variance ratio was less than 2. 
However, in cases where the ratio of the largest to smallest sample size was below 1.5, 
variance ratios up to 6 were considered tolerable. In the present study, sample size ratios 
were below 1.5 across treatment combinations, and all observed variance ratios were below 
the acceptable threshold (F < 6). Therefore, homogeneity of variance was considered 
satisfied for subsequent parametric analyses.

Spectral preprocessing: Raw reflectance spectra covering 350–2500 nm were visually 
inspected for discontinuities, extreme values, and wavelength-dependent noise. Three 
wavelength intervals exhibiting consistently poor signal quality 1350–1390, 1820–1940, 
and 2440–2500 nm were excluded from all subsequent analyses. The first two intervals 
corresponded to strong water-vapor absorption regions, whereas the final interval exhibited 
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a low signal-to-noise ratio near the upper spectral limit of the instrument. Savitzky–Golay 
smoothing was evaluated during preliminary data inspection but did not sufficiently correct 
the severely affected regions. Therefore, these wavelength intervals were excluded rather 
than reconstructed or smoothed. No smoothing was applied to the retained wavelengths. 
The same exclusion criteria were applied consistently to every spectrum before calculating 
vegetation indices and conducting PCA and Random Forest classification. Representative 
spectra before and after band removal are presented in Figure S2.

A completely randomized factorial design was employed to examine the effects of 
Species (P. sativum and D. stramonium), Light Intensity (High vs. Low PPFD), and Far-Red 
Light supplementation (Present vs. Absent) on plant growth and physiological perfor-
mance. To account for potential correlations among related biological variables and to 
reduce inflation of Type I error, a structured analytical framework was adopted. Dependent 
variables were grouped into biologically meaningful categories and analyzed separately.

a. Morphological Traits: Morphological variables (shoot height, leaf number, shoot 
diameter, root length, and leaf area) were analyzed using a three-way multivariate analysis 
of variance (MANOVA), with Species, Light Intensity, and Far-Red Light as fixed factors. 
When significant multivariate effects were detected (Wilks’ Lambda, p < 0.05), follow-up 
univariate ANOVAs were conducted to identify the contributing traits.

b. Biomass Production: Dry biomass components (DW_shoot and DW_root) and total 
dry biomass (DW_total) were analyzed separately using three-way MANOVA. Wet biomass 
variables (WW_shoot and WW_root) were analyzed using MANOVA.

c. Biomass Allocation: Biomass allocation was quantified using Root Mass Fraction (RMF):

RMF =
DWroot

DWroot + DWshoot

RMF was analyzed using three-way ANOVA. The root-to-shoot ratio was calculated for 
descriptive comparison but was not included in multivariate analyses due to mathematical 
dependency with RMF.

d. Spectral and Physiological Variables: Spectral reflectance indices (NDVI, RDVI, EVI, 
MCARI, CRI, ARI, SIPI, PRI, PWI, and SRWI) together with SPAD values were initially 
calculated for each sample. PCA was used as an exploratory dimension-reduction method 
because the spectral vegetation indices were correlated and represented overlapping aspects 
of pigment composition, leaf structure, and water status. The purpose of PCA was to 
identify the principal multivariate gradients underlying spectral and physiological variation 
and to determine whether these gradients were associated with species, PPFD, and FR 
treatments. Spectral indices and SPAD values were standardized using z-scores before PCA 
to ensure equal contribution of variables measured on different scales. Components with 
eigenvalues greater than 1, supported by scree-plot inspection, were retained. Scores for 
PC1–PC3 were subsequently analyzed using three-way MANOVA and univariate ANOVAs, 
with species, PPFD, and FR as fixed factors. PCA was used to summarize and interpret 
multivariate variation rather than to evaluate classification accuracy.

The relationship between SPAD and the MCARI was further evaluated using linear 
regression. Species-specific regressions were fitted, and a model containing the MCARI, 
species, and their interaction was used to test whether the MCARI–SPAD relationship 
differed between species. An additional model included FR and PPFD as covariates. Re-
gression assumptions were assessed using residual diagnostic plots.

e. Random Forest Classification: Whereas PCA was used to summarize multivariate 
variation among spectral and physiological indices, Random Forest (RF) classification was 
used to test whether the cleaned wavelength-level reflectance data contained sufficient 
predictive information to distinguish the crop P. sativum from the weed D. stramonium. 
Wavelength regions strongly affected by atmospheric water absorption and sensor noise 
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(1350–1390, 1820–1940, and 2440–2500 nm) were excluded as described in the spectral-
preprocessing section. Species identity was used as the response variable, and reflectance at 
each retained wavelength was used as a predictor. The dataset was divided into 69 training 
samples and 28 held-out test samples. Model tuning was performed on the training set using 
five-fold cross-validation repeated ten times, implemented with the caret package (Version 
7.0-1) in R. The final RF model was fitted with 1000 trees, and five candidate values of the 
mtry parameter were evaluated. Performance on the held-out test set was assessed using 
the confusion matrix, AUC, overall accuracy, Cohen’s κ, sensitivity, specificity, precision, 
F1-score, and false-positive and false-negative rates. Variable importance was calculated to 
identify the wavelengths contributing most strongly to species discrimination.

3. Results
3.1. Morphological Responses to Light and Far-Red Light

Descriptive statistics in Table 3 and the distribution of individual observations in 
Figure 3 revealed clear differences between species and treatments. P. sativum generally 
exhibited greater shoot height than D. stramonium, whereas D. stramonium had substantially 
greater shoot diameter and leaf area. FR supplementation significantly increased D. stra-
monium shoot height from 17.49 ± 4.46 to 28.42 ± 6.63 cm under higher PPFD (p < 0.001) 
and from 15.10 ± 2.29 to 30.38 ± 7.56 cm under lower PPFD (p < 0.001). In contrast, shoot 
height in P. sativum remained relatively stable across treatments, ranging from 33.22 ± 9.74 
to 35.30 ± 9.35 cm, with no significant FR effect.

Table 3. Morphological traits of P. sativum and D. stramonium under different PPFD and far-red 
(FR) treatments.

Species FR PPFD Shoot Height 
(cm) No. Leaves Shoot Diameter 

(mm)
Root Length 

(cm)
Leaf Area 

(cm2 )

D. stramonium N H 17.49 ± 4.46 9.07 ± 2.59 6.51 ± 1.64 35.85 ± 9.33 567.71 ± 388.89
D. stramonium N L 15.10 ± 2.29 9.86 ± 2.48 6.28 ± 1.50 42.86 ± 14.51 837.01 ± 569.54
D. stramonium Y H 28.42 ± 6.63 *** 10.93 ± 3.63 7.47 ± 1.92 42.38 ± 15.66 628.13 ± 422.56
D. stramonium Y L 30.38 ± 7.56 *** 11.07 ± 3.36 7.82 ± 1.45 * 42.39 ± 18.77 908.81 ± 404.26

P. sativum N H 34.30 ± 7.78 11.55 ± 1.63 2.42 ± 0.24 37.73 ± 7.11 202.57 ± 78.32
P. sativum N L 33.22 ± 9.74 11.09 ± 1.81 2.09 ± 0.28 41.75 ± 8.40 182.85 ± 102.34
P. sativum Y H 35.30 ± 9.35 10.60 ± 2.12 2.18 ± 0.48 47.80 ± 8.04 200.62 ± 94.26
P. sativum Y L 33.78 ± 6.92 11.33 ± 2.00 2.12 ± 0.41 44.98 ± 12.30 180.47 ± 77.38

Values are presented as means ± SD. Asterisks indicate significant effects of FR supplementation 
compared with the corresponding non-FR treatment within the same species and PPFD level, based on 
Tukey-adjusted simple-effects comparisons: p < 0.05 (*) and p < 0.001 (***). N, without supplemental 
FR; Y, with supplemental FR; H, higher PPFD; L, lower PPFD.

Leaf number varied only slightly across treatments, and no significant FR effects were 
detected in either species. Shoot diameter was consistently greater in D. stramonium than in 
P. sativum. Under lower PPFD, FR supplementation significantly increased D. stramonium 
shoot diameter from 6.28 ± 1.50 to 7.82 ± 1.45 mm (p < 0.05). The corresponding increase 
under higher PPFD, from 6.51 ± 1.64 to 7.47 ± 1.92 mm, was not significant. Shoot diameter 
in P. sativum remained comparatively stable. Root length varied among treatment means, 
but none of the FR comparisons was statistically significant.

D. stramonium also exhibited substantially greater leaf area than P. sativum. The largest 
mean leaf area was recorded for D. stramonium under FR supplementation and lower PPFD 
(908.81 ± 404.26 cm2 ). However, the apparent differences in leaf area between FR and non-FR 
treatments were not statistically significant. Leaf area in P. sativum ranged from 180.47 ± 77.38 
to 202.57 ± 78.32 cm2  and showed no significant response to FR supplementation.
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Figure 3. Effects of light intensity (photosynthetic photon flux density, PPFD; high and low) and 
far-red light supplementation (FR; present and absent) on the morphological traits of P. sativum 
and D. stramonium. Boxplots show the distribution of shoot height, shoot diameter, root length, leaf 
number, and leaf area for each treatment combination. The center line represents the median, the box 
indicates the interquartile range (IQR), whiskers extend to 1.5 × IQR, and individual points represent 
measurements from individual plants. Sample sizes were n = 14 per treatment for D. stramonium and 
n = 11, 10, 11, and 9 for P. sativum under NH, YH, NL, and YL, respectively.

