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Abstract

Vertical farming offers an opportunity to optimize crop yield and quality through
precise control of environmental factors. In this study, we investigated the effects
of light spectrum composition and nutrient solution electrical conductivity (EC) on
yield and on biochemical traits of lettuce (Lactuca sativa L. cv. Lollo Rosso) grown
in a vertical farm. The experimental design combined three light treatments (high
blue, low blue, and variable blue ratio) with three nutrient solution EC levels (1,
2, and 3 𝑑𝑆 · 𝑚−1), resulting in nine treatment conditions. Plants were harvested
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twice, and destructive analyses were conducted at harvest time and after 14 days of
cold storage to assess yield, water content, pigments, sugars, nitrates, anthocyanins,
phenolics, and electrolyte leakage.

Results showed that lettuce growth and quality were influenced by both nutrient
solution composition and light spectrum: higher salt concentration enhanced growth
but not yield, while blue light promoted plant compactness. Diluted solutions in-
creased secondary metabolites under mild nutrient stress, with limited effects on
pigment content, sugar dynamics, and postharvest preservation. As a complemen-
tary analysis, hyperspectral imaging (400–1000 nm) was applied to lettuce leaves.
Spectral data were analysed using machine learning models to investigate the rela-
tionship between changes in reflectance and in chemical composition, by comparing
leaves at harvest with those after 14 days of cold storage. The adopted approach
demonstrated the feasibility of using hyperspectral imaging to classify lettuce leaves
at different post-harvest stages and identified candidate combinations of spectral
indices capable of capturing the degradation of specific chemical traits occurring
during the storage period. Overall, this study highlights the central role of nutrient
solution concentration and light spectrum in determining lettuce yield and quality
in vertical farming, while demonstrating the added value of hyperspectral imaging
as a supplementary approach for trait assessment.

1 Introduction

The intensification of agriculture through vertical farming is increasingly viewed as a
viable response to rising demands for fresh, high-quality produce. By providing fully
controlled growing conditions, vertical farms can deliver consistent yields, optimize re-
source use, and ensure year-round availability of crops. Lettuce is particularly suited
to these systems due to its short production cycle, high economic value, and sensitivity
to environmental inputs, making it a model crop for testing strategies to improve both
yield and quality [1].

Within vertical farming systems, two factors are particularly important, namely light
spectrum composition and nutrient solution concentration [1]. Light not only drives
photosynthesis but also regulates morphology and the biosynthesis of pigments and sec-
ondary metabolites. In particular, the ratio of blue to red light has been shown to affect
leaf structure, chlorophyll and carotenoid content, and stress-related compounds such
as anthocyanins and phenolics [2]. Meanwhile, the electrical conductivity (EC) of the
nutrient solution directly influences nutrient uptake, growth rate, and the accumula-
tion of compounds such as nitrates and sugars. Both excessive and insufficient nutrient
availability can impair crop performance. Thus, optimizing and monitoring light quality
and EC is a key issue to maximizing resource efficiency and product quality, since the
mutual interaction ultimately guides the fine-tuning of cultivation strategies in vertical
farming [3].

In this study, we examine how different light spectra and nutrient solution concen-
trations affect lettuce yield in terms of biochemical traits including pigments, sugars,
nitrates, and secondary metabolites. More specifically, the experiment, described in
detail in Section 2.1, consisted in analysing the combination of three different light con-
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ditions, varying the emission spectrum of the LED lamps, and three levels of electrical
conductivity. The effect of the different growth condition was analysed both right after
the harvest and after 14 days of cold storage.
As a complementary step, we investigated whether leaf-level hyperspectral imaging com-
bined with machine learning analysis can improve our understanding of post-harvest
variation in chemical traits, exploiting the ability of hyperspectral imaging to capture
subtle reflectance differences that correlate with underlying biochemical composition
[4, 5].

By integrating physiological and biochemical measurements with non-destructive hy-
perspectral imaging, this study shows that nutrient solution concentration and light
spectrum are relevant drivers of lettuce yield and quality in vertical farming, and that
hyperspectral data provide a valuable complementary tool for trait assessment and op-
timization.

2 Material and Methods

This section describes the experimental setup, crop management, and sampling pro-
cedures, followed by the analytical protocols and data-processing workflows used for
laboratory and hyperspectral measurements.

2.1 Experimental setup and crop management

The trial was conducted on lettuce Lactuca sativa L. cv. Lollo Rosso in the vertical
farm Agricola Moderna, located close to Milan, Italy. Lettuce seeds were sown in grow-
ing trays filled with peat. After an initial irrigation with water, the trays were placed in
a germination chamber for three days under dark conditions and high relative humidity
(100%). Once seedling emergence was complete, the trays were transferred to the vertical
farm and placed on separate growth levels of an ebb-and-flow recirculating hydroponic
system. Fifteen days after sowing, the lettuce seedlings were manually transplanted into
new growth trays containing a larger volume of substrate (210 cc per pot).
The experimental design included 9 growth conditions obtained by varying both light
spectral quality and nutrient solution concentration.
We tested three lighting treatments by adjusting the LED emission spectrum in terms
of the red-to-blue (R:B) photon flux ratio: (i) a high-blue treatment (R:B = 3), (ii) a
low-blue treatment (R:B = 6.5), and (iii) a dynamic treatment in which plants were
grown under low blue during development and shifted to high blue close to harvest. The
total light intensity was kept the same for all treatments.
The nutrient solutions were prepared by diluting a commercial concentrated stock so-
lution to obtain three levels of electrical conductivity (EC): (1) EC = 1 𝑑𝑆 𝑚−1, (2) EC
= 2 𝑑𝑆 𝑚−1, and (3) EC = 3 𝑑𝑆 𝑚−1. The molar ratios of the administered nutrient solu-
tions remained the same across the three levels of dilution. The experiment consisted of
nine treatment combinations (three light spectra × three EC levels), each replicated four
times. The pH, EC, and water temperature were measured before each irrigation using
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a Bluelab Combo Meter (Bluelab Corporation Limited, Tauranga, New Zealand). The
pH was maintained between 5.5 and 6.5 by periodically adding sulfuric acid. Water tem-
perature was kept as close as possible to the ambient temperature 1) to prevent thermal
shock. Hydrogen peroxide was used to disinfect materials and in the nutrient solution.
Temperature and relative humidity were maintained within optimal ranges for lettuce
growth, and CO2 concentration was approximately 800ppm. Ventilation was adjusted
to ensure uniform airflow across all experimental units. Light intensity and photoperiod
were set based on prior experiments conducted by the company. The emission spectrum
was modified according to the experimental scheme.

2.2 Data collection

Harvest was performed twice. The first harvest took place when plants reached an av-
erage height of 13 cm, measured from the collar. For each of the 9 growing conditions,
mean plant height was computed independently and used as the harvest criterion. There-
fore, harvest time could differ among treatments. To ensure high uniformity, plants were
mechanically cut while leaving the collar intact.
Yield was recorded immediately as fresh weight (g per tray), and the growing cycle
length was expressed as the number of days required for each growing treatment to
reach the target height of 13 cm. Right after cutting, plant material was subsampled
for laboratory analyses and hyperspectral image acquisition. In particular, for each
growing condition, 18 plants were collected at the first harvest: 9 plants were analyzed
immediately and 9 plants were placed in polypropylene bags and stored in the dark at
8 °C for 14 days (shelf-life test). In both the immediately-analyzed and stored subsets,
4 plants were used for laboratory determinations of dry weight, water content, chloro-
phylls, carotenoids, phenolic index, total anthocyanins, nitrates, total sugars, reducing
sugars, sucrose, and electrolyte leakage. In addition, during the storage the CO2 con-
centration inside the packages was also measured2. The remaining 5 plants were used
for hyperspectral data acquisition.

After the first harvest, trays were returned to the vertical farm to allow regrowth.
The nutrient solution was replaced with a fresh one and the same procedure adopted
during the first cultivation phase was employed. A second harvest was carried out
when plants again reached 13 cm and samples were collected for laboratory analyses.
However, hyperspectral images were not acquired and no shelf-life test was performed
on these samples.

1Measurements of pH, water temperature and EC were performed before each irriga-
tion using a Bluelab Combo Meter (Bluelab Corporation Limited, Tauranga, New Zealand
https://bluelab.com/products/bluelab-combo-meter

2This measurement was carried out through a Witt OXYBABY gas analyser (WITT-Gasetechnik,
Witten, Germany) https://www.wittgas.com/us/products/gas-analyzers/ at day 7 and 14
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2.2.1 Laboratory measurements

Laboratory analyses were conducted to quantify biomass and quality attributes of let-
tuce leaves. The protocols reported below describe sample preparation, instrumental
measurements, and calculations used for data expression.

Dry weight and water content Approximately 10 g of fresh lettuce leaves (𝐹𝑊)
were oven-dried at 65 °C until constant weight was reached. The dry weight (𝐷𝑊) was
used to calculate the water content (𝑊𝐶) percentage

𝑊𝐶 = 100 −
(
𝐷𝑊

𝐹𝑊
× 100

)
.

Total chlorophylls and carotenoids Total chlorophyll (chlorophyll a + b) and
carotenoids were extracted from lettuce leaves according to Lichtenthaler’s method [6].
Leaf disc samples (30 mg), obtained with a 5 mm diameter cork borer, were placed into
15 mL tubes with 5 mL of 99.9% (v/v) methanol and kept in a dark room for 24 h at 4 °C.
Afterwards, the solution was analysed using a spectrophotometer3 and pigment concen-
trations were determined colorimetrically. Absorbance readings were measured at 665.2
and 652.4 nm for chlorophylls and 470 nm for total carotenoids. Pigment concentrations
were calculated using Lichtenthaler’s formulas.

Total sugars, reducing sugars, and sucrose The concentrations of total sugars,
reducing sugars, and sucrose were determined from the same aqueous extract prepared
for nitrate analysis. Total sugars were measured using the anthrone method with slight
modifications [7]. The reagent was prepared by dissolving anthrone powder in 95%
H2SO4 to obtain a concentration of 10.3 mM. The solution was stirred for 30–40 min to
ensure complete dissolution of the powder. Subsequently, 0.5 mL of sample extract was
added to 2.5 mL of anthrone reagent in 15 mL tubes and incubated on ice. After 5 min,
the tubes were vigorously mixed and heated to 95 °C in a Dubnoff bath. Following a
10 min incubation, the tubes were cooled to room temperature, and absorbance read-
ings at 620 nm were performed using the spectrophotometer. A calibration curve was
generated using a glucose standard solution.
Reducing sugars were determined from the same extract using the dinitrosalicylic acid
(DNS) method [8]. This colorimetric analysis is based on a redox reaction between
3,5-dinitrosalicylic acid and the reducing sugars in the sample extracts. The assay was
performed by mixing 0.2 mL of plant extract with 0.2 mL of DNS in 2 mL tubes, fol-
lowed by incubation at 100 °C in a Dubnoff bath for 5 min. After incubation, 1.5 mL of
water was added to each sample. Once cooled to room temperature, the absorbance at
530 nm was measured using the spectrophotometer, with a glucose standard curve used
for quantification.
The concentration of sucrose was determined from the same extract using the resorcinol

3Evolution 300 UV-Vis, Thermo Scientific, UK www.thermofisher.com
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method [9]. The reagent mix was prepared by combining a 30% HCl solution, 8.75 mg
of resorcinol, 22.5 mg of thiourea, 6.25 mL of glacial acetic acid, and 2.5 mL of deionized
water. One hundred 𝜇L of extract and 100 𝜇L of 2 N NaOH were added to a 2 mL tube,
which was then placed in a Dubnoff bath at 100 °C for 10 min, with the shaker turned
on. Subsequently, 750 𝜇L of the reagent mix was added, and the tubes were returned to
the Dubnoff bath at 80 °C for 10 min, with the shaker turned on. After incubation, the
tubes were cooled to room temperature, and the absorbance of the extracts was mea-
sured using the spectrophotometer at 500 nm. The sucrose concentration in the samples
was calculated by preparing a calibration curve with a sucrose standard solution.

Nitrate Approximately 1 g of lettuce leaves was homogenized in a mortar with 3 mL of
water. The mixture was centrifuged at 4,000 rpm for 15 min at room temperature using
a centrifuge4. The supernatant was separated and used for analytical determinations.
The nitrate concentration in lettuce leaves was determined from the leaf extracts using a
colorimetric method [10]. 20 𝜇L of leaf extract were added to the bottom of a 15 mL tube,
followed by 80 𝜇L of 5% (w/v) salicylic acid in concentrated H2SO4. The tubes were
rapidly shaken, and 3 mL of 1.5 N NaOH was added. The mixture was cooled to room
temperature, and absorbance at 410 nm was measured using the spectrophotometer.
Nitrate concentration was calculated using a KNO3 standard curve.

Total anthocyanin and phenolic index Total phenols and anthocyanin were ex-
tracted from leaf disc samples (30 mg) obtained with a 5 mm diameter cork borer. Leaf
discs were placed into 15 mL tubes with 3 mL of methanol acidified with HCl (1%) and
kept in a dark room for 24 h at 4 °C. Afterwards, absorbance readings were measured at
320 nm for total phenols and at 535 nm for anthocyanin, using the spectrophotometer.
Phenolic index was expressed as Abs320 nm g−1. Anthocyanin concentrations were ex-
pressed as cyanidin-3-glucoside equivalents using the molar extinction coefficient, 𝜀, of
29,600 L mol−1 cm−1 [11, 12].

Electrolyte leakage Three leaf discs, obtained using a 9 mm cork borer, were placed
into a 50 mL tube containing 20 mL of distilled water. The samples were incubated at
room temperature with continuous shaking for 2 h. The electrical conductivity of the
solution was measured using a digital electrical conductivity meter5 on the same samples
after freezing at -20 °C and subsequent thawing. Electrolyte leakage was expressed as a
percentage of the total electrolytes [13].

2.2.2 Hyperspectral image acquisition

Hyperspectral imaging was used to measure leaf reflectance for subsequent spectral anal-
ysis.