3.1.1. Multivariate Results (MANOVA, Wilks’ Lambda)
A three-way MANOVA, as shown in Table 4, revealed a significant multivariate effect 

of species on morphological traits (Wilks’ Lambda = 0.040, F(5, 84) = 405.14, p < 0.001), 
indicating clear differences between P. sativum and D. stramonium. Far-red light also had 
a significant multivariate effect (Wilks’ Lambda = 0.718, F(5, 84) = 6.61, p < 0.001). In 
contrast, light intensity (PPFD) did not significantly affect the combined morphological 
variables (Wilks’ Lambda = 0.900, F(5, 84) = 1.88, p = 0.107).

Table 4. Multivariate effects of species, far-red light (FR), and light intensity (PPFD) on plant 
morphological traits, based on Wilks’ Lambda.

Source of Variation Wilks’ Lambda (𝛌) F (df = 5, 84) p-Value

Species 0.040 405.14 <0.001 ***
FR level 0.718 6.61 <0.001 ***
PPFD level 0.900 1.88 0.107
Species × FR 0.764 5.18 <0.001 ***
Species × PPFD 0.930 1.27 0.284
FR × PPFD 0.919 1.48 0.206
Species × FR × PPFD 0.950 0.88 0.495

Wilks’ Lambda (Λ\Lambda) ranges from 0 to 1; smaller values indicate stronger multivariate group 
differences, whereas values closer to 1 indicate weaker separation. Significance: *** p < 0.001.

A significant interaction between species and far-red light was detected (Wilks’ Lambda 
= 0.764, F(5, 84) = 5.18, p < 0.001), suggesting that the response to far-red radiation 
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differed between the two species. However, no significant interactions were observed for 
species × light intensity (Wilks’ Lambda = 0.930, F(5, 84) = 1.27, p = 0.284), far-red × light 
intensity (Wilks’ Lambda = 0.919, F(5, 84) = 1.48, p = 0.206), or the three-way interaction 
(Wilks’ Lambda = 0.950, F(5, 84) = 0.884, p = 0.495).

3.1.2. Trait-Specific Effects
Following the significant multivariate effects, univariate ANOVAs were conducted to 

identify which morphological traits contributed to these differences, as shown in Table 5.

Table 5. Results of three-way ANOVA examining the effects of species, far-red light (FR), and light 
intensity (PPFD) on plant morphological traits. Values are F-statistics with partial η2  in parentheses.

Source of Variation Shoot Height 
(cm) Leaf Number Root Length (cm) Leaf Area (ln) Stem Diameter (ln)

Species 61.40 *** (0.408) 2.82 (0.031) 0.69 (0.008) 56.81 *** (0.390) 336.73 *** (0.791)
FR 23.17 *** (0.207) 1.19 (0.013) 3.36 (0.036) 0.20 (0.002) 4.77 (0.051)
PPFD 0.28 (0.003) 0.31 (0.003) 0.61 (0.007) 3.12 (0.034) 0.06 (0.001)
Species × FR 18.25 *** (0.170) 3.03 (0.033) 0.47 (0.005) 0.22 (0.003) 6.67 ** (0.070)
Species × PPFD 0.14 (0.002) 0.09 (0.001) 0.30 (0.003) 4.18 * (0.045) 0.23 (0.003)
FR × PPFD 0.46 (0.005) 0.06 (0.001) 1.71 (0.019) 0.00 (0.000) 0.67 (0.007)
Species × FR × PPFD 0.69 (0.008) 0.71 (0.008) 0.00 (0.000) 0.00 (0.000) 0.09 (0.001)

Values are F-statistics from three-way ANOVA (df = 1, 88). *, p < 0.05; **, p < 0.01; ***, p < 0.001. Leaf 
area and stem diameter were natural log-transformed before analysis.

Species significantly affected shoot height (F(1, 88) = 58.74, p < 0.001), leaf area 
(log-transformed; F(1, 88) = 104.25, p < 0.001), and stem diameter (log-transformed; F(1, 
88) = 690.50, p < 0.001), indicating clear morphological differences between P. sativum and 
D. stramonium. In contrast, species had no significant effect on leaf number (F(1, 88) = 2.49, 
p = 0.118) or root length (F(1, 88) = 0.89, p = 0.347). Far-red radiation (FR) significantly 
affected shoot height (F(1, 88) = 24.42, p < 0.001) but had no significant effects on leaf 
number (F(1, 88) = 1.37, p = 0.245), root length (F(1, 88) = 2.90, p = 0.092), leaf area (F(1, 
88) = 0.08, p = 0.776), or stem diameter (F(1, 88) = 2.31, p = 0.132). Light intensity (PPFD) 
did not significantly affect any measured morphological trait (p > 0.05).

A significant Species × FR interaction was observed for both shoot height (F(1, 
88) = 16.92, p < 0.001) and stem diameter (F(1, 88) = 6.98, p = 0.010). Simple-effects 
analysis showed that far-red radiation significantly increased shoot height in D. stramonium 
(estimate = 13.10 cm, p < 0.001), whereas no significant effect was detected in P. sativum 
(p = 0.723). Similarly, far-red radiation significantly increased shoot diameter in D. stra-
monium (p = 0.0017), while no significant effect was observed in P. sativum (p = 0.370). 
These results indicate that D. stramonium exhibited a stronger morphological response to 
far-red radiation than P. sativum under the experimental conditions. The Species × PPFD 
interaction was significant for leaf area (F(1, 88) = 4.02, p = 0.048), whereas the FR × PPFD 
and Species × FR × PPFD interactions were not significant for any measured trait (p > 0.05).

3.2. Biomass Responses to Light Intensity and Far-Red
Biomass allocation patterns differed markedly between species and treatments 

(Figure S3; Table 6). Overall, D. stramonium produced greater mean shoot and root biomass 
than P. sativum under all conditions.

Shoot dry weight showed a species-specific numerical response to FR supplementa-
tion. In D. stramonium, shoot dry weight increased under lower PPFD from 2.66 ± 1.95 g 
without FR to 3.93 ± 2.45 g with FR, although this difference was not statistically significant 
(p = 0.124). A smaller, nonsignificant increase was observed under higher PPFD. In contrast, 
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P. sativum exhibited relatively low and stable shoot dry weight across treatments, ranging 
from 0.77 ± 0.35 to 1.06 ± 0.69 g, with no significant FR effects.

Table 6. Biomass traits of P. sativum and D. stramonium under different PPFD and far-red 
(FR) treatments.

Species FR PPFD Shoot Dry Weight (g) Root Dry Weight 
(g) Whole-Plant Dry Weight (g)

D. stramonium N H 1.67 ± 1.34 1.37 ± 0.80 3.04 ± 2.00
D. stramonium N L 2.66 ± 1.95 1.68 ± 0.42 4.34 ± 2.29
D. stramonium Y H 2.09 ± 1.87 2.21 ± 0.80 ** 4.30 ± 2.63
D. stramonium Y L 3.93 ± 2.45 1.69 ± 0.43 5.61 ± 2.82

P. sativum N H 0.95 ± 0.58 0.95 ± 0.36 1.91 ± 0.85
P. sativum N L 0.77 ± 0.35 1.09 ± 0.17 1.86 ± 0.46
P. sativum Y H 1.06 ± 0.69 1.29 ± 0.25 2.35 ± 0.75
P. sativum Y L 0.88 ± 0.48 1.30 ± 0.15 2.18 ± 0.58

Values are presented as means ± SD. Asterisks indicate significant effects of FR supplementation 
compared with the corresponding non-FR treatment within the same species and PPFD level, based 
on Tukey-adjusted simple-effects comparisons: ** p < 0.001. N, without supplemental FR; Y, with 
supplemental FR; H, higher PPFD; L, lower PPFD.

Root dry weight responded differently between species. In P. sativum, root dry weight 
increased slightly under FR supplementation, particularly under lower PPFD, reaching 
1.30 ± 0.15 g; however, these differences were not significant. In D. stramonium, FR signif-
icantly increased root dry weight under higher PPFD, from 1.37 ± 0.80 to 2.21 ± 0.80 g 
(p < 0.001). Under lower PPFD, root dry weight was similar between the non-FR and FR 
treatments (1.68 ± 0.42 and 1.69 ± 0.43 g, respectively).

Whole-plant dry biomass followed patterns similar to shoot dry weight. D. stramonium 
produced greater mean whole-plant dry biomass than P. sativum under all treatments. 
The highest value was recorded in D. stramonium under combined FR supplementation 
and lower PPFD (5.61 ± 2.82 g), followed by FR supplementation under higher PPFD 
(4.30 ± 2.63 g). However, the FR simple effects on whole-plant dry biomass were not 
statistically significant. In contrast, P. sativum exhibited relatively small differences among 
treatments, with whole-plant dry biomass ranging from 1.86 ± 0.46 to 2.35 ± 0.75 g.

PPFD had little effect on biomass in P. sativum. In FR-treated D. stramonium, however, 
lower PPFD resulted in significantly greater shoot dry weight (p = 0.008) but significantly 
lower root dry weight (p = 0.035) compared with higher PPFD. No significant PPFD effect 
was detected for whole-plant dry biomass.

3.2.1. Multivariate Biomass Effects
A three-way MANOVA (Table 7) showed significant multivariate effects of species 

and far-red radiation (FR) on biomass traits (shoot, root, and whole-plant dry weight). 
Species had a strong effect on biomass (Wilks’ Lambda = 0.685, F(3, 87) = 13.32, p < 0.001), 
indicating clear differences between P. sativum and D. stramonium. Far-red radiation also 
significantly affected biomass (Wilks’ Lambda = 0.854, F(3, 87) = 4.94, p = 0.003). In 
contrast, light intensity (PPFD) did not significantly influence biomass overall (Wilks’ 
Lambda = 0.949, F(3, 87) = 1.56, p = 0.206).

Significant interactions were observed between species and light intensity (Wilks’ 
Lambda = 0.844, F(3, 87) = 5.35, p = 0.002), as well as between far-red radiation and light 
intensity (Wilks’ Lambda = 0.859, F(3, 87) = 4.75, p = 0.004), indicating that biomass 
responses to light conditions differed depending on species and treatment combinations.
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Table 7. Multivariate effects of species, far-red light (FR), and light intensity (PPFD) on shoot DW, 
root DW, and whole plant DW, based on Wilks’ Lambda.

Source of Variation Wilks’ Lambda F (df = 3, 87) p-Value

Species 0.685 13.32 p < 0.001 ***
FR 0.854 4.94 0.003 **
PPFD 0.949 1.56 0.206
Species × PPFD 0.976 0.72 0.546
PPFD × FR 0.844 5.35 0.002 **
Species × FR 0.859 4.75 0.004 **
Species × PPFD × FR 0.932 2.11 0.105

Wilks’ Lambda (Λ\Lambda) ranges from 0 to 1; smaller values indicate stronger multivariate group dif-
ferences, whereas values closer to 1 indicate weaker separation. Significance: ** p < 0.01; *** p < 0.001.

The interaction between species and far-red radiation was not significant (Wilks’ 
Lambda = 0.976, F(3, 87) = 0.72, p = 0.546). Likewise, the three-way interaction among 
species, PPFD, and far-red radiation was not significant (Wilks’ Lambda = 0.932, F(3, 
87) = 2.11, p = 0.105), indicating that the combined effect of all three factors on biomass 
traits was limited.

3.2.2. Trait-Specific Effects (ANOVA, Biomass)
Following the significant multivariate effects, univariate ANOVAs were conducted 

to determine which biomass traits contributed to these patterns (Table 8). Species had 
a significant effect on shoot biomass (F(1, 89) = 33.39, p < 0.001), root biomass (F(1, 
89) = 29.78, p < 0.001), and whole-plant biomass (F(1, 89) = 32.19, p < 0.001), indicating 
clear differences in biomass production between P. sativum and D. stramonium. Far-red 
radiation (FR) significantly affected root biomass (F(1, 89) = 13.71, p < 0.001) and whole-
plant biomass (F(1, 89) = 4.29, p = 0.041) but had no significant effect on shoot biomass 
(F(1, 89) = 1.82, p = 0.181). Light intensity (PPFD) showed a marginal effect on shoot 
biomass (F(1, 89) = 3.75, p = 0.056) but did not significantly influence root biomass (F(1, 
89) = 0.21, p = 0.647) or whole-plant biomass (F(1, 89) = 2.28, p = 0.134).

Table 8. Results of three-way ANOVA examining the effects of species, far-red light (FR), and light 
intensity (PPFD) on shoot, root dry, and whole plant biomass (square-root-transformed). Values are 
F-statistics with partial η2  in parentheses.

Source of Variation Shoot Biomass Root Biomass Whole-Plant Biomass

Species 33.39 *** (0.273) 29.78 *** (0.251) 32.19 *** (0.266)
FR 1.82 (0.020) 13.71 *** (0.133) 4.29 * (0.046)
PPFD 3.75 † (0.040) 0.21 (0.002) 2.28 (0.025)
Species × FR 0.91 (0.010) 0.17 (0.002) 1.25 (0.014)
Species × PPFD 7.40 ** (0.077) 0.45 (0.005) 3.19 (0.035)
FR × PPFD 0.41 (0.005) 6.31 * (0.066) 0.01 (<0.001)
Species × FR × PPFD 0.33 (0.004) 2.45 (0.027) 0.01 (<0.001)

Values are F-statistics from three-way ANOVA (df = 1, 89), with partial η2  shown in parentheses. 
Biomass variables were square-root-transformed prior to analysis. † p < 0.10; * p < 0.05; ** p < 0.01; 
*** p < 0.001.

A significant interaction between species and light intensity (Species × PPFD) was 
observed for shoot biomass (F(1, 89) = 7.40, p = 0.008), indicating that the effect of light 
intensity differed between the two species. In contrast, this interaction was not significant 
for root biomass or whole-plant biomass. The interaction between far-red radiation and 
light intensity (FR × PPFD) significantly affected root biomass (F(1, 89) = 6.31, p = 0.014), 
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suggesting that the effect of far-red radiation on root growth depended on light intensity 
conditions. No significant effects were observed for the Species × FR interaction or the three-
way interaction (Species × FR × PPFD) for shoot, root, or whole-plant biomass (p > 0.05).

3.3. Biomass Allocation Strategy
3.3.1. Root Mass Fraction (RMF)

Descriptive statistics (Table 9) and the distribution of individual observations (Figure S4) 
revealed clear differences in biomass allocation between species and treatments. Overall, P. 
sativum exhibited consistently higher root mass fraction (RMF) than D. stramonium across 
most conditions, indicating a greater proportional investment in belowground biomass.

Table 9. Mean ± standard deviation (SD) of root mass fraction (RMF) of P. sativum and D. stramonium 
under different combinations of far-red light (FR) and light intensity (PPFD).

Species FR PPFD RMF

D. stramonium N H 0.496 ± 0.115
D. stramonium Y H 0.553 ± 0.103
D. stramonium N L 0.469 ± 0.066
D. stramonium Y L 0.416 ± 0.062
P. sativum N H 0.512 ± 0.082
P. sativum Y H 0.556 ± 0.111
P. sativum N L 0.560 ± 0.073
P. sativum Y L 0.571 ± 0.084

Across all treatments, RMF values were generally higher in P. sativum (approximately 
0.51–0.57) compared to D. stramonium (approximately 0.42–0.55), suggesting contrasting 
biomass allocation strategies between the two species. Far-red light influenced RMF differ-
ently between species. In Pisum sativum, RMF slightly increased under far-red conditions 
across both light intensities (e.g., from 0.512 to 0.556 under high light, and from 0.560 to 0.571 
under low light). In contrast, D. stramonium showed a decrease in RMF under far-red light 
at low light intensity (from 0.469 to 0.416), while RMF increased slightly under high light 
(from 0.496 to 0.553), indicating a more variable response to light quality. Light intensity 
had contrasting effects on RMF between species. In Pisum sativum, RMF tended to increase 
under low light conditions, particularly under far-red supplementation. Conversely, in D. 
stramonium, RMF decreased under low light, especially with far-red radiation, suggesting 
reduced allocation to roots under combined shade-like conditions.

The interaction between far-red light and light intensity was particularly evident in 
D. stramonium, where RMF declined sharply under the combined treatment of low light 
and far-red radiation. In contrast, P. sativum showed relatively stable or slightly increasing 
RMF across treatments, indicating a more conservative allocation strategy. These RMF 
patterns suggest contrasting biomass allocation strategies between the two species, with D. 
stramonium allocating proportionally less biomass to roots under low light combined with 
far-red radiation.

3.3.2. Trait-Specific Effects on Root Mass Fraction (RMF)
Following the descriptive patterns, a three-way ANOVA was conducted to assess the 

effects of species, far-red light (FR), and light intensity (PPFD) on root mass fraction (RMF) 
(Table 10).

Species significantly affected RMF (F(1, 89) = 13.19, p < 0.001), indicating clear differ-
ences in biomass allocation between P. sativum and D. stramonium. In contrast, neither far-red 
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light (F(1, 89) = 0.66, p = 0.418) nor light intensity (PPFD) (F(1, 89) = 1.90, p = 0.172) had 
a significant main effect on RMF.

Table 10. Results of three-way ANOVA examining the effects of species, far-red light (FR), and light 
intensity (PPFD) on root mass fraction (RMF).

Source of Variation RMF

Species 13.19 ***
FR 0.66
PPFD 1.90
Species × FR 0.49
Species × PPFD 9.65 **
FR × PPFD 3.81 †
Species × FR × PPFD 1.10

Note: Values are F-statistics from three-way ANOVA (df = 1, 89). † p < 0.10; ** p < 0.01; *** p < 0.001.

A significant interaction between species and light intensity was observed (F(1, 
89) = 9.65, p = 0.003), indicating that the effect of light intensity on RMF differed be-
tween the two species. Additionally, a marginal interaction between far-red light and light 
intensity was detected (F(1, 89) = 3.81, p = 0.054), suggesting a weak combined effect of 
these factors on biomass allocation. No significant interactions were found for species × far-
red light (F(1, 89) = 0.49, p = 0.488) or for the three-way interaction (F(1, 89) = 1.10, 
p = 0.297).

3.4. Spectral and Physiological Responses (PCA-Based)
3.4.1. Principal Component Analysis of Spectral Indices

Principal component analysis (PCA) was conducted to reduce dimensionality and 
summarize variation among the measured spectral and physiological indices (SPAD, NDVI, 
RDVI, EVI, MCARI, CRI, ARI, SIPI, PRI, PWI, and SRWI). Prior to PCA, all variables were 
standardized (z-score transformation; mean = 0 and standard deviation = 1) to ensure 
equal contribution of variables measured on different scales. The first three principal 
components explained 72.4% of the total variance, with PC1 accounting for 30.6% and 
PC2 for 27.0% (Table S1, Figure S5). Therefore, interpretation focused primarily on these 
two components, which together explained 57.6% of the variation. Accordingly, PCA was 
interpreted as an exploratory representation of the dominant species- and treatment-related 
spectral gradients rather than as a classification model.