4ALC centrifuge, model PK130R https://www.rdapassoni.it/
5Delta OHM digital electrical conductivity meter, model HD 9213 www.deltaohm.com
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Lettuce plants’ reflectance was measured using a hyperspectral camera6 acquiring im-
ages in the 400–1000 nm range with a uniform sampling interval of 5 nm (120 spectral
bands). Hyperspectral image acquisition was conducted inside an insulated light box il-
luminated by three halogen lamps and five LED lights (Fig. 1). A white reference panel
was included in each acquisition and positioned at the same height as the top surface
of the samples. For each of the 9 growing conditions, measurements were collected from

Figure 1: Light box used for hyperspectral image collection.

5 individual plants by imaging 3–4 leaves per plant. To reduce sensor and background
noise, a reference image of the acquisition area without a sample was obtained and used
for correction. The resulting raw hyperspectral data, 𝑅sample, were calibrated using the
white reference signal, 𝑅white, as 𝑅calibrated = 𝑅sample/𝑅white. Finally, leaf segmentation
was performed using an unsupervised clustering approach based on spectral features.
For each pixel, a reduced feature set was constructed consisting of reflectance at 550
nm, 680 nm, and 800 nm, corresponding to the green, red, and near-infrared spectral
regions, respectively, together with the normalized difference vegetation index (NDVI)
and the mean reflectance across all spectral bands. These features were used as input
to a 𝐾-means clustering algorithm (𝐾 = 3) to partition the image into clusters corre-
sponding to leaf tissue, background, and shadow. The cluster exhibiting the highest
mean NDVI was identified as the leaf class. The resulting binary mask was subsequently
refined using morphological operations to remove small artifacts, fill internal gaps, and
smooth discontinuities (see Fig. 2).

2.3 Data analysis

The two complementary data streams in Sects. 2.2.1-2.2.2 were analyzed. The labora-
tory measurements were evaluated using inferential statistics to test treatment effects,
whereas the hyperspectral reflectance data were analyzed exploiting machine-learning

6HERA IPERSPETTRALE - HERA VNIR (400-1000 nm) https://nireos.com/product/hera-vnir.
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Figure 2: Preprocessing and leaf segmentation: hyperspectral images displayed by using
spectral band 10 for visualization purposes (top row) – acquisition area without samples,
showing background illumination artifacts from the light box (left), raw hyperspectral
image with lettuce samples and the white reference circular disk (center), calibrated
hyperspectral image after background correction and reflectance normalization using
the white reference (right); RGB renderings (bottom row) – calibrated hyperspectral
image (left), cluster corresponding to background and shadow regions (center), final leaf
segmentation (right).

classification and correlation analyses to link spectral variation to postharvest changes.
Laboratory measurements were analysed using GraphPad Prism 9, a statistics and graph-
ing package widely used in the life sciences for data visualization, curve fitting, and stan-
dard statistical analyses. Differences were tested by two-way ANOVA with a significance
threshold of 𝑝 < 0.05. When significant effects were detected, means were compared us-
ing Tukey’s post hoc test.
Hyperspectral data analysis focused on two objectives. First, we evaluated whether
spectral reflectance could discriminate between leaves measured at harvest and after
cold storage. For each of the 9 growing conditions, 5 hyperspectral images were acquired
immediately after the first harvest and after 14 days of storage, resulting in 90 images
in total. For each image, the mean reflectance spectrum was computed over leaf pixels
after background removal. Spectra were then partitioned into training, validation, and
test sets, and a classifier was trained using an XGBoost model. The validation set was
used to select the best combination of spectral preprocessing and feature selection. The
preprocessing methods compared were: no transformation (raw spectra), first deriva-
tive, second derivative, standard normal variate, normalization, and Savitzky–Golay
first derivative filtering (Fig. 3). Feature selection strategies relying on using all spectral
bands or reducing dimensionality by principal component analysis (10 or 20 principal
components). Second, we investigated whether spectral changes between harvest and
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Figure 3: Spectral transformations tested to optimize classification performance: average
reflectance spectra (± standard deviation) are shown for harvest (blue) and post-storage
(orange) leaves, under 6 preprocessing methods: raw, first derivative, second derivative
(top row, from left to right), Savitzky–Golay first derivative (savgol 1st), standard nor-
mal variate (SNV), and normalization.

post-storage stages were associated with changes in chemical traits. For each growing
condition, spectra were averaged separately for harvest and stored samples, and their dif-
ference was computed as the Δ-spectrum. From each Δ-spectrum, a set of commonly used
vegetation indices was calculated (NDVI, GNDVI, NDRE, PRI, PSRI, ARI1, MCARI,
CIredge, BNDVI, mND705, NDWI970, and WBI [14, 15, 16, 17, 18, 19, 20, 21, 22, 23]).
The spectral macro-bands (400–1000 nm) contributing to each index are summarised in
Fig. 4. In parallel, chemical changes were computed as Δ-traits for each treatment and
compound. Pearson correlation coefficients were then calculated for each index–trait
pair across the 9 growing conditions.

3 Results and discussion

In this section, we present and discuss the main findings of the study. The results are
organized into two parts: the outcomes of the laboratory measurements and the results
of the hyperspectral data analysis.

3.1 Outcomes of the laboratory measurements

In this section, the results of the statistical analysis on the laboratory measurements are
presented and discussed across harvests and post-storage samples. Treatment effects are
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Figure 4: Spectral macro-bands used in the computation of vegetation indices. Columns
represent 6 macro-bands, while rows correspond to the 12 selected vegetation indices. A
colored square indicates that a given index incorporates reflectance from that spectral
region.

reported for the main biomass, compositional, and physiological traits, highlighting the
roles of nutrient-solution EC and light spectrum.

Yield and growing cycle duration EC provides an indirect estimate of nutrient
availability and is therefore a key management lever in vertical farming, where both
insufficient and excessive nutrient concentrations can constrain growth and productiv-
ity. In this context, we evaluated how EC level and blue-light proportion affected yield
and crop timing. For confidentiality reasons related to the private company, yield and
growing-cycle length are reported as percentage deviations from the overall mean (Ta-
bles 1 and 2, respectively). At the first harvest, the interaction between blue light pro-
portion and nutrient-solution EC was not statistically significant, whereas both factors
had significant main effects separately. In particular, the highest yields were observed at
EC = 2 dS m−1, particularly under high or variable blue light proportions, while yields
at EC = 1 dS m−1 and EC = 3 dS m−1 were generally lower, especially when combined
with variable or low blue light percentage.
In the second harvest, yield patterns further suggested that EC was the dominant driver
under the tested conditions, while spectral composition modulated the response to a
lesser extent. Specifically, plants grown at EC = 2 dS m−1 again achieved the highest
yields, with both high and low blue light proportions, whereas the lowest yields consis-
tently occurred at EC = 1 dS m−1 regardless of the percentage of blue light. Overall,
these results indicate that EC = 2 dS m−1 provided the best performance, in agreement
with previous works identifying EC optimization as critical for lettuce nutrient uptake
and biomass production (see, e.g., [3]).

Growing-cycle duration varied across treatments and generally decreased as EC in-
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Table 1: Percentage changes of each experimental configuration yield compared to the
average across treatments for the first and the second harvest (top panel). Letters
indicate significant differences between the combinations of light and EC according to
Tukey’s post-hoc test where treatments sharing at least one letter are not significantly
different. Effects of electrical conductivity (EC), blue light proportion (% blue), and
their interaction for each harvest through the two-way ANOVA testing (bottom panel).
Significance levels are indicated as ns (𝑝 > 0.05) and *** (p < 0.001).