PC1 was positively associated with vegetation and greenness indices (Table S2), in-
cluding the NDVI (R800, R670), RDVI (R800, R670), EVI (R840, R670, R450), MCARI 
(R800, R670, R550), PRI (R531, R570), and SRWI (R860, R1240), and negatively associated 
with the ARI (R550, R700), SIPI (R800, R445), and PWI (R970, R900). These indices are 
primarily driven by reflectance in the red (~670 nm) and near-infrared (~800–840 nm) 
regions, indicating that PC1 represents a gradient related to plant vigor, chlorophyll content, 
and canopy structure, rather than pigment- and water-related responses.

In contrast, PC2 explained 27.0% of the variance and was primarily influenced by 
indices such as the CRI (R510, R550), PRI (R531, R570), SRWI (R860, R1240), and NDVI 
(R800, R670). PC2 therefore represented optical contrast involving carotenoid-sensitive and 
photochemical-reflectance indices, along with water-, structural-, and greenness-related 
indices. These loadings describe covariance among spectral indicators but do not directly 
demonstrate changes in carotenoid activity or photosynthetic efficiency.
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3.4.2. Species Differentiation in PCA Space
The PCA biplot revealed a clear separation between species along the first principal 

component (Figure 4). P. sativum samples were predominantly distributed on the positive 
side of PC1 and were associated with higher values of the NDVI, RDVI, and MCARI as well 
as related indices, including the EVI, indicating stronger chlorophyll absorption in the red 
region (~670 nm) and higher reflectance in the near-infrared (~800 nm). These spectral 
characteristics are consistent with differences in chlorophyll-related reflectance and canopy 
properties between the two species, although they do not directly indicate differences in 
photosynthetic efficiency.

Figure 4. Principal component analysis (PCA) biplot showing the distribution of P. sativum and D. 
stramonium based on spectral and physiological indices. SPAD, Soil–Plant Analysis Development 
chlorophyll index; NDVI, normalized difference vegetation index; RDVI, renormalized difference 
vegetation index; EVI, enhanced vegetation index; MCARI, modified chlorophyll absorption ratio 
index; PRI, photochemical reflectance index; CRI, carotenoid reflectance index; SRWI, simple ratio 
water index; PWI, plant water index; ARI, anthocyanin reflectance index; SIPI, structure-insensitive 
pigment index.

In contrast, D. stramonium samples were mainly located on the negative side of PC1 and 
were associated with indices such as the ARI and SIPI, which are linked to reflectance in the 
green (~550 nm) and red-edge (~700 nm) regions. This suggests a greater role of pigment 
regulation and stress-related spectral responses in this species. These results indicate that 
species identity was the primary source of separation in the PCA, whereas treatment effects 
contributed to variation within each species rather than driving the overall clustering.

The CRI, PRI, and NDVI loaded positively within the first two principal components, 
although their relative contributions differed. The CRI was more strongly associated with 
PC2, whereas the NDVI contributed more strongly to PC1, with the PRI occupying an 
intermediate position. Thus, the biplot did not indicate a strictly inverse relationship among 
these indices. Instead, their different orientations suggest that they captured partly distinct 
optical information related to carotenoid-sensitive absorption, photochemical reflectance, 
chlorophyll absorption, and structural scattering. These vector relationships represent 
covariance among the indices and not direct physiological causation.
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3.4.3. Effects of Light Treatments on PCA Patterns
Grouping of samples by far-red (FR) treatment and PPFD levels showed partial overlap 

among treatment groups (Figures 5, 6 and S6), indicating that treatment effects were 
less pronounced than species differences in the multivariate space. Thus, PCA primarily 
reflected species-related variation, while FR and PPFD influenced sample distribution 
within species. However, some directional trends were observed. Plants exposed to far-
red radiation tended to align more closely with indices related to pigment composition, 
such as the PRI and CRI, suggesting adjustments in carotenoid-related spectral responses. 
Variations in PPFD also influenced sample distribution across PC1 and PC2, although 
separation remained less distinct than between species. Overall, the substantial overlap 
among treatment groups indicates that FR and PPFD modified spectral characteristics 
without fully separating the multivariate space. These findings suggest that light treatments 
influenced the spectral and physiological responses of both species, but their effects were 
secondary to the inherent differences between P. sativum and D. stramonium.

Figure 5. Principal component analysis (PCA) biplot showing the distribution of samples under far-
red radiation treatments (absence, N; presence, Y) based on spectral and physiological indices. SPAD, 
Soil–Plant Analysis Development chlorophyll index; NDVI, normalized difference vegetation index; 
RDVI, renormalized difference vegetation index; MSAVI, modified soil-adjusted vegetation index; 
EVI, enhanced vegetation index; PRI, photochemical reflectance index; CRI, carotenoid reflectance 
index; RWI, ratio water index; PWI, plant water index; ARI, anthocyanin reflectance index; SIPI, 
structure-insensitive pigment index.

3.4.4. Contribution of Spectral Indices
Analysis of variable contributions (Figure 7) showed that the NDVI, RDVI, EVI, and 

MCARI contributed strongly to PC1, confirming that chlorophyll-related and structural 
indices primarily drove variation. Indices such as the CRI and PRI contributed more strongly 
to PC2, reflecting their role in pigment composition and physiological regulation. In contrast, 
the ARI and SIPI were negatively associated with PC1, highlighting their contrasting role in 
pigment-related variation. These results demonstrate that variation in chlorophyll content, 
canopy reflectance, and pigment composition collectively structure the multivariate spectral 
responses observed in this study.
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Figure 6. Principal component analysis (PCA) biplot showing the distribution of samples under 
different light intensity treatments (high, H; low, L) based on spectral and physiological indices. 
PPFD, photosynthetic photon flux density; SPAD, Soil–Plant Analysis Development chlorophyll index; 
NDVI, normalized difference vegetation index; RDVI, renormalized difference vegetation index; 
MSAVI, modified soil-adjusted vegetation index; EVI, enhanced vegetation index; PRI, photochemical 
reflectance index; CRI, carotenoid reflectance index; RWI, ratio water index; PWI, plant water index; 
ARI, anthocyanin reflectance index; SIPI, structure-insensitive pigment index.

Figure 7. Variable factor map showing the contribution of spectral and physiological indices to the 
first two principal components (PC1 and PC2). SPAD, Soil–Plant Analysis Development chlorophyll 
index; NDVI, normalized difference vegetation index; RDVI, renormalized difference vegetation 
index; MCARI, modified chlorophyll absorption ratio index; PRI, photochemical reflectance index; 
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CRI, carotenoid reflectance index; SRWI, simple ratio water index; PWI, plant water index; ARI, 
anthocyanin reflectance index; SIPI, structure-insensitive pigment index.

3.4.5. Statistical Analysis of Principal Components
To validate the patterns observed in the PCA, multivariate analysis of variance 

(MANOVA) was performed on the principal component scores (PC1–PC3), followed by 
univariate ANOVA for each component.

The multivariate analysis (Table 11) revealed a strong effect of species on the combined 
principal components (Wilks’ Lambda = 0.463, F(3, 87) = 33.61, p < 0.001), indicating clear 
physiological and spectral divergence between P. sativum and D. stramonium. Significant 
effects were also detected for FR (Wilks’ Lambda = 0.861, F(3, 87) = 4.68, p = 0.004), 
PPFD (Wilks’ Lambda = 0.710, F(3, 87) = 11.84, p < 0.001) and the interaction between 
species and FR (Wilks’ Lambda = 0.790, F(3, 87) = 7.69, p < 0.001). In contrast, the 
interaction between species and PPFD (Wilks’ Lambda = 0.950, F(3, 87) = 1.53, p = 0.212), 
the interaction FR × PPFD (Wilks’ Lambda = 0.925, F(3, 87) = 2.34, p = 0.079), and the 
three-way interaction (Species × PPFD × FR) (Wilks’ Lambda = 0.964, F(3, 87) = 1.09, 
p = 0.359) were not statistically significant.

Table 11. Multivariate analysis of variance (MANOVA) showing the effects of species, far-red light 
(FR), and light intensity (PPFD) on principal component scores (PC1–PC3).

Source of Variation Wilks’ 𝛌 F (df = 3, 87) p-Value

Species 0.463 33.61 <0.001 ***
FR_level 0.861 4.68 0.004 **
PPFD_level 0.710 11.84 <0.001 ***
Species × FR_level 0.790 7.69 <0.001 ***
Species × PPFD_level 0.950 1.53 0.212
FR_level × PPFD_level 0.925 2.34 0.079
Species × FR_level × PPFD_level 0.964 1.09 0.359

Wilks’ Lambda (Λ\Lambda) ranges from 0 to 1; smaller values indicate stronger multivariate group dif-
ferences, whereas values closer to 1 indicate weaker separation. Significance: ** p < 0.01; *** p < 0.001.

Univariate ANOVA (Table 12) further clarified how experimental factors influenced 
individual principal components. PC1 was strongly affected by species (F(1, 89) = 32.09, 
p < 0.001), confirming that this axis primarily represents species-related variation, as ob-
served in the PCA biplot. In addition, far-red radiation (FR) significantly affected PC1 
(F(1, 89) = 5.21, p = 0.025), and a significant interaction between species and FR was de-
tected (F(1, 89) = 13.99, p < 0.001), indicating species-specific responses to far-red light. A 
smaller but significant interaction between FR and PPFD was also observed (F(1, 89) = 4.10, 
p = 0.046), whereas PPFD alone did not significantly affect PC1 (F(1, 89) = 1.82, p = 0.180).