EC [dS m−1] % blue first harvest storage

1 high -1.5 bc -29.2 e
1 variable -12.1 d -26.4 e
1 low -11.0 d -20.7 de
2 high 13.3 a 24.6 a
2 variable 10.2 a 5.3 bc
2 low 5.6 ab 27.5 a
3 high 5.6 ab 23.4 ab
3 variable -6.1 cd -1.0 c
3 low -4.0 cd -3.6 cd

% blue combined with EC ns ***
% blue *** ***
EC *** ***

creased, indicating faster growth under higher nutrient availability (Table 2). During
the first cycle (transplant to first harvest), the longest duration occurred at EC = 1 dS
m−1 under high blue light, whereas intermediate durations were observed for EC = 1 dS
m−1 under variable or low blue light and for EC = 2 dS m−1 under high or variable blue
light. The shortest first-cycle durations were recorded at EC = 3 dS m−1, particularly
with low or variable blue light proportions.
A comparable pattern was observed for the second cycle (first to second harvest), with
slower regrowth at low EC and faster regrowth at higher EC. The acceleration at higher
EC likely reflects enhanced nutrient supply and uptake, supporting the metabolic pro-
cesses required to reach the target height. Conversely, the longer cycles at EC = 1 dS
m−1 suggest suboptimal nutrition, which may slow cell division and elongation. Relative
to EC, the effect of blue light proportion on cycle duration appeared secondary. High
blue light tended to prolong the cycle under low EC, consistent with the known role of
blue light in limiting elongation and promoting compact growth [2]. Under nutrient-rich
conditions, the stimulatory effect of higher EC may partially offset the influence of blue
light on growth rate. Overall, the fastest growth occurred under high EC combined with
low or variable blue light, suggesting greater elongation when nutrient availability is not
limiting. These results further indicate that light quality and EC can affect not only
yield but also harvest timing, which is a key parameter for production planning [24].
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Table 2: Percentage changes of each treatment growing cycle compared to the average
across treatments for the transplant-first harvest and the first harvest-second harvest
periods. Positive and negative variations indicate longer and shorter duration, respec-
tively.

EC
[dS m−1]

% blue transplant - first harvest first harvest - second harvest

1 high +22.2 +17.2
1 variable +2.9 +17.2
1 low +2.9 +17.2
2 high +2.9 +3.1
2 variable -3.5 -1.5
2 low -3.5 -1.5
3 high -3.5 -1.5
3 variable -10.0 -25.0
3 low -10.0 -25.0

Leaf water content A significant interaction between light spectrum and nutrient-
solution EC was observed for water content percentage (Table 3). In particular, water
content was generally lower at EC = 1 dS m−1 in the first harvest (94.1%), second
harvest (92.5%), and after storage (93.9%) compared with higher EC levels. The lowest
value was consistently recorded under the combination of EC = 1 dS m−1 and a high
blue light proportion (93%), whereas plants grown at EC = 2 dS m−1 and EC = 3 dS
m−1 generally showed higher water content. This pattern suggests a synergistic effect
whereby limited nutrient availability at low EC may reduce water uptake (via changes
in solution osmotic potential), and high blue light may further exacerbate water loss
by promoting stomatal opening and transpiration [25]. Consistently, previous work has
reported that non-optimal EC levels can decrease the water percentage in lettuce leaves
[26].

Total chlorophylls and carotenoids The highest chlorophyll a+b concentration
was observed under a low blue light percentage combined with high EC (EC = 3 dS
m−1), both at the first and second harvest (1.04 and 0.92 𝜇g mg−1 FW, respectively).
In contrast, the lowest values occurred under low blue light combined with EC = 2 dS
m−1 or EC = 1 dS m−1 in the first and second harvest. After storage, chlorophyll a+b
did not differ significantly among treatments, with an average value of approximately
0.79 𝜇g mg−1 FW (Table 4). An increase in chlorophyll content with increasing nutrient-
solution EC has been previously reported in lettuce [27] and in basil, kale, pepper, and
tomato grown in either low EC–high pH or high EC–low pH (ideal hydroponic) solutions
[28]. Although blue light is often associated with enhanced chlorophyll synthesis [29, 30],
in the present study we observe an opposite trend, with higher chlorophyll levels observed
under lower blue light proportions.
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Table 3: Water content percentage in lettuce leaves after the first and second harvest,
and after the storage (top panel). The data represent the average for each treatment
± the standard error. Letters indicate significant differences between the combinations
of light and EC according to Tukey’s post-hoc test where treatments sharing at least
one letter are not significantly different. Effects of electrical conductivity (EC), blue
light proportion (% blue), and their interaction for each harvest through the two-way
ANOVA testing (bottom panel). Significance levels are indicated as ns (𝑝 > 0.05), **
(𝑝 < 0.01), and *** (𝑝 < 0.001).

EC [dS m−1] % blue first harvest second harvest storage

1 high 93.4 ± 0.25 d 92.6 ± 0.19 c 92.9 ± 0.22 d
1 variable 94.3 ± 0.15 c 92.2 ± 0.03 c 94.5 ± 0.24 bc
1 low 94.6 ± 0.11 bc 92.8 ± 0.11 c 94.4 ± 0.15 c
2 high 95.3 ± 0.20 ab 94.1 ± 0.14 b 95.0 ± 0.29 abc
2 variable 95.3 ± 0.10 ab 94.5 ± 0.06 ab 95.5 ± 0.09 a
2 low 95.5 ± 0.16 a 94.6 ± 0.21 ab 95.3 ± 0.16 ab
3 high 95.1 ± 0.19 ab 94.8 ± 0.11 a 95.5 ± 0.03 a
3 variable 95.4 ± 0.13 a 94.8 ± 0.16 a 95.2 ± 0.17 abc
3 low 95.2 ± 0.16 ab 94.4 ± 0.07 ab 94.8 ± 0.09 abc

% blue combined with EC ** ** ***
% blue ** ns **
EC *** *** ***

Carotenoid concentrations followed a similar pattern. The highest values at both
harvests were measured under low blue light combined with EC = 3 dS m−1. At the
first harvest, relatively high carotenoid levels were also observed under high blue light
combined with EC = 3 dS m−1 and under variable blue light combined with EC =

2 dS m−1. After storage, no significant differences among treatments were detected
(Table 5). Because pigment concentrations can depend on cultivar [31], and because
postharvest degradation is strongly driven by storage conditions (temperature, light
exposure, humidity), the lack of treatment effects after storage suggests that pigment
loss during storage was largely independent of the preharvest growing conditions.

Total sugars, reducing sugars, and sucrose Total sugar concentration was signifi-
cantly affected by the interaction between nutrient-solution EC and blue light proportion
at both the first and second harvest. At the first harvest, the highest total sugar levels
(21.9 mg g−1 FW) were generally recorded at EC = 1 dS m−1, regardless of blue light
proportion, whereas values were approximately halved (10.5 mg g−1 FW) at EC = 2 dS
m−1 and EC = 3 dS m−1 Fig. 5 A). The same overall pattern was observed at the second
harvest, with higher total sugars at low EC, although the decline with increasing EC
was more gradual. In particular, a steady decrease was evident under high blue light,
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Table 4: Chlorophyll a+b (𝜇g mg−1 FW) in lettuce leaves after the first and second
harvest, and after the storage (top panel). The data represents the average for each
treatment ± the standard error. Letters indicate significant differences between the
combinations of light and EC according to Tukey’s post-hoc test where treatments shar-
ing at least one letter are not significantly different. Effects of electrical conductivity
(EC), blue light proportion (% blue), and their interaction for each harvest through
the two-way ANOVA testing (bottom panel). Significance levels are indicated as ns
(𝑝 > 0.05) and * (𝑝 < 0.05).