PC2 was significantly influenced by species (F(1, 89) = 42.38, p < 0.001) and light 
intensity PPFD (F(1, 89) = 32.71, p < 0.001), suggesting that this component reflects both 
inherent species differences and responses to light intensity. In contrast, far-red radiation 
and all interaction terms had no significant effects on PC2 (p > 0.05).

PC3 showed weaker and less consistent responses. Although significant effects of FR 
(F(1, 89) = 7.28, p = 0.008) and the interaction between species and FR (F(1, 89) = 9.95, 
p = 0.002) were observed, this component explained a relatively small proportion of total 
variance and lacked a clear biological interpretation. Therefore, subsequent analyses focused 
primarily on PC1 and PC2.

Because the PCA indicated a weak association between SPAD and the hyperspec-
tral indices, an additional regression analysis was performed for SPAD and the MCARI 
(Figure 8). The MCARI was positively associated with SPAD in D. stramonium (slope = 8.56, 
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95% CI = 3.17–13.95, R2R^2 = 0.158, p = 0.002), whereas the relationship was not signif-
icant in P. sativum (slope = −1.96, 95% CI = −6.22–2.29, R2R^2 = 0.022, p = 0.356). The 
MCARI × species interaction was significant (p = 0.0027) and remained significant after 
accounting for FR and PPFD (p = 0.016). The pooled relationship was nonsignificant 
(R2R^2 = 0.016, p = 0.213), indicating that the relationship between the MCARI and SPAD 
was species-dependent.

Figure 8. Relationship between MCARI and SPAD in P. sativum and D. stramonium. Lines represent 
species-specific linear regressions, and shaded areas represent 95% confidence intervals (n = 41 for P. 
sativum and n = 56 for D. stramonium).

Table 12. Results of three-way ANOVA examining the effects of species, far-red light (FR), and light 
intensity (PPFD) on principal component scores (PC1–PC3).

Source of Variation PC1 (F) PC2 (F) PC3 (F)

Species 32.09 *** (0.265) 42.38 *** (0.323) 1.76 (0.019)
FR_level 5.21 * (0.055) 2.60 (0.028) 7.28 ** (0.076)
PPFD_level 1.83 (0.020) 32.71 *** (0.269) 2.70 (0.029)
Species × FR_level 13.99 *** (0.136) 0.08 (0.001) 9.95 ** (0.101)
Species × PPFD_level 2.23 (0.024) 1.78 (0.020) 1.29 (0.014)
FR_level × PPFD_level 4.10 * (0.044) 0.53 (0.006) 1.44 (0.016)
Species × FR_level × PPFD_level 0.02 (0.000) 2.87 (0.031) 0.05 (0.001)

Values are F-statistics from three-way ANOVA (df = 1, 89), with partial η2  shown in parentheses. 
*** p < 0.001; ** p < 0.01; * p < 0.05.

3.4.6. Random Forest Classification of Crop and Weed Species
To evaluate discrimination between P. sativum and D. stramonium, a Random Forest clas-

sifier was developed using the cleaned hyperspectral dataset. Model tuning was performed 
on 69 training samples using five-fold cross-validation repeated ten times, and classification 
performance was evaluated using 28 held-out test samples. The model achieved an AUC 
of 0.839 (Figure 9), an overall test accuracy of 75.0%, and a Cohen’s κ of 0.473, indicating 
good discriminatory ability and moderate agreement beyond chance. The confusion matrix 
showed that 14 of 16 D. stramonium samples and 7 of 12 P. sativum samples were correctly 
classified. With D. stramonium defined as the positive class, sensitivity was 87.5%, speci-
ficity was 58.3%, precision was 73.7%, and the F1-score was 80.0%. The false-negative and 
false-positive rates were 12.5% and 41.7%, respectively, indicating that the model was more 
successful at detecting D. stramonium than correctly identifying P. sativum.
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Figure 9. Receiver operating characteristic (ROC) curve of the Random Forest classifier for dis-
criminating P. sativum and D. stramonium. The model achieved an area under the curve (AUC) of 
0.839, indicating good classification performance. The black dashed diagonal line represents the 
performance of a random classifier (AUC = 0.5), serving as a reference for evaluating the model’s 
discriminatory ability.

Variable importance analysis showed that wavelengths primarily in the red spectral 
region (649–668 nm) contributed most to species classification (Figure 10), corresponding to 
the major chlorophyll absorption region and reflecting differences in leaf optical properties 
between the crop and weed species. A secondary important wavelength was identified 
near 2009 nm, suggesting that differences in biochemical composition and dry matter 
characteristics also contributed to species discrimination.

Figure 10. Top 20 wavelengths contributing to Random Forest classification of P. sativum and D. 
stramonium based on variable importance.
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Examination of wavelength importance across the full spectrum (Figure 11) showed 
that, although useful information was distributed throughout the hyperspectral range, the 
strongest discriminatory signal occurred around 650–670 nm, with additional contributions 
in the short-wave infrared region near 1450–1500 nm and 2000–2400 nm. These findings are 
consistent with the PCA results, confirming that species identity was primarily associated 
with differences in chlorophyll absorption and leaf biochemical characteristics.

Figure 11. Variable importance across the hyperspectral range (350–2500 nm) derived from the Random 
Forest classifier. Peaks indicate wavelengths contributing most strongly to species discrimination.

4. Discussion
4.1. Species-Specific Morphological Responses to Light Intensity and Far-Red Radiation

Light quality and quantity are major environmental signals regulating plant growth, 
architecture, and resource acquisition through coordinated photoreceptor-mediated path-
ways. In the present study, however, morphological responses were driven primarily by 
species identity and far-red (FR) radiation rather than by PPFD alone, as evidenced by the 
significant multivariate effects of species and FR, whereas PPFD had no significant overall 
effect on the measured morphological traits. This distinction matters because it indicates 
that light spectrum had a greater influence on plant architecture than irradiance under the 
experimental conditions. Similar responses have been reported in horticultural crops, where 
FR radiation promotes stem elongation and leaf expansion through phytochrome-mediated 
signaling [24,65,66].

The clearest morphological response was observed for shoot height. FR supplementa-
tion increased D. stramonium shoot height by 62.5% under higher PPFD and 101.2% under 
lower PPFD, whereas P. sativum showed no significant response, consistent with the signifi-
cant Species × FR interaction. This response is characteristic of shade-avoidance syndrome, 
in which a reduced R:FR ratio shifts phytochrome B (phyB) toward its inactive form and 
decreases phyB-mediated suppression of phytochrome-interacting factors, including PIF4, 
PIF5, and PIF7 [67,68]. Increased PIF activity regulates auxin biosynthesis and signaling, 
thereby promoting cell expansion and stem elongation [68,69]. Shade-induced elongation 
is not regulated by auxin alone, however, but involves coordinated signaling among auxin, 
gibberellins, and brassinosteroids. BZR1, ARF6, and PIF4 form an interacting transcriptional 
module that integrates brassinosteroid, auxin, and light signals, while gibberellins promote 
elongation by inducing DELLA degradation and consequently releasing DELLA-mediated 
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inhibition of PIF and BZR1 activity [70,71]. Ethylene may also interact with gibberellin 
signaling during phytochrome-mediated shade avoidance, as demonstrated in tobacco, 
and can promote petiole elongation and hyponastic leaf movement [72–74]. Neverthe-
less, ethylene-driven hyponasty is particularly well established under flooding and other 
stress conditions, whereas low-R:FR-induced hyponasty is regulated primarily through 
phytochrome, PIF, and auxin signaling, including differential auxin transport within the 
leaf and petiole [67,75]. These interacting pathways plausibly explain the pronounced FR 
response of D. stramonium. However, because hormone concentrations, gene expression, 
cellular elongation, and leaf-angle responses were not measured, this interpretation remains 
supported by the literature rather than directly demonstrated in D. stramonium.

PIF-mediated regulation of shade-induced elongation has also been demonstrated in 
tomato, suggesting that related mechanisms operate beyond Arabidopsis [76]. These interact-
ing hormonal and transcriptional pathways plausibly explain the pronounced FR response 
of D. stramonium. However, because hormone concentrations, phytochrome activity, gene 
expression, cellular elongation, and leaf-angle responses were not measured, this explana-
tion remains supported by the literature rather than directly demonstrated in D. stramonium. 
Nevertheless, its stronger response indicates greater sensitivity to neighbor-associated light 
signals and greater morphological plasticity than P. sativum, consistent with its ecological 
strategy as a rapidly growing annual weed in competitive environments.

Stem diameter also differed substantially between species, with D. stramonium consis-
tently producing thicker stems than P. sativum. FR significantly increased D. stramonium 
stem diameter under lower PPFD, whereas its effect under higher PPFD was not significant. 
This increase in absolute diameter does not necessarily contradict the shade-avoidance 
response because longitudinal growth was proportionally much greater than radial ex-
pansion. Under higher and lower PPFD, FR increased mean shoot height by 62.5% and 
101.2%, respectively, while mean stem diameter increased by only approximately 14.7% 
and 24.5%. Thus, axial elongation remained the dominant response, even though modest 
absolute thickening occurred. Previous studies have shown that low R:FR or FR supple-
mentation can increase internode growth together with stem dry-matter accumulation or 
allocation, although the magnitude and direction of these responses depend on species and 
the background light environment [65,77–79]. The diameter increase observed here may 
therefore represent an allometric adjustment accompanying greater plant size and stem 
biomass rather than a canonical component of shade avoidance or evidence of enhanced 
secondary growth. Because cambial activity, stem tissue allocation, carbon availability, and 
mechanical properties were not measured, the physiological mechanism underlying this 
diameter response remains unresolved.

Leaf area differed markedly between species, with D. stramonium producing consider-
ably larger leaves than P. sativum across all treatments. Although mean leaf area tended 
to increase under FR supplementation, particularly under low PPFD, this trend was not 
statistically significant in the univariate analysis. Therefore, interpret the observed increase 
cautiously. Previous studies have shown that FR radiation frequently promotes leaf expan-
sion through phytochrome-mediated regulation of cell expansion [13,50,66]. The relatively 
high variability in leaf area observed in D. stramonium may have limited the statistical 
detection of FR effects despite an apparent numerical trend.

Root length showed relatively limited responses to the experimental treatments. Al-
though P. sativum exhibited a numerical increase in root length under FR supplementation, 
this response was not statistically significant. Root development is regulated indirectly by 
aboveground light perception through long-distance signaling involving phytochromes, hor-
monal regulation, and carbohydrate allocation [80,81]. The relatively stable root responses 
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observed here therefore suggest that FR primarily altered shoot architecture while below-
ground development remained comparatively conserved during the experimental period.

Leaf number remained remarkably consistent across treatments in both species, indi-
cating that this trait was less responsive to changes in PPFD and far-red radiation than plant 
size-related characteristics. Leaf initiation is generally more developmentally regulated than 
leaf expansion and is largely determined by photosynthate availability at the shoot apical 
meristem rather than by changes in light quality alone [82]. In contrast, far-red radiation 
primarily modifies plant architecture by promoting stem elongation and leaf expansion 
rather than increasing new leaf production [24,66]. Similarly, ref. [65] demonstrated that 
the morphological effects of far-red radiation depend on the interaction with PPFD and 
are expressed mainly through changes in organ size rather than leaf initiation. Therefore, 
the stable leaf number observed in the present study suggests that far-red radiation influ-
enced plant architecture primarily by altering organ expansion instead of stimulating the 
formation of additional leaves during the experimental period.

Overall, species identity explained the greatest proportion of morphological variation, 
followed by FR radiation, whereas PPFD alone had relatively little influence under the 
conditions of this experiment. The significant Species × FR interactions demonstrate that 
the response to altered light quality was strongly species-dependent, with D. stramonium 
exhibiting substantially greater morphological plasticity than Pisum sativum. Rather than 
inducing uniform changes across all traits, FR primarily affected shoot elongation and stem 
diameter, while leaf number, root length, and leaf area remained comparatively stable. These 
findings highlight D. stramonium’s greater capacity to modify its architecture in response to 
neighbor-associated light signals, which may contribute to its competitive success in mixed 
plant communities.

4.2. Biomass Production and Biomass Allocation Under Contrasting Light Environments
Biomass accumulation reflects the integrated outcome of photosynthetic carbon as-

similation, respiratory demand, and assimilate partitioning, making it a robust indicator of 
plant performance under different light environments. In the present study, species iden-
tity was the primary determinant of biomass production, with D. stramonium consistently 
producing greater shoot, root, and whole-plant biomass than Pisum sativum. Far-red (FR) 
radiation also significantly influenced biomass production, whereas PPFD alone had no 
significant overall effect. These findings indicate that intrinsic differences between species 
influenced biomass accumulation more than changes in light intensity, while supplemental 
FR further modified plant growth. Similar species-dependent responses have been reported 
in controlled-environment studies, where interactions between species-specific growth 
characteristics and light quality regulate biomass accumulation [25,66].

Across all treatments, D. stramonium consistently produced greater shoot, root, and 
whole-plant dry biomass than P. sativum. This greater biomass production is consistent with 
the characteristics of rapidly growing species with efficient resource acquisition and consid-
erable phenotypic plasticity [83]. Phytochrome-mediated perception of FR can influence 
biomass accumulation by coordinating shoot development, photosynthetic carbon assimila-
tion, and assimilate partitioning [84–86]. Previous studies show that FR supplementation 
can enhance shoot and whole-plant biomass by promoting leaf expansion, improving light 
interception, and increasing radiation-use efficiency, although these responses strongly 
depend on species and the background light environment [87–89]. However, FR-induced 
leaf expansion may be accompanied by reduced leaf thickness or leaf mass per area and 
increased specific leaf area; therefore, a larger leaf area does not necessarily correspond 
to a proportional increase in leaf dry mass [90]. FR may also redistribute biomass from 
leaves toward elongating stems and, under some environmental conditions, reduce over-
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all growth [79]. In the present study, treatment-related differences in leaf area were not 
statistically significant, although D. stramonium maintained substantially greater biomass 
than P. sativum. Because leaf thickness, specific leaf area, and leaf mass per area were not 
measured, it was not possible to determine whether the morphological response to FR was 
accompanied by leaf thinning or altered tissue-level biomass investment.

Although descriptive statistics indicated greater shoot biomass in D. stramonium fol-
lowing FR supplementation, the univariate analysis showed that FR did not significantly 
affect shoot biomass. Instead, the significant Species × PPFD interaction indicates that 
the influence of light intensity on shoot biomass differed between the two species. This 
finding suggests that D. stramonium and P. sativum responded differently to changes in 
irradiance, irrespective of FR supplementation. Previous studies have demonstrated that 
reduced irradiance may alter carbon assimilation and shoot growth in a species-dependent 
manner through differences in photosynthetic capacity and developmental plasticity [25,91]. 
Therefore, the apparent increase in shoot biomass under FR should be interpreted as a 
numerical trend rather than evidence of a significant treatment effect.

Far-red radiation exerted the strongest influence on shoot biomass, particularly in D. 
stramonium. Under low PPFD, far-red supplementation substantially increased shoot and 
whole-plant dry biomass, coinciding with the marked increase in shoot height observed 
in the morphological analysis. These coordinated responses suggest that far-red radia-
tion promoted both structural elongation and greater biomass accumulation rather than 
merely producing taller but less productive plants. Perception of reduced red:far-red ratios 
by phytochrome photoreceptors activates shade-avoidance pathways that regulate auxin, 
gibberellin, and other growth-promoting hormones, stimulating cell expansion and shoot 
development [86,92]. Recent studies have shown that the combination of low PPFD and 
supplemental far-red radiation enhances leaf expansion, improves light interception, and 
increases whole-plant biomass in several crop species [25,93,94]. The stronger biomass 
response observed in D. stramonium therefore suggests a greater capacity to convert far-red-
induced morphological adjustments into biomass production than P. sativum, reflecting its 
higher developmental plasticity under simulated shade conditions.

Root biomass exhibited a different response pattern from shoot biomass. The significant 
FR × PPFD interaction indicates that the influence of FR on root growth depended on the 
prevailing light intensity, highlighting the importance of considering both spectral quality 
and irradiance when evaluating belowground responses. Root development is regulated 
indirectly through shoot perception of light via phytochrome-mediated signaling, hormonal 
regulation, and carbohydrate allocation between above- and belowground organs [80]. 
Previous studies have similarly reported that interactions between FR radiation and PPFD 
modify biomass partitioning by influencing carbon allocation and source–sink relationships 
rather than root growth alone [65,95]. The relatively modest changes in root biomass 
observed in the present study suggest that both species maintained belowground investment 
while adjusting growth according to the surrounding light environment.

An important finding of this study is that PPFD alone had relatively little influence 
on biomass production, whereas FR and its interaction with PPFD explained more of the 
observed variation. This result supports growing evidence that light quality functions as 
an important developmental signal in addition to its role in photosynthesis. Rather than 
acting independently, irradiance and spectral composition interact to regulate carbon as-
similation, biomass accumulation, and resource allocation through phytochrome-mediated 
pathways [65,86]. Consequently, manipulating light quality alongside PPFD may better 
represent canopy light environments than altering irradiance alone.

Overall, the present study demonstrates that species identity was the dominant fac-
tor determining biomass production, while supplemental FR further modified biomass 
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accumulation under contrasting light environments. Although D. stramonium consistently 
produced greater biomass than P. sativum, the absence of a significant Species × FR inter-
action indicates that the overall biomass response to FR was comparable between species. 
Instead, biomass responses were characterized primarily by significant effects of FR on root 
and whole-plant biomass, together with significant interactions between species and PPFD 
for shoot biomass and between FR and PPFD for root biomass. Collectively, these findings 
demonstrate that biomass production under simulated canopy conditions depends on both 
intrinsic species characteristics and the interaction between light quality and irradiance, 
emphasizing the importance of considering multiple components of the light environment 
when evaluating crop–weed competition.

4.3. Spectral and Physiological Responses to Light Treatments
Hyperspectral reflectance offers a rapid, non-destructive way to characterize plant 

physiological and structural variation because leaf spectra integrate information on pigment 
composition, internal anatomy, water status, and biochemical constituents [96,97]. In this 
study, principal component analysis (PCA) summarized variation across SPAD measure-
ments and spectral vegetation indices, with the first two principal components explaining 
57.6% of the total variance. The clear separation of P. sativum and D. stramonium in PCA 
space, together with the strong multivariate species effect, indicates that intrinsic differences 
between the two species were the primary source of spectral variation.