EC [dS m−1] % blue first harvest second harvest storage

1 high 0.76 ± 0.04 ab 0.75 ± 0.12 ab 0.83 ± 0.04
1 variable 0.76 ± 0.04 ab 0.51 ± 0.15 ab 0.75 ± 0.05
1 low 0.90 ± 0.07 ab 0.34 ± 0.09 b 0.79 ± 0.07
2 high 0.86 ± 0.09 ab 0.57 ± 0.09 ab 0.82 ± 0.12
2 variable 1.00 ± 0.11 ab 0.53 ± 0.05 ab 0.79 ± 0.04
2 low 0.60 ± 0.10 b 0.52 ± 0.17 ab 0.68 ± 0.11
3 high 0.95 ± 0.13 ab 0.75 ± 0.09 ab 0.73 ± 0.08
3 variable 0.88 ± 0.10 ab 0.62 ± 0.06 ab 0.69 ± 0.06
3 low 1.07 ± 0.04 a 0.92 ± 0.04 a 1.02 ± 0.06

% blue combined with EC * ns ns
% blue ns ns ns
EC ns * ns

whereas values remained comparatively low and similar under low blue light (Fig. 5 B).
After storage, total sugars did not differ significantly among treatments. However, the
preharvest pattern was still visible, especially under low blue light, and the overall mean
was 9.4 mg g−1 FW (Fig. 5 C).

Reducing sugars were significantly affected by EC, with higher concentrations at
EC = 1 dS m−1 and lower concentrations at higher EC levels. This decrease was most
pronounced at the first harvest, where reducing sugars declined from 34.1 mg g−1 FW
(high blue light, EC = 1 dS m−1) to 7.1 mg g−1 FW at EC = 2 dS m−1 (Fig. 6 A). In
addition, reducing sugars tended to decrease as blue light proportion decreased (from
high to low). Similar, but weaker, patterns were observed at the second harvest and
after storage (Figs. 6 B,C).

Sucrose concentration was also significantly affected by EC. The highest sucrose
levels were observed at EC = 1 dS m−1 under high blue light at the first harvest, second
harvest, and after storage (Table 6).

Overall, these results indicate that sugar accumulation in lettuce was primarily driven
by EC, with consistently higher total sugars, reducing sugars, and sucrose under low EC
conditions. This agrees with previous findings in lettuce reporting a reduction in sugar
concentration as EC increases [3, 32], which has been attributed to higher respiration
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Table 5: Carotenoids (𝜇g mg−1 FW) in lettuce leaves after the first and second harvest,
and after storage (top panel). The data represents the average for each treatment ±
the standard error. Letters indicate significant differences between the combinations of
light and EC according to Tukey’s post-hoc test where treatments sharing at least one
letter are not significantly different. Effects of electrical conductivity (EC), blue light
proportion (% blue), and their interaction for each harvest through the two-way ANOVA
testing (bottom panel). Significance levels are indicated as ns (𝑝 > 0.05), * (𝑝 < 0.05)
and ** (𝑝 < 0.01).

EC [dS m−1] % blue first harvest second harvest storage

1 high 0.14 ± 0.01 ab 0.14 ± 0.02 ab 0.18 ± 0.02
1 variable 0.15 ± 0.01 ab 0.10 ± 0.03 ab 0.16 ± 0.01
1 low 0.17 ± 0.01 ab 0.07 ± 0.02 b 0.17 ± 0.01
2 high 0.17 ± 0.02 ab 0.11 ± 0.02 ab 0.16 ± 0.02
2 variable 0.20 ± 0.02 a 0.10 ± 0.01 ab 0.17 ± 0.01
2 low 0.12 ± 0.02 b 0.11 ± 0.03 ab 0.14 ± 0.02
3 high 0.19 ± 0.01 a 0.15 ± 0.02 ab 0.16 ± 0.01
3 variable 0.17 ± 0.02 ab 0.11 ± 0.01 ab 0.14 ± 0.01
3 low 0.20 ± 0.00 a 0.17 ± 0.01 a 0.20 ± 0.01

% blue combined with EC ** ns ns
% blue ns ns ns
EC * * ns

rates that reduce carbohydrate accumulation. The significant interaction with blue light
proportion further suggests that light quality can modulate sugar levels, particularly un-
der low nutrient availability. Other studies have reported different responses to spectral
composition, including higher sucrose and starch under higher red light proportions [33]
and increased hexose and sucrose accumulation when red light exceeds 50% [34]. These
discrepancies support the view that carbohydrate metabolism in lettuce depends on both
nutrient status and the Red:Blue lighting regime, including its temporal dynamics [29].

Nitrate Nitrate concentration was primarily driven by nutrient availability: EC had
a significant effect, whereas blue light proportion did not (Fig. 7). This result is consis-
tent with the established link between nitrogen supply and nitrate accumulation in leafy
vegetables, where higher EC typically reflects greater nitrate input that can exceed the
plant’s assimilation capacity under nutrient-rich conditions [35, 3, 36, 32]. Accordingly,
nitrate increased with EC at both harvests and after storage (opposite to the trend ob-
served for sugars). At the first harvest, nitrate rose from approximately 683 mg kg−1

FW at EC = 1 dS m−1 to approximately 2661 mg kg−1 FW at EC = 3 dS m−1 (corre-
sponding to a 289%, increase, Fig. 7 A). A similar response was observed at the second
harvest, where nitrate at EC = 3 dS m−1 was almost 400% higher than at EC = 1 dS
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Figure 5: Total sugars (mg g−1 FW) in lettuce leaves after the first (A), second (B)
harvest, and after the storage (C). The data represents the average for each treatment ±
the standard error. Letters indicate significant differences between the combinations of
light and EC according to Tukey’s post-hoc test where treatments sharing at least one
letter are not significantly different.

m−1 (Fig. 7 B). After storage, the same pattern persisted but was less pronounced, with
nitrate values generally lower than immediately after harvest (Fig. 7 C), while EC = 2
dS m−1 consistently resulted in intermediate concentrations.
The absence of a significant blue light effect suggests that, under the present conditions,
any light-quality influence on nitrate metabolism (e.g., via nitrate reductase activity)
was secondary to the dominant role of nitrogen availability [37, 38]. Only a minor effect
was observed at the first harvest for EC = 2 dS m−1, with slightly lower nitrate under
low blue light. From an applied perspective, these findings underscore the importance
of EC management in hydroponic systems given consumer concerns and the current EU
limits for nitrate in leafy vegetables (Commission Regulation No. 1258/2011). Notably,
even at the highest EC tested, nitrate concentrations remained below the regulatory
threshold.