The predominance of species effects likely reflects differences in leaf anatomy, pigment 
concentration, internal scattering, water relations, and biochemical composition. These 
properties influence absorption in the visible spectrum and scattering in the near-infrared 
region, thereby producing species-specific optical signatures [98,99]. Similar studies show 
that structural and biochemical differences among species can account for substantial spec-
tral variation, sometimes exceeding variation caused by environmental treatments [100,101]. 
The separation observed along PC1 should therefore be interpreted primarily as a species-
related spectral gradient, although the significant effects of FR, PPFD, and Species × FR 
demonstrate that the light treatments also modified spectral responses.

PC1 was primarily associated with the NDVI, RDVI, EVI, and MCARI, all of which 
use reflectance in the red, red-edge, or near-infrared regions and are sensitive to variation 
in chlorophyll absorption, leaf structure, greenness, and vegetation development [97,102]. 
Their positive loadings indicate that chlorophyll- and structure-related optical characteristics 
strongly contributed to separating P. sativum and D. stramonium. In contrast, the negative 
loadings of the ARI, SIPI, and PWI indicate an opposing pattern associated with anthocyanin-
related reflectance, carotenoid-to-chlorophyll relationships, and water-sensitive spectral 
variation [98,103]. Collectively, these loadings suggest that PC1 captured a broad contrast 
between greenness and structural characteristics on one side and pigment- and water-
associated optical properties on the other.

PC2 represented an additional contrast among pigment-related and structural indices. 
In the present PCA, the MCARI and EVI had strong negative loadings on PC2, whereas the 
CRI and PRI loaded positively; the RDVI also contributed negatively. This pattern suggests 
that PC2 captured variation between chlorophyll- and canopy-related reflectance on one side 
and carotenoid- and photochemical-sensitive reflectance on the other. The CRI is sensitive 
to carotenoid-related absorption, while the PRI responds to changes in reflectance near 
531 and 570 nm that may be associated with pigment composition and xanthophyll-cycle 
activity [104]. However, interpret these indices as optical indicators rather than direct 
measures of photosynthetic efficiency or photoprotection.

PC2 represented an additional contrast among pigment- and structure-sensitive indices. 
The MCARI, EVI, and RDVI had negative loadings on PC2, whereas the CRI and PRI loaded 
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positively. However, the orientations of the CRI, PRI, and NDVI did not indicate a strictly 
inverse relationship because all three contributed positively to the first two components, al-
though their relative contributions differed. The CRI was more strongly associated with PC2, 
whereas the NDVI contributed more strongly to PC1. These differences are physiologically 
plausible because the CRI is primarily sensitive to carotenoid-related absorption, whereas 
the NDVI combines red chlorophyll absorption with near-infrared scattering associated 
with greenness and leaf structure [97,104]. The PRI responds to reflectance near 531 and 
570 nm and can reflect both short-term changes in xanthophyll-cycle activity and longer-
term variation in carotenoid-to-chlorophyll ratios [105,106]. The PRI may also vary among 
species and with pigment composition, illumination, and leaf optical properties [107–109]. 
Consequently, the different vector orientations probably represent partially distinct pigment 
and structural optical signals rather than direct physiological antagonism. Because PCA 
describes covariance, these loadings should not be interpreted as direct evidence of changes 
in carotenoid activity, photosynthetic efficiency, or photoprotection.

The MANOVA and univariate analyses showed that light treatments significantly 
contributed to the multivariate spectral response. FR significantly affected the combined PC 
scores and PC1, while PPFD strongly affected PC2. The significant Species × FR interaction 
for the multivariate response, PC1, and PC3 further indicates that the spectral response 
to FR differed between P. sativum and D. stramonium. Thus, although species separation 
was visually more distinct than treatment separation in the PCA biplots, the overlap among 
treatment groups should not be interpreted as evidence that the treatments were biologically 
unimportant. Rather, FR and PPFD modified different dimensions of the spectral phenotype 
within the broader species-specific optical profiles.

The strong effect of FR on PC1 suggests that supplemental FR altered the combination 
of greenness-, structure-, pigment-, and water-sensitive characteristics represented by this 
axis. Some FR-treated samples were positioned closer to the PRI and CRI vectors, which may 
indicate treatment-associated changes in pigment balance or light acclimation. However, 
this interpretation should be cautious because PCA loadings describe covariance among 
indices and do not establish direct biochemical changes. FR-induced spectral responses may 
depend on species, background spectrum, FR intensity, developmental stage, and exposure 
duration [28,110,111].

PPFD primarily influenced PC2 rather than PC1, indicating that irradiance affected 
a different combination of optical traits than those most strongly associated with species 
separation. Given the opposing loadings of the EVI, MCARI, and RDVI relative to the 
CRI and PRI, this response may reflect acclimation involving chlorophyll-related absorp-
tion, leaf structural properties, and carotenoid-sensitive reflectance. The non-significant 
Species × PPFD interaction suggests that the overall effect of PPFD on the principal compo-
nents was broadly comparable between the two species, even though their mean spectral 
profiles remained distinct.

SPAD contributed relatively little to the first three principal components compared with 
several hyperspectral indices. This indicates that localized estimates of relative chlorophyll 
content explained only a limited proportion of the overall multivariate spectral variation. 
SPAD measurements primarily reflect chlorophyll-associated transmittance over a small leaf 
area, whereas hyperspectral indices integrate broader information on pigments, anatomy, 
water status, and biochemical composition [96,97]. Species differences in leaf thickness, 
pigment distribution, and internal structure may also alter relationships between SPAD 
and reflectance-based indices [112,113]. SPAD and hyperspectral measurements should 
therefore be considered complementary rather than interchangeable measures of plant 
physiological status.
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To investigate the limited contribution of SPAD observed in the PCA, an additional 
regression analysis evaluated its relationship with the MCARI and showed that the phys-
iological interpretation of the MCARI was species-dependent. The MCARI was posi-
tively associated with SPAD in D. stramonium but not in P. sativum, and the significant 
MCARI × species interaction confirmed that the relationships differed between species. 
The MCARI was developed as a reflectance index sensitive to chlorophyll absorption [114]. 
However, relationships between optical indices and chlorophyll measurements can vary 
with species-specific leaf thickness, cellular structure, pigment distribution, and other opti-
cal characteristics [115–117]. Differences in leaf optical properties between crops and weeds 
and across developmental stages may further affect spectral-index performance [118]. Thus, 
although the MCARI showed strong sensitivity to chlorophyll status in D. stramonium, it 
did not consistently proxy SPAD across both species.

Overall, PCA showed that P. sativum and D. stramonium had distinct multivariate 
spectral characteristics. Species identity was the primary source of separation, while FR 
and PPFD modified specific components of the spectral response, and FR effects differed 
between species. Contributions from chlorophyll-, structural-, pigment-, and water-sensitive 
indices indicate that species differentiation arose from multiple optical properties rather than 
chlorophyll variation alone. In relation to the study objectives, PCA therefore supported 
the evaluation of species- and treatment-related spectral responses but, as an exploratory 
method, did not determine whether individual samples could be classified reliably. This 
predictive objective was subsequently evaluated using Random Forest classification.

4.4. Random Forest Classification for Crop–Weed Discrimination
Random Forest classification complemented PCA by directly addressing the study’s 

predictive objective. Whereas PCA summarized covariance among SPAD and selected 
vegetation indices and visualized the dominant sources of spectral variation, Random 
Forest used the cleaned wavelength-level reflectance data to determine whether species 
identity could be predicted and to identify the wavelengths contributing most strongly 
to that prediction. Random Forest is suitable for hyperspectral data because it can model 
nonlinear relationships, accommodate numerous correlated predictors, and estimate the 
relative contribution of individual wavelengths without requiring strict distributional as-
sumptions [93,119]. Previous studies have successfully applied RF to crop–weed and 
plant-species discrimination, often identifying the red-edge and near-infrared regions as 
important sources of discriminatory information [120,121].

The classifier achieved an AUC of 0.839, an overall test accuracy of 75.0%, and a Cohen’s 
κ of 0.473, indicating useful discrimination with moderate agreement beyond chance. The 
confusion matrix revealed unequal classification performance between species. The model 
correctly identified 14 of 16 D. stramonium samples, corresponding to 87.5% sensitivity 
and a 12.5% false-negative rate. In comparison, the model correctly classified 7 of 12 P. 
sativum samples, yielding a specificity of 58.3% and a false-positive rate of 41.7%. Thus, 
the model was more reliable for detecting D. stramonium than for correctly identifying P. 
sativum. In practical weed-management applications, false negatives would mean missed 
weeds, whereas false positives could lead to unnecessary treatment of crop plants.

Wavelengths between approximately 649 and 668 nm contributed most strongly to 
classification. This region overlaps the principal chlorophyll absorption feature in the 
red spectrum, where differences in pigment concentration, leaf anatomy, and internal 
optical scattering can produce substantial reflectance variation [104]. Previous crop–weed 
classification studies have similarly identified the red and red-edge regions as important 
for distinguishing plant species because these wavelengths are sensitive to chlorophyll-
related absorption and species-specific leaf properties [122–124]. The prominence of these 
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wavelengths is also consistent with the PCA, in which the NDVI, RDVI, EVI, and MCARI 
contributed strongly to PC1. This physiological interpretation is partially supported by the 
species-specific MCARI–SPAD relationship, although chlorophyll-sensitive indices did not 
respond consistently across both species.

In addition to the visible region, a wavelength near 2009 nm contributed to species clas-
sification. This part of the short-wave infrared spectrum is influenced by absorption features 
associated with water, proteins, cellulose, lignin, and other dry-matter constituents [125,126]. 
Additional important peaks in water- and biochemical-sensitive regions suggest that the 
classifier did not rely exclusively on pigment-related differences. Instead, species discrimi-
nation likely resulted from complementary variation in chlorophyll absorption, internal 
leaf structure, tissue water relations, and biochemical composition. This interpretation 
agrees with the PCA results, which identified contributions from both greenness-related 
and water- or pigment-sensitive indices.

Several factors may have contributed to the observed misclassification. Although the 
plants were grown under controlled hydroponic conditions, hyperspectral measurements 
were acquired under direct sunlight. Variation in solar irradiance, solar angle, leaf orien-
tation, and measurement geometry may therefore have increased within-species spectral 
variability and overlap between classes [127,128]. Spectral discrimination may also vary 
with leaf age and developmental stage, which can alter the degree of separation between 
crop and weed spectra [129]. Differences in leaf size may have introduced additional 
measurement variability. The relatively large leaves of D. stramonium more readily filled 
the sensor field of view, whereas the smaller P. sativum leaflets provided a more limited 
reflective area. Consequently, background contamination, leaf-edge effects, shadows, and 
small differences in sensor positioning may have contributed to greater spectral variability 
among pea samples. The lower specificity for P. sativum may therefore reflect both gen-
uine spectral overlap and greater measurement uncertainty associated with its smaller 
leaflets. Leaf morphology and the relationship between target size and sensor spatial reso-
lution are important considerations in close-range hyperspectral measurements and species 
discrimination [99,130].

PCA and Random Forest provided complementary information linking biological 
responses to potential crop–weed detection. PCA summarized the major dimensions of 
species- and treatment-related spectral variation, whereas Random Forest demonstrated that 
these differences contained useful predictive information and identified the wavelengths 
most relevant to discrimination. The pronounced FR-induced elongation of D. stramonium 
highlights its capacity to respond to neighbor-associated light signals and provides a bi-
ological basis for future investigations of crop–weed competition in mixed stands. From 
an applied perspective, the strong discriminatory contribution of wavelengths between 
649 and 668 nm identifies candidate spectral features for developing reduced-band crop–
weed detection systems. If validated across growth stages, crop–weed combinations, and 
field environments, these features could support weed mapping and site-specific control, 
potentially reducing unnecessary herbicide application. However, the remaining spectral 
overlap and the misclassification of some crop plants as weeds indicate that further model 
development is required before treatment decisions can safely rely on this approach.

The strong FR-induced elongation of D. stramonium indicates that low R:FR may stimu-
late a competitive escape response rather than suppress weed growth. Therefore, spectral 
manipulation alone cannot yet be recommended for weed control. Future studies should 
test whether earlier canopy closure achieved through crop density, row spacing, cultivar 
architecture, or intercropping can reduce light availability to weeds [36]. More immediately, 
the identified red wavelengths may support reduced-band sensing for early weed detection 
and site-specific control.
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The hydroponic system enabled examination of PPFD and FR effects under uniform 
water and nutrient conditions but did not reproduce soil mechanical resistance, resource 
heterogeneity, microbial interactions, or unrestricted root exploration. Moreover, the species 
were grown separately without direct crop–weed competition or complex field backgrounds. 
Consequently, neither the biological responses nor the observed hyperspectral discrimination 
should be interpreted as direct predictions of field performance. Before applying the method 
in precision weed management, it should be validated in natural soil, mixed crop–weed stands, 
multiple growth stages, variable illumination, and replicated field environments.

Overall, hyperspectral reflectance showed clear potential for distinguishing P. sativum 
from D. stramonium in plants grown under controlled conditions. Nevertheless, the mod-
erate Cohen’s κ, unequal class performance, and remaining spectral overlap indicate that 
further validation is required. Under field conditions, soil background, canopy architec-
ture, overlapping leaves, mixed pixels, variable illumination, and additional weed species 
may further affect model performance [131,132]. Future studies should combine standard-
ized leaf-level measurements using a controlled internal light source with canopy-level 
hyperspectral or imaging measurements under field conditions.As highlighted by [133], 
translating weed detection into site-specific weed management requires spatial mapping of 
infestations to support targeted interventions and reduce unnecessary herbicide applica-
tion. Validation across growth stages, environmental conditions, and field backgrounds, 
along with wavelength selection and integration with spatial or RGB information, may 
improve classification robustness before applying the method to operational precision 
weed management.

In summary, the results provided different levels of support for the three hypotheses. 
H1 was supported because FR supplementation increased shoot height and stem diam-
eter more strongly in D. stramonium than in P. sativum, as demonstrated by significant 
Species × FR interactions. However, this greater plasticity was not evident for every mor-
phological trait. H2 was partially supported: FR and PPFD produced independent and 
interactive effects, but these effects were trait-specific rather than consistent across all mea-
sured variables. FR significantly influenced several morphological, biomass, and spectral 
responses, whereas PPFD had a comparatively limited independent effect on morphology 
and biomass. Interactions were detected for particular responses, including the Species × FR 
effect on morphology, Species × PPFD effect on shoot biomass, and FR × PPFD effect on 
root biomass. H3 was supported under controlled conditions because the Random Forest 
model differentiated the species with an AUC of 0.839, an overall accuracy of 75%, and a 
Cohen’s κ of 0.473. Nevertheless, these performance measures indicate moderate-to-good 
discrimination rather than a field-ready classification system.

5. Conclusions
This study produced three principal findings regarding the morphological, bio-mass, 

physiological, and hyperspectral responses of P. sativum and D. stramonium to contrasting 
photosynthetic photon flux density (PPFD) and far-red (FR) radiation un-der controlled 
hydroponic conditions.

First, FR supplementation induced substantially greater morphological plasticity in 
D. stramonium than in P. sativum. Specifically, FR increased D. stramonium shoot height by 
62.5% under higher PPFD and 101.2% under lower PPFD, whereas P. sativum showed no 
significant shoot-height response. This contrast highlights the spe-cies-specific sensitivity 
of plant architecture to FR radiation and the potential im-portance of neighbor-associated 
spectral signals in regulating weed growth.

Second, PPFD and FR influenced plant growth, biomass allocation, and physiolog-ical 
and spectral characteristics in a trait- and species-dependent manner. Significant main and 

https://doi.org/10.3390/agriculture16212382

https://doi.org/10.3390/agriculture16212382


Agriculture 2026, 16, 2382 33 of 40

interaction effects were observed for selected traits, but these responses were not consistent 
across all measured variables. In particular, root mass fraction differed significantly between 
species and exhibited a significant Species × PPFD interaction, whereas neither PPFD 
nor FR had a significant overall main effect on this trait. The physiological and spectral 
measurements further revealed species-dependent variation in responses to contrasting 
light environments. Together, these findings indicate that light intensity and spectral quality 
affect plant performance through distinct and in-teracting processes rather than producing 
uniform responses across traits.

Third, hyperspectral reflectance showed potential for distinguishing P. sativum from D. 
stramonium, particularly using red wavelengths (646–668 nm). The Random Forest model 
achieved 75.7% classification accuracy and an AUC of 0.839, demon-strating promising 
potential for crop–weed discrimination.

Future research should validate these findings in soil-grown, mixed crop–weed stands 
and across additional crop–weed combinations. Hormonal and molecular analyses could 
clarify the mechanisms underlying the pronounced FR response of D. stramonium, particu-
larly the proposed phyB–PIF–auxin signaling pathway. Developing UAV-based hyperspec-
tral monitoring systems with optimized wavelength selection and integrated RGB or spatial 
information could further support precision weed man-agement.
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measurement positions and experimental design within the growth chamber, showing treatment 
combinations of light intensity (high and low) and far-red radiation (presence/absence); Figure S2: 
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NH, YH, NL, and YL, respectively; Figure S4: Effects of light intensity (photosynthetic photon flux 
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treatment combination. The center line represents the median, the box indicates the interquartile range 
(IQR), whiskers extend to 1.5 × IQR, and individual points represent measurements from individual 
plants; Figure S5: Scree plot showing variance explained by principal components; Figure S6: Principal 
component analysis (PCA) biplot showing the distribution of samples across treatment combinations 
(species × PPFD × far-red radiation) based on spectral and physiological indices. SPAD, Soil Plant 
Analysis Development chlorophyll index; NDVI, normalized difference vegetation index; RDVI, 
renormalized difference vegetation index; MSAVI, modified soil-adjusted vegetation index; EVI, 
enhanced vegetation index; PRI, photochemical reflectance index; CRI, carotenoid reflectance index; 
RWI, ratio water index; PWI, plant water index; ARI, anthocyanin reflectance index; SIPI, structure-
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components (PC1–PC3).
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CRI Carotenoid Reflectance Index
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NDVI Normalized Difference Vegetation Index
NIR Near-Infrared
PAR Photosynthetically Active Radiation
PCA Principal Component Analysis
PIF Phytochrome-Interacting Factor
PIF4, PIF5, PIF7 Phytochrome-Interacting Factors 4, 5, and 7
phyB Phytochrome B
PPFD Photosynthetic Photon Flux Density
PRI Photochemical Reflectance Index
PWI Plant Water Index
R:FR Red-to-Far-Red Ratio
RDVI Renormalized Difference Vegetation Index
RF Random Forest
RGB Red–Green–Blue
RMF Root Mass Fraction
ROC Receiver Operating Characteristic
SAS Shade Avoidance Syndrome
SD Standard Deviation
SIPI Structure-Insensitive Pigment Index
SLA Specific Leaf Area
SPAD Soil–Plant Analysis Development
SRWI Simple Ratio Water Index
SWIR Short-Wave Infrared
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