Total anthocyanins and phenolic index nitrate (mg kg −1 FW) Anthocyanin
concentration showed different patterns at the first harvest, second harvest, and after
storage (Table 7). A significant interaction between blue light proportion and EC was
detected only at the first harvest. However, EC significantly affected anthocyanin at
all sampling times. At the first harvest, the highest anthocyanin levels were measured
at EC = 1 dS m−1, particularly under high (34.8 Cyanidin eq. mg g−1 FW) or variable
(40 Cyanidin eq. mg g−1 FW) blue light, suggesting that mild nutrient limitation at
low EC may stimulate secondary-metabolite biosynthesis, including anthocyanins [39].
This response may be considered as a general stress-adaptation mechanism aimed at
improving the antioxidant capacity of the plant. A comparable value was observed at
EC = 3 dS m−1 under high blue light (36.6 Cyanidin eq. mg g−1 FW). At the second
harvest and after storage, the maximum anthocyanin concentration again occurred under
high blue light combined with EC = 1 dS m−1, whereas other treatments showed lower
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Figure 6: Reducing sugars (mg g−1 FW) in lettuce leaves after the first (A), second (B)
harvest, and after the storage (C). The data represents the average for each treatment ±
the standard error. Letters indicate significant differences between the combinations of
light and EC according to Tukey’s post-hoc test where treatments sharing at least one
letter are not significantly different.

values. The lowest concentrations after storage were generally observed at EC = 3 dS
m−1, regardless of blue light proportion. The stimulatory role of blue light on flavonoid
biosynthesis is well established [40], and the stronger response under low EC supports a
synergistic effect of light quality and nutrient limitation on anthocyanin accumulation.

Total phenols were also influenced by the combined effects of blue light and EC,
with a significant interaction at both the first and second harvest (Table 8). Consistent
with the anthocyanin response, total phenols concentration was generally highest at EC
= 1 dS m−1 under high or variable blue light, whereas the lowest values were associated
with higher EC levels. This pattern supports the interpretation that low EC imposed
a nutrient-stress condition that promoted secondary metabolism, and that blue light
further enhanced phenolic accumulation, as reported previously [41]. The interaction
was particularly evident at the second harvest, possibly reflecting cumulative effects
across successive growth cycles.

Electrolyte leakage At the first harvest, electrolyte leakage (EL) was approximately
12% for most treatments, with the main exception being plants grown at EC = 3 dS
m−1 under low blue light, which showed higher EL (16.9%) (Fig. 8 A). This response
suggests reduced membrane stability under the combination of high EC and low blue
light, potentially linked to higher ionic concentrations in tissues and a greater propensity
for oxidative damage. Consistently, increased EL has been reported in lettuce under
saline conditions [42, 43].

At the second harvest, EL responded differently to the combinations of EC and blue
light. Under EC = 1 dS m−1, EL increased as blue light proportion decreased, whereas
plants grown under variable blue light showed similar EL values across EC levels (with
a mean value of about 9.3%) (Fig. 8 B). This pattern may indicate greater susceptibility
to stress when low nutrient availability is combined with reduced blue light, resulting in
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Table 6: Concentration of sucrose (mg g−1 FW) in lettuce leaves after the first and
second harvest, and after storage. The data represents the average for each treatment ±
the standard error. Letters indicate significant differences between the combinations of
light and EC according to Tukey’s post-hoc test where treatments sharing at least one
letter are not significantly different. Effects of electrical conductivity (EC), blue light
proportion (% blue), and their interaction for each harvest through the two-way ANOVA
testing (bottom panel). Significance levels are indicated as ns (𝑝 > 0.05), * (𝑝 < 0.05),
and *** (𝑝 < 0.001).

EC [dS m−1] % blue first harvest second harvest storage

1 high 7.62 ± 0.23 a 6.60 ± 0.50 a 3.82 ± 1.12 a
1 variable 5.72 ± 1.30 abc 6.55 ± 0.73 a 2.34 ± 0.44 ab
1 low 6.52 ± 0.54 ab 4.36 ± 0.99 ab 1.85 ± 0.69 ab
2 high 2.38 ± 0.81 c 2.53 ± 0.78 b 1.19 ± 0.36 b
2 variable 4.77 ± 0.71 abc 2.47 ± 0.91 b 1.04 ± 0.25 b
2 low 5.51 ± 1.16 abc 4.38 ± 0.68 ab 1.09 ± 0.20 b
3 high 2.67 ± 0.79 bc 2.37 ± 0.48 b 0.54 ± 0.07 b
3 variable 3.23 ± 0.95 bc 1.84 ± 0.16 b 0.64 ± 0.13 b
3 low 3.62 ± 0.34 bc 2.18 ± 0.64 b 0.80 ± 0.31 b

% blue combined with EC ns * ns
% blue ns ns ns
EC *** *** ***

weaker protective responses and higher membrane permeability. Light spectrum has been
shown to affect membrane integrity in lettuce, with different Red:Blue ratios influencing
EL and drought tolerance [44].

After storage, EL increased slightly with increasing EC in plants grown under high
blue light, rising from 9.1% to 13.8% (Fig. 8 C).

3.2 Outcomes of the hyperspectral data analysis

In this section, we report the main outcomes of the hyperspectral data analysis. First, we
assessed whether spectral data could discriminate between freshly harvested and stored
leaves through a classification task. Second, we identified the spectral regions that con-
tributed most to the separation between classes. Finally, we explored the relationships
between spectral indices and chemical traits to identify potential non-destructive indi-
cators of postharvest biochemical changes.

3.2.1 Classification of post-harvest stages

The classification results confirmed that hyperspectral reflectance contains sufficient in-
formation to discriminate between freshly harvested and stored lettuce leaves. Among
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Figure 7: Nitrate concentration (mg kg−1 FW) in lettuce leaves after the first (A), second
(B) harvest, and after the storage (C).The data represents the average for each treatment
± the standard error. Letters indicate significant differences between the combinations
of light and EC according to Tukey’s post-hoc test where treatments sharing at least
one letter are not significantly different.

the tested preprocessing and feature-reduction strategies, the best-performing config-
uration combined standard normal variate transformation with the first 10 principal
components, achieving a test-set accuracy of 0.88 (i.e., the proportion of correctly clas-
sified samples). These findings indicate that storage-induced changes in leaf properties
are captured by spectral signatures, supporting the use of hyperspectral imaging for
postharvest quality monitoring.

3.2.2 Spectral regions contributing to class separation

To highlight which wavelengths drove the separation between stages, we examined the
contribution of the original features to the two XGBoost-most relevant principal com-
ponents, PC1 and PC4. Two regions emerged as most influential (see Figure 9): (i)
580–616 nm, where chlorophyll loss increases reflectance [45]; (ii) 670–715 nm, a re-
gion known to be sensitive to water content [46]. These findings align with established
post-harvest physiology, in which early pigment degradation and red-edge shifts signal
deterioration [46].

3.2.3 Spectral indices as indicators of chemical variation

We also evaluated whether spectral indices computed from the Δ-spectra of each growing
condition reflected the corresponding changes in chemical traits. Because the dataset in-
cluded only nine growing conditions, regression analyses would be underpowered. There-
fore, this step was intended as exploratory rather than causal. The objective was to iden-
tify candidate spectral indices that may act as non-destructive indicators of postharvest
chemical shifts and could be tested in larger, multi-batch experiments to support future
predictive models. To this end, Pearson correlation coefficients were computed for each
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Table 7: Total anthocyanin (Cyanidin eq. mg g−1 FW) in lettuce leaves after the first
and second harvest, and after storage (top panel). The data represents the average for
each treatment ± the standard error. Letters indicate significant differences between
the combinations of light and EC according to Tukey’s post-hoc test where treatments
sharing at least one letter are not significantly different. Effects of electrical conductivity
(EC), blue light proportion (% blue), and their interaction for each harvest through
the two-way ANOVA testing (bottom panel). Significance levels are indicated as ns
(𝑝 > 0.05), * (𝑝 < 0.05), ** (𝑝 < 0.01), and *** (𝑝 < 0.001).

EC [dS m−1] % blue first harvest second harvest storage

1 high 34.8 ± 5.20 abc 39.9 ± 7.32 a 38.5 ± 3.13 a
1 variable 40 ± 3.41 a 28.7 ± 8.90 ab 33.6 ± 3.47 ab
1 low 26.6 ± 2.12 abc 20 ± 4.01 ab 34.7 ± 6.82 ab
2 high 22.1 ± 5.04 bc 17.7 ± 2.39 b 20.4 ± 2.09 bc
2 variable 28.1 ± 2.46 abc 9.6 ± 1.22 b 26.7 ± 2.08 abc
2 low 19.5 ± 3.24 c 14.3 ± 2.20 b 21.9 ± 3.70 bc
3 high 36.6 ± 3.91 ab 11.2 ± 1.96 b 15.8 ± 0.32 c
3 variable 22.7 ± 2.22 bc 13.6 ± 2.06 b 17.5 ± 1.81 c
3 low 20.6 ± 1.24 bc 17.3 ± 2.46 b 16.3 ± 1.82 c

% blue combined with EC * ns ns
% blue ** ns ns
EC ** *** ***

index–trait pair. As shown in Fig. 10, for most chemical traits one or two indices dis-
played strong associations (Pearson 𝑟 > 0.6). Moreover, the consistency of correlations
for traits expressed on both fresh- and dry-weight bases supports the robustness and
biological relevance of the identified indices.

Total anthocyanins and phenolic index NDRE showed strong negative correla-
tions with both anthocyanins and the phenolic index, consistent with its sensitivity to
red-edge shifts that can be driven not only by chlorophyll but also by broader changes
in the pigment pool [47, 48]. NDWI970 was strongly and positively associated with an-
thocyanins and the phenolic index. Although NDWI970 is primarily linked to leaf-water
absorption near 970 nm [49], water content in our dataset remained stable or slightly
decreased from harvest to storage, suggesting that this relationship is unlikely to reflect
a direct physiological coupling between water status and anthocyanin accumulation. In-
stead, the correlation may arise from indirect structural and optical effects, as changes
in pigment distribution can influence reflectance near the NIR–SWIR transition inde-
pendently of leaf water content [50].

GNDVI exhibited moderate negative correlations with anthocyanins, consistent with
its interpretation as a greenness index. Because anthocyanins absorb in the green region
(500–600 nm), increasing anthocyanin concentration reduces apparent greenness and
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Table 8: Phenol index (ABS320 nm g−1 FW) in lettuce leaves after the first and sec-
ond harvest, and after storage (top panel). The data represents the average for each
treatment ± the standard error. Letters indicate significant differences between the
combinations of light and EC according to Tukey’s post-hoc test where treatments shar-
ing at least one letter are not significantly different. Effects of electrical conductivity
(EC), blue light proportion (% blue), and their interaction for each harvest through
the two-way ANOVA testing (bottom panel). Significance levels are indicated as ns
(𝑝 > 0.05), * (𝑝 < 0.05), ** (𝑝 < 0.01), and *** (𝑝 < 0.001).

EC [dS m−1] % blue I harvest II harvest Storage

1 high 60.8 ± 7.78 a 56.8 ± 6.17 ab 62.4 ± 5.45 a
1 variable 59.7 ± 5.33 a 61.1 ± 10.14 a 51.7 ± 3.83 abc
1 low 41.4 ± 5.58 abc 29.0 ± 9.37 bc 52.5 ± 8.76 ab
2 high 30.5 ± 7.65 bc 16.2 ± 3.62 c 24.1 ± 1.09 d
2 variable 41.1 ± 3.40 abc 7.4 ± 2.82 c 34.4 ± 4.63 bcd
2 low 28.2 ± 6.11 bc 13.1 ± 4.71 c 29.9 ± 6.60 cd
3 high 53.2 ± 4.48 ab 5.6 ± 1.36 c 16.1 ± 0.74 d
3 variable 25.1 ± 2.59 c 10.1 ± 4.58 c 18.5 ± 1.35 d
3 low 23.8 ± 3.27 c 14.5 ± 5.30 c 17.4 ± 2.06 d

% blue combined with EC * * ns
% blue ** ns ns
EC *** *** ***

therefore decreases GNDVI [45, 51]. Notably, ARI1, an index originally proposed to
track anthocyanin accumulation [52, 51], showed unexpectedly weak correlations with
measured anthocyanins in this dataset. Instead, ARI1 was more strongly associated
with sugar-related traits.

Chlorophylls As expected, NDRE was strongly and negatively correlated with chloro-
phyll content [53], with a stronger association for chlorophyll 𝑏 than for chlorophyll 𝑎.
This is physiologically plausible because chlorophyll 𝑎 absorbs maximally at 662 nm,
whereas chlorophyll 𝑏 absorbs at 642–650 nm [54]. The closer proximity of chloro-
phyll 𝑏 absorption to the red-edge region makes it particularly influential in shaping
the slope and position of the red-edge. PRI showed consistently positive correlations
with all chlorophyll metrics, in agreement with its established use as a proxy for light-
use efficiency [55, 56]. Leaves with higher chlorophyll content typically exhibit greater
photosynthetic capacity and improved regulation of absorbed light energy [57]. WBI
also correlated positively with chlorophylls, especially when traits were expressed on a
dry-weight basis. Because WBI is primarily a water-related index [58], the stronger as-
sociation for dry-weight-normalized data may indicate that, once bulk water content is
accounted for, co-variation between pigment accumulation and leaf hydration becomes
more apparent [50, 59].
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Figure 8: Electrolyte leakage (%) in lettuce leaves after the first (A), second (B) harvest,
and after the storage (C). The data represents the average for each treatment ± the
standard error. Letters indicate significant differences between the combinations of light
and EC according to Tukey’s post-hoc test where treatments sharing at least one letter
are not significantly different.

Carotenoids Correlations with carotenoids alone were generally weaker. NDRE showed
moderate negative correlations, consistent with increased absorption in the red region
as the overall pigment pool rises. CRI1, which was developed to track carotenoid vari-
ation by leveraging absorption features around 500–550 nm [60], displayed only a slight
negative association. Stronger relationships emerged when pigment ratios were consid-
ered: the senescence-sensitive Car/Chl ratio [60] was strongly correlated with PSRI,
in line with the theoretical formulation of PSRI and its validation as an indicator of
senescence-related pigment shifts [48].

Nitrate PSRI showed moderate positive correlations with nitrate content, consistent
with the idea that senescence-related changes (higher PSRI) are associated with re-
duced nitrate assimilation and, consequently, higher residual nitrate in the tissue. In
contrast, NDRE and GNDVI were negatively correlated with nitrates, suggesting that
greener and more photosynthetically active leaves assimilate nitrate more efficiently, re-
sulting in lower residual concentrations. Notably, although CRI1 was developed to track
carotenoids, it displayed negative correlations with nitrates, which may reflect indirect
co-variation between nitrogen status and pigment composition.

Total sugars, reducing sugars, and sucrose Sugar-related patterns were among
the most distinctive. GNDVI showed strong positive correlations with total sugars, in-
dicating that greenness co-varies with carbohydrate pools, as leaves with higher chloro-
phyll content and photosynthetic capacity tend to accumulate more carbohydrates [51].
In contrast, PSRI was strongly and negatively correlated with all sugar traits, consistent
with its interpretation as a senescence index: higher PSRI values are associated with
older, less photosynthetically active tissues and therefore lower carbohydrate contents
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Figure 9: Loadings of the original spectral bands on the two most influential principal
components (PC1 and PC4) according to the XGBoost classifier, as a function of the
band number. The bands with the strongest contributions to each component are red-
highlighted. Notice that the conversion from band number to wavelength follows a linear
relation, as the camera acquires 120 evenly spaced bands between 400 and 1000 nm.

[48, 60]. ARI1 also correlated strongly and positively with sugars, particularly reducing
sugars. Although ARI1 was originally developed for anthocyanin detection, it was only
weakly associated with anthocyanins in this dataset; therefore, the observed association
with sugars likely reflects shared co-variation with chlorophyll and overall leaf physio-
logical status. BNDVI showed strong negative correlations with total sugars, potentially
because absorption in the blue region (around 450 nm) is influenced by phenolics and
anthocyanins, which can covary with carbohydrate metabolism [50, 52]. Finally, NDVI
showed mixed associations: it was weakly negative with total sugars (𝑟 about −0.3) but
positive with reducing sugars (𝑟 about 0.5), suggesting that NDVI may track photo-
synthetic activity more closely (linked to reducing sugars as immediate photosynthates)
than longer-term carbohydrate storage [47].

4 Conclusions

This study shows that both nutrient-solution dilution (EC) and blue-light proportion
influence the growth and quality of lettuce cultivated in a vertical farming system, and
that their interaction contributes to shaping several responses. Higher EC accelerated
growth, although this did not consistently translate into higher yield, while blue light
modulated plant compactness. Across sampling times, clear treatment-dependent differ-
ences emerged for total sugars, reducing sugars, and nitrate concentration, highlighting
trade-offs between carbohydrate accumulation and nitrate content under contrasting
EC–light combinations.

Table 9 provides an overview of the correlation results between vegetation indices
and biochemical traits. Among these, the most consistent and physiologically inter-
pretable ones were: (i) NDRE strongly negative with anthocyanins and chlorophylls; (ii)
PRI positive with chlorophylls; (iii) NDWI970 strongly positive with the anthocyanins
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Figure 10: Heatmap of Pearson correlation coefficients between spectral indices and
chemical traits across treatments. Positive values indicate that increases in an index are
associated with increases in the corresponding trait, and vice versa. Values are reported
for both fresh weight (FW) and dry weight (DW) measurements.

and phenolic index; (iv) PSRI strongly negative with sugars and strongly positive with
carotenoid-to-chlorophyll ratio; (v) ARI1 strongly positive with sugars (particularly re-
ducing sugars) and strongly negative with carotenoid-to-chlorophyll ratio; (vi) GNDVI
strongly positive with total sugars and strongly negative with carotenoid-to-chlorophyll
ratio. These findings are consistent with the established spectral sensitivity of vegetation
indices but also reveal dataset-specific co-variations, such as the parallel increase of an-
thocyanins with water-related indices. The differentiation between chlorophyll 𝑎 and 𝑏
correlations with red-edge indices further highlights the spectral-physiological specificity
of light-harvesting pigments. Finally, it is worth noting that WBI also correlated posi-
tively with chlorophylls, especially in DW data, possibly reflecting co-variation between
pigment concentration and mesophyll hydration, suggesting that this index may provide
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complementary structural information beyond its established role as a water-related in-
dicator.

Table 9: Overview of the most relevant correlations between vegetation indices and
biochemical traits, with arrow directions reflecting the sign of the Pearson correlation
coefficient.

Index Main correlated traits Interpretation

NDRE ↓ Chlorophylls (especially Chloro-
phylls 𝑏), Anthocyanins, Phenolic
index, Carotenoids

Sensitive to red-edge shifts
due to total pigment content

PRI ↑ Chlorophylls Proxy for light-use efficiency
and xanthophyll cycle

NDWI970 ↑ Anthocyanins, Phenolic index Links pigment accumulation
with mesophyll hydration

PSRI ↓ Sugars, ↑ Car/Chl Marker of senescence

ARI1 ↑ Sugars (especially reducing sug-
ars),
↓ Car/Chl

Reflects anthocyanin–sugar
co-regulation and N–pigment
imbalance

GNDVI ↑ Total sugars, ↓ Car/Chl Greenness relates to carbo-
hydrate pools, decreases with
senescence

WBI ↑ Chlorophylls (especially DW) Co-variation of pigments and
mesophyll water content

BNDVI ↓ Sugars, ↑ Car/Chl Blue absorption by pheno-
lics/anthocyanins linked to
sugar metabolism

NDVI ↑ Reducing sugars, ↓ Total sugars Tracks immediate photosyn-
thetic activity versus carbohy-
drate storage

5 Data availability statement

The experimental data not explicitly reported in this paper, as well as the collected
images, are not publicly available. These data are subject to confidentiality restrictions
at the request of Agricola Moderna, which hosted the experimental activities. Access
may be granted upon request and with permission from Agricola Moderna.
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[15] J. A. Gamon, J. Peñuelas, and C. B. Field. A narrow-waveband spectral index that
tracks diurnal changes in photosynthetic efficiency. Remote Sensing of Environment,
41:35–44, 1992.

[16] D. A. Sims and J. A. Gamon. Relationships between leaf pigment content and
spectral reflectance across a wide range of species, leaf structures and developmental
stages. Remote Sensing of Environment, 81:337–354, 2002.

[17] Anatoly A Gitelson, Mark N Merzlyak, and Olga B Chivkunova. Optical properties
and nondestructive estimation of anthocyanin content in plant leaves¶. Photochem-
istry and photobiology, 74(1):38–45, 2001.

[18] C. S. T. Daughtry, C. L. Walthall, M. S. Kim, E. B. De Colstoun, and J. E.
McMurtrey. Estimating corn leaf chlorophyll concentration from leaf and canopy
reflectance. Remote Sensing of Environment, 74:229–239, 2000.

[19] Xavier A. Jaime, Jay P. Angerer, Chenghai Yang, Douglas R. Tolleson, Samuel D.
Fuhlendorf, and X. Ben Wu. Effects of prescribed fire on spatial patterns of plant
functional traits and spectral diversity using hyperspectral imagery from savannah
landscapes on the edwards plateau of texas, usa. Remote Sensing, 17(23):3873,
2025.
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